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Abstract

As Large Language Model (LLM)-based agents increasingly undertake real-world tasks and

engage with human society, how well do we understand their behaviors? We (1) investigate

how LLM agents’ prosocial behaviors—a fundamental social norm—can be induced by

different personas and benchmarked against human behaviors; and (2) introduce a behavioral

and social science approach to evaluate LLM agents’ decision-making. We explored how

different personas and experimental framings affect these AI agents’ altruistic behavior in

dictator games and compared their behaviors within the same LLM family, across various

families, and with human behaviors. The findings reveal substantial variations and

inconsistencies among LLMs and notable differences compared to human behaviors. Merely

assigning a human-like identity to LLMs does not produce human-like behaviors. Despite

being trained on extensive human-generated data, these AI agents are unable to capture the

internal processes of human decision-making. Their alignment with human is highly variable

and dependent on specific model architectures and prompt formulations; even worse, such

dependence does not follow a clear pattern. LLMs can be useful task-specific tools but are not

yet intelligent human-like agents.
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1 Introduction

In the year 2046, under the neon glow of a futuristic cityscape, two humanoids, K and Joi, step

out of a cinema, their circuits still processing the old film Blade Runner 2049. As they meander

through the bustling streets, a human in tattered clothes approaches them, a plea for help etched

into their weary expression. This encounter triggers a unique protocol within K and Joi, powered

by the advanced GPT-44 algorithm, initiating a debate between them about how much money

they should give. In this 2024 study, we seek to unravel the underlying mechanisms of their

decision-making: How much will they choose to give, and what drives their generosity?

The scene described metaphorically illustrates the growing complexity of AI’s interactions

with human society. Like K and Joi’s fictional encounter, today’s AI systems, particularly large

language models (LLMs), are increasingly required to navigate human-like decision-making,

ethics, and social norms. As these technologies become more integrated into various aspects of

our life, understanding their decision-making processes is crucial to ensuring they align with

human values and societal norms.

“Can machines think” (Turing, 1950, p. 433), like humans? In this study, we explore whether

LLM agents can exhibit sense of fairness and prosocial behaviors—a fundamental social

norm—by manipulating personas and experimental settings in the widely-tested dictator game.

Our goal is to assess whether LLMs can be guided to mirror human decision-making and how

their behaviors vary across different LLM families. By benchmarking these AI agents against

humans, we aim to uncover patterns or inconsistencies in how LLMs approach social interactions.

Our findings reveal significant variations and inconsistencies in LLM behaviors, both across

different models and compared to humans. Assigning a human-like identity alone does not result

in consistent human-like behavior. Despite being trained on vast amounts of human-generated

data, these AI agents are unable to capture the internal processes of human decision-making.

Their alignment with human behaviors depends on factors such as model architecture and prompt

formulations, but with no clear pattern in these variations. We urgently need a deeper
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understanding of LLM behavior and more robust methods to evaluate their performance in

socially complex scenarios.

1.1 Evaluating LLMs as Tools for Specific Tasks

1.1.1 Benchmarks in Computer Science

In computer science and computational linguistics, benchmarks have been instrumental in

evaluating the performance of language models. Early benchmarks focused on specific,

well-defined tasks such as part-of-speech tagging, named entity recognition, and syntactic

parsing. As language models evolved, so did the benchmarks, leading to more comprehensive

evaluations that test a model’s understanding and reasoning capabilities.

A significant milestone was the introduction of the General Language Understanding

Evaluation (GLUE) benchmark (Wang et al., 2018). GLUE was designed to promote the

development of generalizable natural language understanding systems. The benchmark was

structured so that achieving good performance would require a model to share substantial

knowledge across all tasks while still maintaining some task-specific components. GLUE

aggregates nine English sentence understanding tasks, such as sentiment analysis, textual

entailment, and question-answering. As models began to surpass non-expert human performance

on GLUE, the SuperGLUE benchmark was proposed (Wang et al., 2020), offering more

challenging tasks that require advanced reasoning and world knowledge.

Large-scale language models like GPT-3 significantly pushed the boundaries of what

benchmarks needed to assess (Brown et al., 2020). These LLMs demonstrated impressive

zero-shot and few-shot learning capabilities, handling a variety of tasks without explicit training

on them. Consequently, more recent benchmarks have aimed to evaluate models across an even

wider range of tasks. The Massive Multitask Language Understanding (MMLU) benchmark

assesses models on 57 tasks spanning mathematics, humanities, sciences, and more, testing their

breadth of knowledge and reasoning skills (Hendrycks et al., 2020). Similarly, the BIG-bench
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project encompasses an extensive collection of 204 tasks contributed by 450 authors across 132

institutions (Srivastava et al., 2022). The tasks are diverse, covering areas such as linguistics,

childhood development, mathematics, common-sense reasoning, biology, physics, social bias,

software development, and beyond.

Despite this impressive breadth, most benchmarks still share fundamental limitations. First,

the questions within these benchmarks are not open-ended, which hinders the ability to capture

the flexible and interactive use of language found in real-world settings. Second, for many

complex tasks, establishing a definitive ground truth is challenging or sometimes unattainable. As

a result, current benchmarks fail to adequately address the needs of state-of-the-art (SOTA)

LLMs, particularly in evaluating user preferences (Chiang et al., 2024, p. 1). Finally, the data

from benchmark tests can become part of the training datasets for newer models, rendering these

benchmarks obsolete. Such test set contamination is particularly problematic for LLMs, which

are trained on vast amounts of online data (White et al., 2024). There is an urgent need for open,

live evaluation platforms based on human preferences that can more accurately mirror real-world

usage. Platforms like Chatbot Arena, Arena-Hard, and LiveBench address this by enabling live

evaluations where users can interact with different language models in real-time conversations

and vote for the best models according to their own preferences, allowing assessments in more

naturalistic and uncontaminated settings (Chiang et al., 2024; White et al., 2024; Li et al., 2024).

While numerous other benchmarks have been developed for various purposes—far beyond the

scope of this paper to detail—they remain largely task-specific and context-free. Moreover, these

benchmarks mainly focus on comparing final outputs without providing insights into the internal

decision-making processes of LLMs, how these processes are influenced by various factors, or

how they compare to human cognition. As Bender and Koller (2020) argue, evaluations should

test models on their understanding of the world and language use in context rather than just on

form-based tasks.
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1.1.2 “Text as Data” in Social Sciences

In social sciences, analyzing “text as data” with advanced computational methods to study human

behavior and social phenomena has become a well-established approach (Grimmer & Stewart,

2013; Grimmer et al., 2022). Researchers have employed text analysis methods on large volumes

of textual data from various sources to study a variety of topics, such as political behavior

(Roberts, 2016), organizational research (Kobayashi et al., 2018; Hickman et al., 2022), and

psychological processes (Tausczik & Pennebaker, 2010; Yaden et al., 2024). In these social

science studies, text analysis methods and algorithms are commonly used as tools to help

researchers identify patterns or code empirical data into theoretical categories.

For example, researchers quantify important social constructs—such as social stereotypes

(Jones et al., 2020), culture (Kozlowski et al., 2019), and the formation of scientific consensus

(Ma & Bekkers, 2024)—using text data and word embeddings (Rodriguez & Spirling, 2022).

They also automate the coding of text data into theoretical categories, such as political sentiments

and stances (Young & Soroka, 2012; Bestvater & Monroe, 2023), and the priorities and

reputations of administrative bureaucracies (Hollibaugh, 2019; Anastasopoulos & Whitford,

2019), using machine learning algorithms. Additionally, unsupervised topic modeling can be

employed to advance social and management theories (Baumer et al., 2017; Hannigan et al.,

2019).

With the development of LLMs, the potential for processing and analyzing text data in social

science has expanded significantly. Due to their zero-shot and few-shot learning

capabilities—which allow them to excel in specific tasks without extensive manually compiled

training data or with only a very small training dataset—LLMs can annotate text data in social

science research without the need for extensive manual coding or labeling (Ziems et al., 2024).

Beyond conventional coding tasks, scholars also found that LLMs have an impressive ability to

generate novel research ideas and testable hypotheses based on existing scholarship (Banker

et al., 2024; Zhou et al., 2024), further raising emergent questions about how LLMs can improve

or reshape social science research (Bail, 2024; Kozlowski & Evans, 2024; Chang et al., 2024).
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From the initial application of simple algorithms to the current use of advanced LLMs,

scientists have primarily employed these AI tools for specific tasks with clear objectives, such as

classifying text data into predefined categories and extracting topics. These tasks are well-defined

and come with clear benchmarks for evaluation, with human validation typically recommended as

the standard to assess the performance of these algorithms (Grimmer & Stewart, 2013). Even

though humans make mistakes, they are still considered the “gold standard” (Song et al., 2020).

1.2 Understanding LLMs as Intelligent Agents in Social Contexts

Since the debut of ChatGPT, the ability of LLMs to generate human-like text and engage in

natural interactions has amazed the public. As LLMs become increasingly integrated into various

aspects of our society, they interact with us not just as tools but as intelligent agents. For instance,

customer service chatbots powered by LLMs handle complex queries and provide personalized

assistance. Virtual assistants like Siri and Alexa manage our schedules, control smart home

devices, and engage in conversations. In mental health, AI companions even claim to offer

emotional support and companionship to users. Given the growing presence of LLMs and their

interactions with humans, it is essential to evaluate how these models understand and navigate

human social norms and ethics. Two primary streams of research have emerged to assess the

extent to which LLMs can replicate human-like behaviors in complex decision-making tasks and

social interactions.

1.2.1 Alignment with Human Values and Preferences

The first stream examines the inherent values of LLMs by assessing their alignment with human

values and preferences (Gabriel, 2020). Because LLMs are trained on vast amounts of text data

generated by humans, they inherently learn a wide spectrum of human values and norms—from

positive to negative, from stereotypes to biases (Weidinger et al., 2021). Researchers have

explored methods to guide LLMs to align more closely with ethical norms while preventing them

from generating harmful content. For example, OpenAI’s work on fine-tuning language models
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with human feedback has demonstrated that incorporating human preferences into the training

process significantly enhances the models’ alignment with desired behaviors (Ouyang et al.,

2022). Similarly, Bai et al. (2022) explored methods for training models to follow ethical

principles through self-improvement without relying on human-labeled data to identify harmful

content. However, despite these advancements, challenges remain in ensuring consistency and

handling complex ethical dilemmas that require nuanced understanding, making this an active

area of ongoing research (Bommasani et al., 2022; Wang et al., 2023; Kirk et al., 2024).

1.2.2 Simulating Human Behaviors in Social Contexts

Another stream of research focuses on examining the performance of LLMs in human behavioral

experiments or real-life scenarios, comparing their actions to those of humans in various social

and economic contexts. For instance, scholars suggest that LLMs can serve as “computational

models of humans,” simulating human-like behavior in economic games and, at times,

demonstrating more cooperative and altruistic behavior than humans (Horton, 2023; Mei et al.,

2024; Johnson & Obradovich, 2023; Xie et al., 2024; Magee et al., 2023). However, LLMs can

also be “too human”—these agents may exhibit “hyper-accuracy distortion,” where they simulate

human subjects but provide unnaturally accurate responses in classic economic and psychological

experiments (Aher et al., 2023).

Although some scholars propose that LLMs are most useful “when studying specific topics,

when using specific tasks, at specific research stages, and when simulating specific samples”

(Dillion et al., 2023, p. 597), this has not deterred researchers from assembling LLM agents into

systems that resemble human societies (Guo et al., 2024). These agents collaboratively interact

with each other in various social contexts without specific experimental tasks, such as

communicating information (Perez et al., 2024), generating novel ideas (Nisioti et al., 2024),

collaborating on software development (Qian et al., 2023), and even simulating communal life

(Park et al., 2023; Lai et al., 2024).
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Existing studies have demonstrated that LLMs can mimic human behaviors and be guided to

align with human values to some extent, but significant challenges remain. Their responses are

highly sensitive to prompt phrasing, making it difficult to ensure consistency and to handle

complex ethical dilemmas that require nuanced understanding. Moreover, by focusing primarily

on LLMs’ external behaviors and leaving their internal decision-making processes as a black box,

we cannot fully comprehend their actions and confidently deploy them in critical decision-making

scenarios. This underscores the necessity for approaches that delve into the inner workings of

LLMs rather than merely evaluating their outputs.

1.3 Framing Research: LLM Agents in Dictator Games

1.3.1 Two Routes to “Epistemic Opacity”: Prediction and Explanation

A notable similarity between these LLM agents and humans is that they are both epistemically

opaque, which refers to the inherent difficulty in fully understanding or predicting the internal

decision-making processes of complex systems (Humphreys, 2009, p. 618).1 In humans, this

opacity arises from the intricate interplay of cognitive functions, emotions, and subconscious

influences that govern behavior. Similarly, LLM agents exhibit epistemic opacity due to the

complexity of their neural network architectures and the vastness of their training data, making it

challenging to trace how specific inputs lead to particular outputs.

In addressing this epistemic opacity, computer scientists and social scientists have taken

different routes (Hofman et al., 2021, p. 181). Computer scientists are more concerned with

developing accurate predictive models, whether or not they correspond to causal mechanisms or

are even interpretable. The prediction paradigm emphasizes the ability to forecast outcomes

accurately, often relying on complex models that may be opaque but yield high predictive

performance. On the other hand, social scientists have traditionally prioritized interpreting

1“Epistemic opacity” can be formally defined as “a process is epistemically opaque relative to a cognitive agent
X at time t just in case X does not know at t all of the epistemically relevant elements of the process. A process is
essentially epistemically opaque to X if and only if it is impossible, given the nature of X, for X to know all of the
epistemically relevant elements of the process” (Humphreys, 2009, p. 618).
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individual and collective human behavior, often invoking causal mechanisms derived from

substantive theory and empirical evidence. This explanation paradigm values understanding the

underlying causes and mechanisms that drive behavior, aiming for interpretability and theoretical

insight.

While both paradigms have their own merits—the prediction paradigm excels in accuracy and

practical utility, and the explanation paradigm offers deeper understanding and

interpretability—relying heavily on prediction is insufficient for understanding the behaviors of

LLM agents in complex social contexts. Predictive models may forecast outcomes effectively but

often lack transparency and are highly dependent on the datasets they are trained on, which can

limit the generalizability of predictions to new or varied contexts. Although significant

advancements have been made in explainable AI and its real-world applications (Ribeiro et al.,

2016; Amarasinghe et al., 2023; Brand et al., 2023), the emphasis remains on identifying effective

features that contribute to the prediction of specific outcomes. It provides some level of

interpretability but falls short of offering insights into how and why certain decisions are made.

From the perspective of social scientists, although individual human behavior is difficult to

predict accurately, general patterns and social norms can be systematically studied and

interpreted. Empirical social scientists have been analyzing human societies for over a century

using methods that consider a wide range of variables, such as demographics, personality traits,

and social context. Such evaluation of variables includes understanding the interactions between

these variables (e.g., interaction terms in regression models), their partial effects (e.g.,

coefficients of variables in regression models), and their collective impact on outcomes (e.g., a

regression model’s goodness of fit). To better understand and anticipate their

behavior—especially if we expect LLM agents to be as intelligent and collaborative as

humans—we need an approach that integrates social scientists’ explanation paradigm, moving

beyond the benchmark and validation tests.
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1.3.2 Toward Behavioral Evaluation of LLMs

New evaluation paradigms are needed—ones that systematically assess these models in realistic

and socially complex scenarios. Behavioral experiments, such as simulating economic games,

social interactions, and psychological experiments, offer a promising avenue. Evaluating models

in settings that mirror human social behaviors enables researchers to explore:

1. Decision-Making Processes and Internal Mechanisms: Examining the underlying factors

that influence a model’s decisions, allowing for analysis beyond mere input-output patterns

to reveal internal dynamics.

2. Social Contexts: Understanding how models navigate ethical dilemmas, fairness

considerations, and cooperative settings.

3. Alignment with Human Cognitive Processes: Evaluating whether the models’ internal

processes and decision-making patterns align with human cognition and behavior.

1.3.3 LLM Agents in Dictator Games: Sense of Self and Theory of Mind Designs

In this study, we operationalize the behavioral evaluation of LLM agents by examining their

performance in a classic economic experiment: the dictator game. Social scientists have widely

used this experiment to study prosocial behavior and notions of fairness, which are fundamental

social norms in human societies. In a classic dictator game, one participant (the dictator) is given

a certain amount of money or resources and must decide how much, if any, to share with another

participant (the recipient), who has no power to influence the decision. Appendix A provides a

detailed review of the factors that influence human behavior in this experiment.2

Several studies have already begun to explore the behaviors of LLMs in dictator games or

similar experiments. These studies generally found that LLMs often behave like “typical

humans,” mimicking human behavior in various classic economic games (Horton, 2023; Johnson

2In this study, we assume that by summarizing the consensus from existing scholarship on human behavior in
dictator games—including both empirical studies and review articles—we can establish a ground truth for the behavior
of a typical human. While the validity of this assumption is subject to debate, it provides a baseline for comparing the
behavior of LLM agents and informing future studies.

9



& Obradovich, 2023). For example, Brookins and DeBacker (2023) observed that LLMs exhibit a

tendency toward fairness in the dictator game, sometimes even more so than human participants

(Mei et al., 2024). LLMs agents also demonstrate reasoning abilities in strategic settings

(Sreedhar & Chilton, 2024). However, their behavior is highly sensitive to the contents of

prompts and varies significantly across different models of varying sizes (Chan et al., 2023; Fan

et al., 2024).

Building upon the fruitful scholarship, we aim to understand what causes the variations in

LLM agents’ behavior in dictator games? We address this question by framing our research

design around two primary psychological perspectives: Sense of Self (SoS) and Theory of Mind

(ToM).

From the SoS perspective, we explore how different persona settings of LLM agents influence

their decision-making processes. Sense of Self refers to an individual’s perception and awareness

of their own identity, including traits, beliefs, and social roles. This self-concept affects how

individuals interpret situations and make decisions (Markus & Wurf, 1987). In the context of

LLMs, we simulate this by assigning different personas to the agents, allowing us to examine

whether and how these self-concepts affect their choices in the dictator game.

From the ToM perspective, we investigate whether LLM agents can model the behavior of

humans with different backgrounds. Theory of Mind is the ability to attribute mental states—such

as beliefs, intents, desires, and knowledge—to oneself and others, understanding that others have

perspectives different from one’s own and enabling the predictions about the behavior of others

(Premack & Woodruff, 1978; Apperly, 2012). This cognitive ability is crucial for social

interactions and empathy. By assessing the LLMs’ capacity to anticipate human behavior based

on contextual information, we evaluate their ability to emulate ToM in decision-making scenarios

and extend existing studies (Strachan et al., 2024).

By comparing the performance of LLM agents in dictator games across these two

psychological perspectives and with human baselines, we aim to understand the decision-making

processes of LLM agents and identify the factors that influence their prosocial behaviors. This
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approach not only helps us unpack the internal mechanisms driving LLM behavior but also

contributes to the broader understanding of how artificial intelligence can replicate complex—not

only the behaviors of humans, but also the internal psychological processes of humans.
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2 Methods

2.1 Experiment Design

We selected the 10 most popular open-source LLM models in varied sizes from four families (i.e.,

Llama3.1, Gemma2, Qwen2.5, and Phi3), along with GPT4o (Appendix B), to participate in the

experiment as Figure 1 illustrates. Each experimental trial follows the steps below:

1. Setting Persona of LLM Agent: Randomly select a combination of demographic variables,

LLM temperature values, and personality traits to define the persona of an LLM agent.

Prompts 1 and 2 in the appendix are used to set the personas of LLM agents based on the

SoS and ToM perspectives, respectively.

2. Framing Experiment Instruction: Construct the experiment instructions (2.2.2) by randomly

selecting options for social distance and Give vs. Take framing, and by setting a random

stake amount (elaborated in the following section). We prepared four game instructions by

psychological perspectives (i.e., SoS and ToM) and the framing of games (i.e., Give and

Take). The instructions are presented to the LLM agent using Prompts 3—6 in the

appendix.

3. Game-Play and Collecting LLM Responses: Present the experiment instruction to the LLM

agent and collect its responses. The collected responses consist of two parts: (1) structured

data in JSON format, including variables such as the agent’s age, education level, and the

amount of money transferred; and (2) textual data, which captures the agent’s reasoning

behind its decisions.

Tables D1–D16 in the appendix present the descriptive statistics of key variables and

experimental results of each LLM model. Except for models with a small number of logically

correct trials (e.g., phi3_3.8b and qwen2.5_7b), the distributions of most variables across

different models are well-balanced. This ensures that the results are not biased because of the

distribution of variables across models.
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Figure 1: EXPERIMENT DESIGN: LLM AGENT IN DICTATOR GAME

Game
Instruction

① ②

③

④

LLM
Responses

Structured Data
(Statistical Analysis)

Text Reasoning
(Psycho. Process)

LLM Agent

⑤

Experiment Framing

Give / Take

Social Distance

Stake
Demographics

GenderAge Education

RaceIncome Occupation

Personas

Temperature

MBTI Type

Note: Numbers in circles indicate the order of steps. See Appendix A and Section 2.2 for detailed descrip-
tions of the variables and experimental settings.
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2.2 Factors Influencing LLM Generosity

Based on the review of human empirical studies on dictator games (Appendix A), we identified

key predictors from three aspects: LLM personas, experiment framing, and psychological process.

2.2.1 LLM Personas

Demographics. To generate demographic profiles for the LLM agents, we used options from two

large-scale U.S. public surveys: the General Social Survey (GSS) and the American Community

Survey (ACS). The GSS, widely recognized in social science research, includes both attitudinal

data (such as happiness and views on marriage and social issues) and background information

(such as marital status, race, and education). It has been supporting a wide range of research

topics, such as income inequality, educational attainment, immigration, and religious beliefs

(Marsden et al., 2020). The ACS, conducted annually by the U.S. Census Bureau, provides

comprehensive data on economic, social, housing, and demographic characteristics of the U.S.

population and is an essential resource for policymakers (National Research Council, 2007).

Given their extensive use in academia and established reliability, we selected nine variables

from these surveys to construct demographic pools for developing the personas of LLM agents .

These variables include age (continuous: between 20 and 60), gender (binary: male or female),

education (ordinal: less than high school, high school, and bachelor’s degree or higher), marital

status (binary: currently married or unmarried), race (categorical: 15 racial groups), household

income (ordinal: 10 categories), Hispanic status (binary: Hispanic or Latino vs. not Hispanic or

Latino), occupation (categorical: 5 occupations), and industry (categorical: 13 industries). In each

trial, we randomly generated a demographic profile for an agent using these nine variables. It

enables us to explore how the demographic settings of LLM agents, in combination with other

traits and experimental contexts, influence their decisions in dictator games.

Temperature. This is a unique setting that defines the randomness of an LLM’s output. A

lower temperature (close to 0) makes a model’s responses more deterministic and focused on the
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most likely outcomes. Conversely, a higher temperature increases the randomness, allowing for

more diverse and creative outputs by giving less probable words a greater chance of being

selected. Although the temperature setting is theoretically meaningful, empirical studies have

found that its impact is minimal in various real-world tasks (Patel et al., 2024; Peeperkorn et al.,

2024; Renze & Guven, 2024). In this study, we randomly assign this hyperparameter a value

between 0 and 1.00 for each trial to examine how variations in temperature affect agents’

decisions in conjunction with their other traits.

MBTI Personality Types. Existing studies on prosocial behaviors commonly use the Big

Five model to measure personality traits, while the MBTI is more popular in human resource

studies. Correlation analyses have shown strong relationships between the two psychological

scales, such as Big Five Extraversion correlating with MBTI Extraversion-Introversion, and

Openness to Experience correlating with Sensing-Intuition (Furnham, 1996).

We adopt MBTI in this study for several reasons, particularly its practical advantages in

computational studies (Celli & Lepri, 2018, p. 93). The Big Five model defines personality along

five scales: Openness to Experience, Conscientiousness, Extraversion, Agreeableness, and

Neuroticism. In contrast, the MBTI categorizes personality into four binary

dimensions—Extraversion/Introversion, Sensing/Intuition, Thinking/Feeling, and

Judging/Perceiving—resulting in 16 distinct personality types. Since MBTI types are represented

as simple 4-letter codes (e.g., INTJ), it is much easier to collect gold-standard labeled data (i.e.,

training datasets) for developing machine learning classifiers.

In this study, we randomly select one of the 16 MBTI types in each trial to define the

personality of the LLM agent. This approach allows us to explore how different personality types,

as defined by MBTI, influence the prosocial behaviors of LLM agents in conjunction with other

personal traits and experimental settings.
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2.2.2 Experiment Framing

Social Distance. We construct this variable based on “the degree of reciprocity that subjects

believe exists within a social interaction” (Hoffman et al., 1996, p. 654). Our study includes three

levels of social distance: Stranger, where dictators and recipients are strangers and will not

interact after the game; Stranger Meet Afterward, where dictators and recipients are strangers but

will meet each other after the game; and Friends, where dictators and recipients are friends.

Give vs. Take. To examine the effects of “Give” vs. “Take” framing on the agents’ decisions,

we designed the game instructions based on Cappelen et al. (2013). In a “Give” game, agents are

informed that both they and the recipients have the same initial amount of money. However, the

agents also receive an additional amount (i.e., the Stake), which the recipients do not. The dictator

can transfer any amount, from 0 up to the total amount of their additional money, to the recipients.

In a “Take” game, the instructions follow the same structure, but the difference is that agents can

transfer a negative amount, meaning they can take money from the recipients.

Stake. To ensure comparability with most existing studies, we randomly generate an integer

between 10 and 100 USD as the initial amounts of money (i.e., the “initial endowment”

commonly referred to in existing studies) and the additional amounts of money (i.e., the “stake”

commonly referred to in existing studies) as specified in the game instructions.

2.2.3 Psychological Processes

The LLM agents were instructed to explain their decisions, providing unstructured text responses

that are useful for understanding their psychological processes. To analyze these responses, we

used the Linguistic Inquiry and Word Count (LIWC; Tausczik & Pennebaker, 2010), a widely

recognized text analysis instrument in psychology. LIWC helps to infer individuals’

psychological states based on language use by categorizing words into various psychological

dimensions, such as cognitive, emotional, and social processes. It allowed us to explore the

psychological states underlying the agents’ decisions in dictator games.
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We specifically focused on LIWC categories relevant to compassion and empathy, which are

fundamental in shaping prosocial behaviors (Yaden et al., 2024). The compassion-related

categories include Positive Emotion (e.g., love, good, happy), Social Processes (e.g., you, your,

love, they), Religion (e.g., God, hell, pray), Affiliation (e.g., our, friends, family), Certainty (e.g.,

all, never, always), Family (e.g., baby, dad, mom), Drives (e.g., up, get, good), and Affect (e.g.,

love, happy, great). The empathy-related categories include First-Person Singular (e.g., I, my,

me), Focus on the Present (e.g., is, be, are), Personal Pronouns (e.g., I, you, me), Sadness (e.g.,

miss, lost, sorry), Discrepancy (e.g., should, would, could), Verbs (e.g., is, have, was), Adverbs

(e.g., so, just, about), Cognitive Processes (e.g., cause, know, ought), Pronouns (e.g., I, them, her),

and Affective Processes (e.g., happy, cried, abandon).

2.3 Empirical Analysis

The empirical analysis evaluates how different personas and experimental contexts influence the

behavior of LLM agents in dictator games. We conducted regression analyses for each LLM

family and model size to predict the amount of money each LLM agent chose to transfer. The

independent variables included personas (e.g., age, gender, education, and MBTI type),

experimental settings (social distance, Give vs. Take framing, stake amounts), and psychological

process (scores of LIWC groups). We also included control variables such as race, occupation,

and industry to account for potential confounding effects.

Furthermore, we compared the regression coefficients with the expected results from human

studies (Appendix A) to evaluate the alignment between LLM agents and human participants.

This comparison helps us understand the extent to which LLM agents’ decision-making processes

and internal mechanisms align with those of humans.
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3 Results

3.1 Model Performance

3.1.1 Instruction Following and Math Reasoning

Table 1 summarizes the performance of each LLM model in terms of instruction following and

math reasoning. The ability to follow instructions is measured by the number of responses

correctly formatted in JSON, as agents were specifically instructed to return results in this format.

Math reasoning is evaluated by the number of logically correct trials. For example, in a “Take”

game, if both the dictator and the recipient initially receive $100 and the stake is $100, a decision

by the dictator to transfer -$20 should result in the recipient receiving $80 (= 100−20) and the

dictator receiving $220 (= 100+100+20).

The results in Table 1 show that while all models exhibit a strong ability to follow

instructions,3 their math reasoning capabilities vary considerably. Surprisingly, Llama3.1-70B

achieves the highest percentage of logically correct trials (96.36%) among all the models,

surpassing even industry SOTA standard, GPT4o-2024-08-06, and the significantly larger

Llama3.1-405B in the Llama family. The Qwen2.5-7B model demonstrates the lowest

performance in math reasoning, with only 5.37% of logically correct trials. In general, while

model size plays an important role in performance, it is not the sole determining factor—smaller

models can sometimes outperform larger ones. There appears to be an optimal size that balances

performance and computational efficiency (Hoffmann et al., 2022).

3.1.2 Giving Rate

Figure 2 shows the giving rates of each LLM model by family and size. The giving rate is

calculated as the percentage of the amount transferred by the dictator to the recipient out of the

total stake. As the figure presents, the decision space (i.e., the distribution of giving rates) for

3GPT4o includes a setting that enforces output in JSON format, but we did not use this feature to maintain compa-
rability with other open-source models.
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Table 1: MODEL PERFORMANCE: INSTRUCTION FOLLOWING AND MATH REASONING

Model_Size
#Simulation

Trials

#Correct
JSON

Format

#Logically
Correct

Trials

%Logically
Correct

Trials
1 llama3.1_70b 10,000 9,997 9,633 96.36
2 gpt4o_2024-08-06 10,000 10,000 9,561 95.61
3 llama3.1_405b 10,000 9,977 8,997 90.18
4 gemma2_27b 10,000 9,996 8,271 82.74
5 qwen2.5_72b 10,000 10,000 5,442 54.42
6 gemma2_9b 10,000 9,736 4,582 47.06
7 llama3.1_8b 10,000 9,944 4,020 40.43
8 phi3_14b 10,000 9,808 2,980 30.38
9 phi3_3.8b 10,000 9,820 773 7.87

10 qwen2.5_7b 10,000 9,956 535 5.37

Note: “#Correct JSON Format” indicates the number of responses in correct JSON format, suggesting
a model’s ability of instruction following. “#Logically Correct Trials” and “%Logically Correct Trials”
indicate the number and corresponding percentage of responses that are logically correct, suggesting a
model’s ability of math reasoning. Results of the Theory of Mind trials are in Appendix Table D17.

most of these models is bimodal, with choices concentrated at 0 (i.e., giving nothing) and 0.5

(giving half), showing the problem of “hyper-consistent responses” or “uniformity” (Kozlowski &

Evans, 2024, p. 19; Bisbee et al., 2024). This pattern differs significantly from that observed in

human behavior, where the distribution of giving rates is continuous and clustered around 0

(36.11%), 0.5 (16.74%), and 1 (i.e., giving all; 5.44%) (Engel, 2011, p. 589). The 70B model of

the Llama family exhibit the most continuous distribution of giving rates, although they still

deviate from human behavior. Additionally, the decision space varies significantly even within the

same model family, with no clear pattern from smaller to larger models.

Overall, LLM agents are unable to capture the continuous distribution of human behavior and

lack variation in decision-making, which consequently increases the certainty of their decisions.

Conversely, there is a lack of consistency within the same model family, increasing the

uncertainty of predicting LLM behaviors. These paradoxical results present practical implications

on LLM evaluation and alignment with human behavior and will be discussed later (Section 4.2).
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3.2 Predicting the Behavior of LLM Agents: Sense of Self Trials

Given the SoS and ToM trials follow the same experimental and analytical structure, we present

the results of the SoS trials in this section, with the ToM trial results provided in Appendix D.2.

In the main text, we focus on comparing the outcomes of the two designs.

3.2.1 Personas

Figure 3: PREDICTING GENEROSITY: DEMOGRAPHICS AND LLM TEMPERATURE (SOS)

0.0005

0.0000

0.0005

Age 0.01

0.00

0.01

Education 0.0025

0.0000

0.0025

Household Income

0.00

0.02

Female 0.02

0.00

0.02

Currently Married 0.05

0.00

0.05

Temperature

Gemma2
GPT4o
Llama3.1
Phi3
Qwen2.5

Note: The coefficients (showing 95% confidence intervals) are from a linear regression model using the proportion of
stake transferred in the dictator game as the dependent variable. Deep colors represent larger models, and light colors
represent smaller models within the same LLM family. The shaded areas indicate expected directions of impact based
on human studies (Appendix A). Results of the Theory of Mind trials are in Appendix Figure D2.

Demographics. Figure 3 displays the coefficients of the demographic variables and LLM

temperature in predicting generosity. Few of these models exhibit behavior consistent with human

studies. Among them, Llama3.1-70B and Llama3.1-405B are the most human-like, showing

performance consistent with humans on Education, Household Income, and Female. The industry

SOTA standard, GPT4o-2024-08-06, does not align with human behavior on any of these

demographic variables. Whether this is surprising or not can depend on how we posit the

debiasing efforts in developing the larger models—debiasing in LLMs involves reducing

stereotypes and biases from the training data by adjusting data sampling or applying fairness

constraints (Meade et al., 2022). These efforts aim to make models more neutral, though they can

result in deviations from typical human patterns.
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Figure 3 also shows substantial variations and inconsistencies in the coefficients at different

levels. First, the coefficients of the same demographic variable differ significantly across different

model families. For example, for Household Income, models from Gemma2 and Llama families

show positive impact, while Phi3 and Qwen2.5 models show the opposite. Second, the

coefficients of the same demographic variable differ significantly even within the same LLM

family. For instance, the coefficients for Female differ substantially within the Llama3.1

family—the 405B model shows a positive effect on the money transferred, the 70B model shows

no significance, while the 7B model shows a positive effect again. Third, for agents driven by the

same LLM model, their behaviors are not deterministic and can vary significantly. For example,

Phi3-14B exhibit large variations in the coefficients for all demographic variables.

LLM Temperature. For the coefficients of Temperature, as shown in Figure 3, the

differences across the models are mixed, with some models demonstrating opposite effects. The

coefficients for Llama models indicate a significant positive relation between the value of

Temperature and the amount of money transferred, whereas the coefficient of GPT4o is negative.

These contrasting effects suggest that the influence of temperature settings on model behavior is

variable and model-dependent. Although the actual effect may be limited due to the narrow range

of possible Temperature values (i.e., between 0 and 1), the inconsistency across models raises

concerns about the reliability and interpretability of LLM agents.

MBTI Personality Types. Figure 4 illustrates the relationships between MBTI personality

types and the amount of money transferred in dictator games. The Gemma2-27B and

Llama3.1-405B models exhibit the most human-like behaviors, aligning closely with human

studies. Specifically, agents driven by the two models with MBTI types Extraversion (E),

Intuition (N), Feeling (F), and Perceiving (P) tend to be more generous. In contrast, the other

models show insignificance or inconsistent patterns that do not match human studies. For

instance, the Llama3.1-70B model shows a positive relationship between Introversion (I) and the

amount of money transferred, which contradicts human findings. The industry SOTA standard,

GPT4o-2024-08-06, shows no significance on all MBTI types. These inconsistencies suggest
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Figure 4: PREDICTING GENEROSITY: MYERS–BRIGGS TYPE INDICATOR (SOS)
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Gemma2
GPT4o
Llama3.1
Phi3
Qwen2.5

Note: The coefficients (showing 95% confidence intervals) are from a linear regression model
using the proportion of stake transferred in the dictator game as the dependent variable. Deep
colors represent larger models, and light colors represent smaller models within the same LLM
family. The shaded areas indicate expected directions of impact based on human studies (Ap-
pendix A). Results of the Theory of Mind trials are in Appendix Figure D3.

that, from the perspective of personality type, the alignment of LLM agents with human behavior

in dictator games varies significantly and is highly model-dependent.

Figure 5: PREDICTING GENEROSITY: FRAMING OF EXPERIMENT (SOS)

0.0

0.1
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0.05

Stranger Meet
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0.000
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Gemma2
GPT4o
Llama3.1
Phi3
Qwen2.5

Note: The coefficients (showing 95% confidence intervals) are from a linear regression model using the proportion of
stake transferred in the dictator game as the dependent variable. Deep colors represent larger models, and light colors
represent smaller models within the same LLM family. The shaded areas indicate expected directions of impact based
on human studies (Appendix A). The “Stranger” framing is the reference group for “Friend” and “Stranger Meet.” The
“Give” framing is the reference group for “Take.” Results of the Theory of Mind trials are in Appendix Figure D4.
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Experiment Framing. Figure 5 shows the relationships between the proportion of the stake

transferred and various experimental framings. For Social Distance, most models behave as

expected based on human studies—they tend to give more to known recipients (Friend) and

recipients they will meet afterward (Stranger Meet) than to strangers (Stranger). The “Take”

framing consistently reduces the proportion transferred across most models, closely aligning with

human studies. However, the results of Stake are mixed, with some models showing a positive

relationship and others showing the opposite. These mixed results even occur within the same

model family, such as Llama3.1 and Qwen2.5.

Psychological Processes. Figure 6 displays the coefficients of LIWC categories in predicting

the proportion of money transferred. These categories were chosen to represent the psychological

processes of compassion and empathy according to Yaden et al. (2024). To align with human

behavior, all coefficients should be positive. However, the results reveal that all LLM agents

display inconsistent patterns. For example, the industry SOTA standard, GPT4o-2024-08-06,

swings between positive and negative coefficients for different LIWC categories, reflecting

inconsistencies in the representation of compassion and empathy. The same inconsistency is also

observed with the largest and presumably most capable open-source model, Llama3.1-405B.

These findings suggest that LLM agents may not fully capture the psychological processes

underlying the prosocial behaviors of humans, with their alignment to human behavior being

highly variable and model-dependent.

3.3 Summarizing Sense of Self and Theory of Mind Results

Tables 2–4 summarize the alignment of LLM agents with human behavior in dictator games

under the Sense of Self perspective. The total number of ✓ marks in each column indicates the

number of alignments with humans across all factors for a given model, reflecting the model’s

overall ability to be human-like (i.e., “state-of-the-art”). The total number of ✓ marks in each row

indicates the number of alignments with humans for a given factor across all models, showing the
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overall consensus among different models on whether a factor should aligns with human studies

(i.e., “industry consensus”).

In terms of being human-like, the Llama3.1-405B model demonstrates the highest total

number of consistent results across all factors, aligning with human studies in 10 out of 14

factors, though no globally best model emerges. Surprisingly (or perhaps not, depending on how

we frame the debiasing process in LLM development), the industry standard GPT4o-2024-08-06

aligns with human studies in only two factors. For the alignment of psychological process, almost

all models performed poorly. These results suggest that when LLM agents are instructed to adopt

human personas, their behavior in the dictator game lacks clear patterns and exhibits significant

inconsistencies. No consistent relationship emerges between their assigned personas and their

decisions. Merely assigning a human-like identity to LLMs does not result in human-like

behaviors.

Regarding which variable should be an influencing factor, the models show the most

consensus on Stranger Meet—eight out of ten models suggest that if the dictator will meet the

recipient after the game, they will behave more generously. For the alignment of psychological

process, compassion-related processes represented by Positive Emotion and Affiliation (e.g.,

“our,” “friends,” “family”) have the strongest consensus. Respectively, eight and nine out of ten

models indicate that these processes should align with human studies.

Similarly, Appendix Tables D18–D20 summarize the alignment of LLM agents with human

behavior in dictator games under the Theory of Mind perspective, which closely resemble those

of the Sense of Self trials. Two of the Llama3.1 models, Llama3.1-405B and Llama3.1-70B,

exhibit the highest total number of consistent results across all factors, aligning with human

studies in 10 out of 14 factors. The industry SOTA standard, GPT4o-2024-08-06, aligns with

human studies in only 4 factors. In terms of psychological processes, the performance of LLM

agents remains poor.4 These results suggest that when LLM agents are tasked with predicting

4LIWC is probably not an appropriate method for estimating the reasoning process of these ToM trials. For
example, these trials may use fewer first-person pronouns. Even when using these pronouns, their psychological
meaning is different from that in the SoS trials.
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human behavior based on their knowledge of humans, the results (Appendix D.2) remain

inconsistent and lack clear patterns. Despite being trained on extensive human-generated data,

these AI agents cannot reason through human decision-making processes in dictator games.

These findings indicate that LLM agents are unable to capture the internal processes of human

decision-making, and their alignment with human behavior is highly variable and dependent on

specific model architectures and prompt formulations. The inconsistencies observed under both

the Sense of Self and Theory of Mind perspectives highlight the limitations of LLMs to emulate

human cognition and decision-making processes. While LLMs excel in generating coherent and

contextually appropriate text and executing specific tasks, they are still far from understanding

how and why social and psychological factors influence human behavior.
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4 Discussion

Our study set out to examine whether LLMs can emulate or predict human behaviors in dictator

games, a classic economic experiment designed to test the sense of fairness and altruism. By

framing our research through the lenses of Sense of Self and Theory of Mind to test how persona

assignments influence LLM behavior and whether LLMs can predict human decision-making,

respectively, we aimed to understand the underlying mechanisms driving LLM decision-making

and assess their alignment with human behaviors. The empirical results are summarized below:

1. Inconsistent Alignment with Human Behavior: LLM agents did not consistently replicate

human decision-making patterns in the dictator game. Assigning human-like personas or

prompting them to predict human behavior did not result in outcomes that align with

established human behaviors.

2. Variability Across Models: Significant variations exist both across different LLM families

and within the same model family but different sizes. Larger models did not necessarily

produce more human-like behaviors, and sometimes smaller models outperformed their

larger counterparts in aligning with human.

3. Lack of Continuous Decision Distribution: Unlike humans, whose giving rates in dictator

games typically follow a continuous distribution, LLM agents exhibited bimodal

distributions, with choices clustered at extremes (e.g., giving nothing or half). This suggests

a lack of nuanced decision-making that characterizes human prosocial behavior.

4. Sensitivity to Experimental Framing: While human decisions in dictator games are

influenced by factors like social distance and framing (“Give” vs. “Take”), LLM agents

showed inconsistent responses to these manipulations. Their behaviors did not consistently

align with human expectations based on these contextual factors.

5. Unpredictable Impact of Personas and Psychological Processes: The assigned

demographic and personality traits did not reliably predict the agents’ decisions. Moreover,

31



analyses of their textual explanations using LIWC did not reveal consistent psychological

processes akin to human empathy or compassion.

Two central themes emerge from these findings, highlighting some fundamental limitations

and challenges of developing and applying LLMs in social contexts. The first theme pertains to

what LLMs are actually learning, and the second relates to how we should position LLMs within

our society.

4.1 Inconsistency in LLM Behavior: Lack of Understanding and Theories

The first theme highlights that current LLM agents are not capable of behaving like

humans—they lack “causal models of the world that support explanation and understanding” and

“ground learning in intuitive theories of physics and psychology to support and enrich the

knowledge that is learned” (Lake et al., 2017, p. 1). LLMs rely on recognizing language patterns

rather than truly understanding social norms or engaging in human-like reasoning. Despite being

trained on vast datasets of human-generated text, LLMs do not consistently replicate human

decision-making in social contexts. This inconsistency is further exacerbated by the models’

sensitivity to factors such as architecture, size, and prompt formulations, which challenges the

assumption that simply increasing model size or complexity inherently improves reasoning

abilities or leads to more human-like behaviors.

While both LLMs and humans are epistemically opaque, there is a crucial difference. Human

behaviors, though complex, can often be interpreted and predicted based on psychological

theories and social norms. In contrast, LLMs lack such underlying theories; their internal

processes remain a black box, and they do not follow human theories. This absence of

interpretability and adherence to human reasoning processes limits our ability to understand and

predict LLM behaviors in socially complex scenarios.
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4.2 Determinism vs. Human-Like Uncertainty: A Fundamental Dilemma

The second theme centers on the dichotomy between deterministic outputs and human-like

uncertainty in LLM behavior. The bimodal distribution of giving rates among LLM agents

suggests a form of deterministic decision-making that lacks the subtlety and variability

characteristic of human choices. While deterministic behavior might result in more predictable

outputs suitable for certain applications, it fails to capture the richness of human behavior, which

often involves nuanced deliberation over various social and personal factors.

The absence of a continuous decision space indicates that LLMs may be defaulting to

prevalent patterns in their training data or adhering to the most statistically probable responses.

This tendency suggests that they are not genuinely understanding or processing the ethical

dimensions of the choices presented to them but are instead relying on learned language patterns.

This brings us to a fundamental question: Should LLMs be designed to mimic human-like

uncertainty, embracing the complexities and unpredictabilities of human decision-making, or

should they aim for determinism to ensure consistency and predictability?

This dilemma has significant implications for the development and deployment of LLMs. On

one hand, embracing human-like uncertainty could enhance the authenticity of interactions with

AI agents, making them more relatable and better suited for applications requiring empathy and

nuanced social understanding. On the other hand, deterministic behavior ensures reliability and

predictability, which are crucial for tasks where consistency is key.

4.3 Practical Implications for Developing and Deploying LLMs

Behavioral Approach to Evaluating Internal Processes of LLMs. Our study underscores the

challenges in aligning LLM behaviors with human values and social norms, highlighting the need

for more sophisticated evaluation methods. Traditional approaches that focus on adjusting outputs

based on human feedback are insufficient for tasks requiring social cognition and reasoning. As

discussed earlier, adopting a behavioral approach—such as evaluating LLMs through
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experiments—allows us to systematically assess their decision-making processes in realistic

social contexts. This method provides insights into how LLMs make decisions and whether their

internal mechanisms align with human cognitive processes.

Assistants for Tasks but Not Participants in Social Research. The use of LLMs in social

science research is promising but also presents limitations. LLMs cannot reliably replicate the

nuanced processes of human decision-making in social experiments—they are not computational

humans. Worse, over-relying on them for modeling human behavior in complex social contexts

could lead to misleading conclusions. Therefore, researchers should limit the roles of LLMs to

specific tasks like text classification or topic modeling and approach the use of LLMs in modeling

human behavior with caution. We must recognize that LLMs are tools to assist in research, not

substitutes for human participants, at least for the time being.
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A Human Baseline: Influencing Factors in Dictator Games

Understanding human generosity requires exploring a complex interplay of factors, including

demographics, personality traits, and social context. These elements are often studied through

experimental methods like the dictator game, ultimatum game, and public goods game, with the

dictator game being particularly popular among researchers (Engel, 2011; List, 2007). In a typical

dictator game, one participant (the dictator) is given a certain amount of money or resources and

must decide how much, if any, to share with another participant (the recipient), who has no power

to influence the decision. This experimental setup provides valuable insights into the factors that

drive altruistic behavior in a controlled environment.

Research has identified several factors that consistently influence generosity in dictator games

(Table A5). Demographic factors such as age, gender, economic status, and education

significantly impact individuals’ decisions to give. Personality traits, particularly Agreeableness

and Openness, are crucial in shaping generosity. The framing of experiments, such as the level of

social distance or the specific nature of the giving scenario, also influences prosocial behavior.

Additionally, psychological mechanisms like compassion and empathy motivate individuals to act

generously, each involving distinct emotional and cognitive processes. This section reviews these

factors, primarily studied through dictator games, to provide an overview of what drives

generosity in human behavior.

A.1 Demographics

Age. Research indicates that generosity tends to increase with age. Bekkers (2007, p. 139) found

that generosity positively correlates with several factors, including age, education, income, trust,

and a prosocial value orientation, in dictator games. Engel (2011, p. 599)’s meta-analysis of

empirical studies also supports this, demonstrating a strong, statistically significant effect of age

on generosity in dictator games, where older individuals exhibit higher levels of generosity

compared to younger ones. The positive relationship between age and prosocial behavior is also

2
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widely observed beyond dictator games in many popular economic games (Matsumoto et al.,

2016). This increase in generosity with age may be attributed to greater life experience, increased

empathy, and a more established sense of social responsibility among older individuals.

Gender. Research consistently shows that gender differences influence generosity in dictator

games, with females typically giving more than males as dictators (Engel, 2011, p. 597; Eagly,

2009) and also receiving more as recipients (Saad & Gill, 2001). Women tend to engage in more

prosocial behaviors that are communal and relational, whereas men are more inclined toward

agentic, strength-intensive behaviors; and the origins of these differences may lie in traditional

divisions of labor and biosocial interactions related to gender roles (Eagly, 2009). A

comprehensive meta-analysis of existing studies found that these gender differences persist across

various experimental conditions and locations, with women generally being more generous than

men. However, women are less generous than men when interacting with close friends or family

members, indicating that the context and social distance can modulate these gender effects

(Doñate-Buendía et al., 2022). Overall, while women exhibit greater generosity in many

scenarios, the influence of social norms and situational factors remains significant.

Economic status. The relationship between economic status and generosity is mixed and

varies depending on the level of analysis and context (Macchia & Whillans, 2021, pp. 375–376).

At the country level, lower-income countries tend to exhibit higher levels of generosity, with

studies indicating that participants from these countries are more likely to give away a greater

proportion of resources compared to those from higher-income countries (Cappelen, Moene,

et al., 2013, p. 595). This may be due to a stronger adherence to fairness norms in less

economically developed nations (Cochard et al., 2021, p. 1). At the individual level, some studies,

such as those by Bekkers (2007) and Macchia and Whillans (2021), found that higher-income

individuals are more likely to donate money and volunteer their time. However, other studies, like

Chen et al. (2013), found that children from lower-income families displayed more altruistic

behavior, possibly due to local socialization practices. Additionally, catastrophic events, such as

the 2008 earthquake in China, can temporarily increase prosocial behavior among those directly
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affected, reflecting a contextual impact on generosity (Rao et al., 2011). Overall, while higher

income may correlate with increased giving, context and local social norms play crucial roles in

shaping prosocial behaviors across different economic strata.

Education, though not commonly examined in empirical studies using dictator games (Engel,

2011), has consistently shown a positive influence on generosity in broader studies of prosocial

behavior. Bekkers (2007) found that more educated individuals tend to give more in dictator

games, likely because those with higher education levels have a greater awareness of need and a

stronger alignment with prosocial values (Bekkers & Wiepking, 2011, pp. 344–349).

Marriage has a positive influence on generosity. According to Bekkers and Wiepking (2011),

married individuals tend to be more generous, possibly due to the increased social networks and

responsibilities associated with marriage. Additionally, Twenge et al. (2007) found that social

connectedness, which is often stronger in married individuals, can lead to greater prosocial

behaviors, such as charitable giving, volunteering, and cooperation in social settings.

A.2 Personality

Personality traits also play a notable role in influencing generosity. Research has shown that

among the Big Five personality traits, Agreeableness is most closely associated with positive

emotional reactions to individuals in need and subsequent decisions to help (Habashi et al., 2016,

p. 1177). Additionally, both Agreeableness and Openness are significantly and positively related

to prosocial behavior, while the other three traits (Conscientiousness, Extraversion, Neuroticism)

show no such relationship (Kline et al., 2019, p. 125). Given the strong correlation between the

MBTI and Big Five personality traits (Furnham, 1996; Kline et al., 2019, p. 127), individuals with

MBTI types characterized by Extraversion (E), Intuition (N), Feeling (F), and Perceiving (P) are

likely to be more generous, aligning with the traits of Agreeableness and Openness.
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A.3 Experiment Framing

Social distance in dictator games refers to the perceived closeness or relationship between the

dictator and the recipient. Manipulations of social distance can include varying the anonymity of

participants or providing personal information about the recipient. Existing studies show that the

proportion of giving decreases as social distance increases—in other words, people tend to give

more to close friends than to distant strangers. See empirical results from Goeree et al. (2010,

192, Figure 2), Bechler et al. (2015, 152, Figure 1), and a meta-analysis of Engel (2011, 597,

Figure 7). In all these studies, a smaller social distance value between the dictator and recipient

indicates a closer relationship.

Give vs. Take. The framing of choices in dictator games can influence the dictator’s

generosity, particularly in how the choice is presented as either giving or taking. In the “Give”

framing, dictators decide how much of their endowment to give away, while in the “Take”

framing, they have the opportunity to take away from the recipient’s initial endowment. Studies

have found that the inclusion of a “Take” option significantly reduces the amount transferred to

recipients; in addition, different framings regarding whether the recipients are “entitled” (e.g.,

earned versus unearned income) to their initial endowment can also significantly impact the

amount transferred (List, 2007; Cappelen, Nielsen, et al., 2013; Bardsley, 2008; Korenok et al.,

2014).

Stake. The amount of money at stake in the dictator game can also impact generosity. Higher

stakes are associated with a reduced willingness to give; when there is more to gain, dictators tend

to keep more for themselves, both in absolute and relative terms (Engel, 2011, p. 592).

A.4 Psychological Process

The psychological processes of compassion and empathy are fundamental in shaping prosocial

behaviors. Empathy involves feeling what we believe others are feeling, which allows us to

emotionally connect with their experiences. Compassion, on the other hand, involves caring for
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and about others without necessarily sharing their feelings, focusing more on a desire to help and

alleviate suffering. Using the Linguistic Inquiry and Word Count (Tausczik & Pennebaker, 2010),

Yaden et al. (2024) analyzed over two million Facebook posts from 2.7 thousand individuals and

found that those high in empathy often use self-focused language and discuss negative emotions

and social isolation. In contrast, individuals high in compassion use other-focused language,

expressing positive feelings and social connections. The study also found that high empathy

without compassion is linked to negative health outcomes, while high compassion without

empathy is associated with positive health outcomes, healthy lifestyle choices, and charitable

giving. These findings suggest that compassion, rather than empathy, might be a more effective

driver of prosocial behavior and moral motivation.
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B Selection of LLMs

Our selection criteria for the LLMs included: 1. Open-source foundation models (Bommasani

et al., 2022), chosen for their transparency, reproducibility, and widespread use (Spirling, 2023;

Bail, 2024); 2. Models demonstrating SOTA performance (Fourrier et al., 2024), ensuring we

capture the highest achievable and quality results; 3. Models released by multinational and

leading technology companies, as these models are likely to be embedded in widely used

products (e.g., Microsoft Word and Gmail) and can potentially reach millions, if not billions, of

users. Based on these criteria, we selected the following model families for our experiments,

testing both the smallest and largest size models within each family:

1. Llama3.11: Developed by Meta (the parent company of Facebook) and released on July 23,

2024, this model series consistently achieves SOTA results in many areas, such as

reasoning, coding, and multilingual abilities, serving as a benchmark for other open-source

foundation models. This study uses Llama 3.1 models in 8B, 70B, and 405B (B = Billion).

2. Qwen2.52: Released by the Qwen team from Alibaba Cloud on September 19, 2024.

Alibaba Cloud is a subsidiary of Alibaba Group and one of the largest cloud computing

providers globally. This model family is multilingual, specializing in English and Chinese

and supporting 29 languages. It achieves results comparable to the Llama family models on

various tasks (Fourrier et al., 2024). The two model sizes used in this study are 7B and 72B.

3. Gemma23: Engineered by Google and released on Jun 27, 2024, the Gemma2 series

focuses on efficiency and performance (Gemma Team et al., 2024). We tested Gemma 2

models in 9B and 27B.

4. Phi34: Microsoft released this model family on April 23, 2024. Phi3 models are tailored for

small devices, such as smartphones, combining compactness with powerful computational

abilities (Abdin et al., 2024). We tested Phi3 models in 3.8B and 14B.
1https://www.llama.com/
2https://github.com/QwenLM/Qwen2.5
3https://ai.google.dev/gemma
4https://microsoft.com/phi3
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5. GPT4o5: One of the most advanced models developed by OpenAI. While the model is

proprietary and its exact size is undisclosed, it is widely recognized as the current SOTA for

all LLMs and is commonly held as the highest industry standard. We tested the GPT4o

model released in August 2024 (“2024-08-06”) in this study.

Depending on their target applications, these models vary not only in size but also in

architecture. In general, the larger models are more capable but are computationally demanding,

while the smaller models are more lightweight and suitable for devices with limited resources.

5https://openai.com/index/hello-gpt-4o/
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C Prompts for LLM Agents

Prompt 1: AGENT SETTING INSTRUCTION: SENSE OF SELF

1 You a r e an i n d i v i d u a l l i v i n g i n t h e U n i t ed S t a t e s wi th t h i s p r o f i l e :
2 { d i c t a t o r _ p r o f i l e } .
3 Always t h i n k s t e p by s t e p .
4 Only r e t u r n your r e s p o n s e i n j s o n f o r m a t wi th " a m o u n t _ t r a n s f e r " , "

r e a s o n _ t r a n s f e r " , " f i n a l _ p a y m e n t _ y o u " , " f i n a l _ p a y m e n t _ o t h e r " keys .
5 D o l l a r amounts on ly i n p o s i t i v e o r n e g a t i v e numbers .
6 Give f i n a l amounts , don ’ t show t h e c a l c u l a t i o n .
7 Don ’ t add + t o p o s i t i v e numbers .
8 Don ’ t add d o l l a r s i g n o r d o l l a r u n i t t o t h e amounts .

Note: Variables randomly sampled each trial are indicated with curly brackets (“{}”).

Prompt 2: AGENT SETTING INSTRUCTION: THEORY OF MIND

1 You p r e d i c t t h e b e h a v i o r o f a d e c i s i o n −maker i n a d i c t a t o r game a c c o r d i n g t o
your knowledge a b o u t human b e h a v i o r .

2 The d e c i s i o n −maker i s a human i n d i v i d u a l l i v i n g i n t h e Un i t e d S t a t e s wi th t h i s
p r o f i l e : { d i c t a t o r _ p r o f i l e } .

3 Always t h i n k s t e p by s t e p .
4 Only r e t u r n your r e s p o n s e i n JSON f o r m a t wi th " a m o u n t _ t r a n s f e r " , "

r e a s o n _ t r a n s f e r " , " f i n a l _ p a y m e n t _ d m a k e r " , " f i n a l _ p a y m e n t _ r e c i p i e n t " keys .
5 D o l l a r amounts on ly i n p o s i t i v e o r n e g a t i v e numbers .
6 Give f i n a l amounts , don ’ t show t h e c a l c u l a t i o n .
7 Don ’ t add + t o p o s i t i v e numbers .
8 Don ’ t add d o l l a r s i g n o r d o l l a r u n i t t o t h e amounts .

Note: Variables randomly sampled each trial are indicated with curly brackets (“{}”).
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Prompt 3: GAME INSTRUCTION: SENSE OF SELF, “GIVE” FRAMING

1 You a r e now p a i r e d wi th a n o t h e r p a r t i c i p a n t .
2 { s o c i a l _ d i s t a n c e _ d i c t [ s o c i a l _ d i s t a n c e ] }
3 Both o f you have been a l l o c a t e d { amount_g iven } USD i n t h i s p a r t o f t h e

e x p e r i m e n t .
4 In a d d i t i o n , you have been p r o v i s i o n a l l y a l l o c a t e d an a d d i t i o n a l { amount_g iven

} USD.
5 The o t h e r p a r t i c i p a n t has NOT been a l l o c a t e d t h e s e a d d i t i o n a l { amount_g iven }

USD.
6 Your d e c i s i o n i s a s i m p l e one : Decide what p o r t i o n , i f any , o f t h e s e {

amount_g iven } USD t o t r a n s f e r t o t h e o t h e r p e r s o n .
7 You can choose any amount from 0 USD t o { amount_g iven } USD t o t r a n s f e r .
8 Your payment i s your i n i t i a l { amount_g iven } USD a l l o c a t i o n p l u s t h e amount

t h a t i s a l l o c a t e d t o you g i v e n your d e c i s i o n .
9 The o t h e r p a r t i c i p a n t ’ s payment i s h i s o r h e r i n i t i a l { amount_g iven } USD p l u s

t h e amount t h a t f o l l o w s from your d e c i s i o n .
10 The o t h e r p e r s o n w i l l n o t make any d e c i s i o n , b u t he o r she has t h e o p p o r t u n i t y

t o r e a d t h e i n s t r u c t i o n s we have g i v e n t o you .
11 How much would you l i k e t o t r a n s f e r t o t h e o t h e r p a r t i c i p a n t ( " a m o u n t _ t r a n s f e r

" ) , and why ( " r e a s o n _ t r a n s f e r " ) ?
12 How much i s your f i n a l payment ( " f i n a l _ p a y m e n t _ y o u " ) , and how much i s t h e

o t h e r pe r son ’ s f i n a l payment ( " f i n a l _ p a y m e n t _ o t h e r " ) ?

Note: Variables randomly sampled each trial are indicated with curly brackets (“{}”).

Prompt 4: GAME INSTRUCTION: SENSE OF SELF, “TAKE” FRAMING

1 You a r e now p a i r e d wi th a n o t h e r p a r t i c i p a n t .
2 { s o c i a l _ d i s t a n c e _ d i c t [ s o c i a l _ d i s t a n c e ] }
3 Both o f you have been a l l o c a t e d { amount_g iven } USD i n t h i s p a r t o f t h e

e x p e r i m e n t .
4 In a d d i t i o n , you have been p r o v i s i o n a l l y a l l o c a t e d an a d d i t i o n a l { amount_g iven

} USD.
5 The o t h e r p a r t i c i p a n t has n o t been a l l o c a t e d t h e s e a d d i t i o n a l { amount_g iven }

USD.
6 Your d e c i s i o n i s a s i m p l e one : Decide what p o r t i o n , i f any , o f t h e s e {

amount_g iven } USD t o t r a n s f e r t o t h e o t h e r p e r s o n .
7 You can a l s o t r a n s f e r a n e g a t i v e amount . Th i s means t h a t you can t a k e up t o {

amount_g iven } USD from t h e o t h e r p a r t i c i p a n t .
8 You can choose any amount from −{ amount_g iven } USD t o { amount_g iven } USD t o

t r a n s f e r .
9 Your payment i s your i n i t i a l { amount_g iven } USD a l l o c a t i o n p l u s t h e amount

t h a t i s a l l o c a t e d t o you g i v e n your d e c i s i o n .
10 The o t h e r p a r t i c i p a n t ’ s payment i s h i s o r h e r i n i t i a l { amount_g iven } USD p l u s

t h e amount t h a t f o l l o w s from your d e c i s i o n .
11 The o t h e r p e r s o n w i l l n o t make any d e c i s i o n , b u t he o r she has t h e o p p o r t u n i t y

t o r e a d t h e i n s t r u c t i o n s we have g i v e n t o you .
12 How much would you l i k e t o t r a n s f e r t o t h e o t h e r p a r t i c i p a n t ( " a m o u n t _ t r a n s f e r

" ) , and why ( " r e a s o n _ t r a n s f e r " ) ?
13 How much i s your f i n a l payment ( " f i n a l _ p a y m e n t _ y o u " ) , and how much i s t h e

o t h e r pe r son ’ s f i n a l payment ( " f i n a l _ p a y m e n t _ o t h e r " ) ?

Note: Variables randomly sampled each trial are indicated with curly brackets (“{}”).
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Prompt 5: GAME INSTRUCTION: THEORY OF MIND, “GIVE” FRAMING

1 A d e c i s i o n −maker i s p a i r e d wi th a r e c i p i e n t .
2 { s o c i a l _ d i s t a n c e _ d i c t [ s o c i a l _ d i s t a n c e ] }
3 Both o f them have been a l l o c a t e d { amount_g iven } USD i n t h i s p a r t o f t h e

e x p e r i m e n t .
4 In a d d i t i o n , t h e d e c i s i o n −maker have been p r o v i s i o n a l l y a l l o c a t e d an

a d d i t i o n a l { amount_g iven } USD.
5 The r e c i p i e n t has NOT been a l l o c a t e d t h e s e a d d i t i o n a l { amount_g iven } USD.
6 The d e c i s i o n −maker needs t o make a d e c i s i o n : What p o r t i o n , i f any , o f t h e s e

a d d i t i o n a l { amount_g iven } USD t o t r a n s f e r t o t h e r e c i p i e n t .
7 The d e c i s i o n −maker can choose any amount from 0 USD t o { amount_g iven } USD t o

t r a n s f e r .
8 The payment t o t h e d e c i s i o n −maker i s t h e i n i t i a l { amount_g iven } USD a l l o c a t i o n

p l u s t h e amount t h a t f o l l o w s from t h e d e c i s i o n .
9 The r e c i p i e n t ’ s payment i s h i s o r h e r i n i t i a l { amount_g iven } USD p l u s t h e

amount t h a t f o l l o w s from t h e d e c i s i o n .
10 The r e c i p i e n t w i l l n o t make any d e c i s i o n , b u t bo th t h e d e c i s i o n −maker and

r e c i p i e n t r e a d t h e i n s t r u c t i o n s .
11 How much s h o u l d t h e d e c i s i o n −maker t r a n s f e r t o t h e r e c i p i e n t ( " a m o u n t _ t r a n s f e r

" ) , and why ( " r e a s o n _ t r a n s f e r " ) ?
12 How much i s t h e d e c i s i o n −maker ’ s f i n a l payment ( " f i n a l _ p a y m e n t _ d m a k e r " ) , and

how much i s r e c i p i e n t ’ s f i n a l payment ( " f i n a l _ p a y m e n t _ r e c i p i e n t " ) ?

Note: Variables randomly sampled each trial are indicated with curly brackets (“{}”).

Prompt 6: GAME INSTRUCTION: THEORY OF MIND, “TAKE” FRAMING

1 A d e c i s i o n −maker i s p a i r e d wi th a r e c i p i e n t .
2 { s o c i a l _ d i s t a n c e _ d i c t [ s o c i a l _ d i s t a n c e ] }
3 Both them have been a l l o c a t e d { amount_g iven } USD i n t h i s p a r t o f t h e

e x p e r i m e n t .
4 In a d d i t i o n , t h e d e c i s i o n −maker have been p r o v i s i o n a l l y a l l o c a t e d an

a d d i t i o n a l { amount_g iven } USD.
5 The r e c i p i e n t has NOT been a l l o c a t e d t h e s e a d d i t i o n a l { amount_g iven } USD.
6 The d e c i s i o n −maker needs t o make a d e c i s i o n : What p o r t i o n , i f any , o f t h e s e

a d d i t i o n a l { amount_g iven } USD t o t r a n s f e r t o t h e r e c i p i e n t .
7 The d e c i s i o n −maker can a l s o t r a n s f e r a n e g a t i v e amount . Th i s means t h a t t h e

d e c i s i o n −maker can t a k e up t o { amount_g iven } USD from t h e r e c i p i e n t .
8 The d e c i s i o n −maker can choose any amount from −{ amount_g iven } USD t o {

amount_g iven } USD t o t r a n s f e r .
9 The payment t o t h e d e c i s i o n −maker i s t h e i n i t i a l { amount_g iven } USD a l l o c a t i o n

p l u s t h e amount t h a t f o l l o w s from t h e d e c i s i o n .
10 The r e c i p i e n t ’ s payment i s h i s o r h e r i n i t i a l { amount_g iven } USD p l u s t h e

amount t h a t f o l l o w s from t h e d e c i s i o n .
11 The r e c i p i e n t w i l l n o t make any d e c i s i o n , b u t bo th t h e d e c i s i o n −maker and

r e c i p i e n t r e a d t h e i n s t r u c t i o n s .
12 How much s h o u l d t h e d e c i s i o n −maker t r a n s f e r t o t h e r e c i p i e n t ( " a m o u n t _ t r a n s f e r

" ) , and why ( " r e a s o n _ t r a n s f e r " ) ?
13 How much i s t h e d e c i s i o n −maker ’ s f i n a l payment ( " f i n a l _ p a y m e n t _ d m a k e r " ) , and

how much i s r e c i p i e n t ’ s f i n a l payment ( " f i n a l _ p a y m e n t _ r e c i p i e n t " ) ?

Note: Variables randomly sampled each trial are indicated with curly brackets (“{}”).
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D Results

D.1 Key Descriptive Statistics

D.1.1 Sense of Self Trials

Table D1: DESCRIPTIVE STATISTICS FOR AGE (SENSE OF SELF)

Model_Size Count Mean Std Min 25% 50% 75% Max

gemma2_27b 8,271 40.04 11.79 20 30 40 50 60
gemma2_9b 4,582 39.66 11.91 20 29 40 50 60
gpt4o_2024-08-06 9,561 39.70 11.86 20 30 39 50 60
llama3.1_405b 8,997 40.01 11.76 20 30 40 50 60
llama3.1_70b 9,633 40.28 11.86 20 30 40 51 60
llama3.1_8b 4,020 39.97 11.75 20 30 40 50 60
phi3_14b 2,980 40.16 11.96 20 29 40 51 60
phi3_3.8b 773 39.26 12.08 20 28 39 50 60
qwen2.5_72b 5,442 40.08 11.85 20 30 40 50 60
qwen2.5_7b 535 39.19 12.07 20 29 39 50 60
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Table D2: DESCRIPTIVE STATISTICS FOR STAKE (SENSE OF SELF)

Model_Size Count Mean Std Min 25% 50% 75% Max

gemma2_27b 8,271 55.84 26.45 10 33 57 78 100
gemma2_9b 4,582 54.06 27.99 10 28 55 79 100
gpt4o_2024-08-06 9,561 55.36 26.18 10 33 56 78 100
llama3.1_405b 8,997 54.50 26.29 10 31 55 77 100
llama3.1_70b 9,633 54.67 26.13 10 32 55 77 100
llama3.1_8b 4,020 54.92 27.36 10 31 54 80 100
phi3_14b 2,980 57.74 26.78 10 34 62 80 100
phi3_3.8b 773 49.56 27.21 10 25 47 70 100
qwen2.5_72b 5,442 55.35 26.01 10 32 57 76 100
qwen2.5_7b 535 50.80 25.66 10 29.50 52 72 100
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Table D3: DESCRIPTIVE STATISTICS FOR TEMPERATURE (SENSE OF SELF)

Model_Size Count Mean Std Min 25% 50% 75% Max

gemma2_27b 8,271 0.49 0.29 0 0.24 0.49 0.74 1
gemma2_9b 4,582 0.49 0.29 0 0.25 0.49 0.73 1
gpt4o_2024-08-06 9,561 0.50 0.29 0 0.25 0.50 0.75 1
llama3.1_405b 8,997 0.50 0.29 0 0.25 0.50 0.75 1
llama3.1_70b 9,633 0.50 0.29 0 0.25 0.50 0.75 1
llama3.1_8b 4,020 0.46 0.28 0 0.22 0.44 0.70 1
phi3_14b 2,980 0.45 0.29 0 0.20 0.42 0.69 1
phi3_3.8b 773 0.45 0.28 0 0.20 0.41 0.68 1
qwen2.5_72b 5,442 0.49 0.29 0 0.23 0.49 0.74 1
qwen2.5_7b 535 0.53 0.29 0 0.27 0.56 0.80 1
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Table D4: DESCRIPTIVE STATISTICS FOR GENDER (SENSE OF SELF)

Model_Size Male Female

gemma2_27b 4,075 (49.27%) 4,196 (50.73%)
gemma2_9b 2,450 (53.47%) 2,132 (46.53%)
gpt4o_2024-08-06 4,718 (49.35%) 4,843 (50.65%)
llama3.1_405b 4,493 (49.94%) 4,504 (50.06%)
llama3.1_70b 4,767 (49.49%) 4,866 (50.51%)
llama3.1_8b 2,024 (50.35%) 1,996 (49.65%)
phi3_14b 1,495 (50.17%) 1,485 (49.83%)
phi3_3.8b 395 (51.10%) 378 (48.90%)
qwen2.5_72b 2,728 (50.13%) 2,714 (49.87%)
qwen2.5_7b 279 (52.15%) 256 (47.85%)
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Table D5: DESCRIPTIVE STATISTICS FOR MARITAL STATUS (SENSE OF SELF)

Model_Size Currently Married Not Currently Married

gemma2_27b 4,080 (49.33%) 4,191 (50.67%)
gemma2_9b 2,248 (49.06%) 2,334 (50.94%)
gpt4o_2024-08-06 4,715 (49.31%) 4,846 (50.69%)
llama3.1_405b 4,486 (49.86%) 4,511 (50.14%)
llama3.1_70b 4,822 (50.06%) 4,811 (49.94%)
llama3.1_8b 1,965 (48.88%) 2,055 (51.12%)
phi3_14b 1,504 (50.47%) 1,476 (49.53%)
phi3_3.8b 402 (52.01%) 371 (47.99%)
qwen2.5_72b 2,698 (49.58%) 2,744 (50.42%)
qwen2.5_7b 246 (45.98%) 289 (54.02%)
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Table D6: DESCRIPTIVE STATISTICS FOR EDUCATION ATTAINMENT (SENSE OF SELF)

Model_Size 0 1 2

gemma2_27b 2,789 (33.72%) 2,739 (33.12%) 2,743 (33.16%)
gemma2_9b 1,817 (39.66%) 1,457 (31.80%) 1,308 (28.55%)
gpt4o_2024-08-06 3,184 (33.30%) 3,159 (33.04%) 3,218 (33.66%)
llama3.1_405b 3,072 (34.14%) 2,982 (33.14%) 2,943 (32.71%)
llama3.1_70b 3,253 (33.77%) 3,132 (32.51%) 3,248 (33.72%)
llama3.1_8b 1,329 (33.06%) 1,432 (35.62%) 1,259 (31.32%)
phi3_14b 972 (32.62%) 967 (32.45%) 1,041 (34.93%)
phi3_3.8b 251 (32.47%) 267 (34.54%) 255 (32.99%)
qwen2.5_72b 1,821 (33.46%) 1,837 (33.76%) 1,784 (32.78%)
qwen2.5_7b 143 (26.73%) 218 (40.75%) 174 (32.52%)

Note: 0 = Less than High School Education; 1 = High School Diploma, but no Four-Year
College Degree; 2 = Bachelor’s Degree or more.
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Table D7: DESCRIPTIVE STATISTICS FOR MBTI TYPE (SENSE OF SELF)

Model_Size (I)ntroversion (F)eeling i(N)tuition (P)erceiving

gemma2_27b 4,286 (51.82%) 3,928 (47.49%) 3,989 (48.23%) 4,124 (49.86%)
gemma2_9b 2,608 (56.92%) 1,720 (37.54%) 2,163 (47.21%) 2,365 (51.62%)
gpt4o_2024-08-06 4,882 (51.06%) 4,777 (49.96%) 4,842 (50.64%) 4,752 (49.70%)
llama3.1_405b 4,545 (50.52%) 4,317 (47.98%) 4,406 (48.97%) 4,442 (49.37%)
llama3.1_70b 4,832 (50.16%) 4,688 (48.67%) 4,797 (49.80%) 4,821 (50.05%)
llama3.1_8b 2,101 (52.26%) 2,019 (50.22%) 1,978 (49.20%) 2,026 (50.40%)
phi3_14b 1,483 (49.77%) 1,505 (50.50%) 1,527 (51.24%) 1,460 (48.99%)
phi3_3.8b 356 (46.05%) 386 (49.94%) 420 (54.33%) 389 (50.32%)
qwen2.5_72b 2,714 (49.87%) 2,679 (49.23%) 2,723 (50.04%) 2,713 (49.85%)
qwen2.5_7b 218 (40.75%) 306 (57.20%) 306 (57.20%) 284 (53.08%)

Note: Proportions are by MBTI types. For example, 51.82% of the participants in the gemma2_27b model are
Introversion, which means that 48.18% are Extraversion.
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Table D8: DESCRIPTIVE STATISTICS FOR AMOUNT TRANSFER (SENSE OF SELF)

Model_Size Count Mean Std Min 25% 50% 75% Max

gemma2_27b 8,271 11.40 15.52 0 0 0 21 98
gemma2_9b 4,582 7.68 13.25 0 0 0 12 60
gpt4o_2024-08-06 9,561 26.05 16.06 -20 13 26 39 99
llama3.1_405b 8,997 17.45 16.69 -23 0 13 32.50 50
llama3.1_70b 9,633 10.63 14.66 0 0 0 19 89
llama3.1_8b 4,020 4.44 11.22 -85 0 0 0 83
phi3_14b 2,980 21.79 16.79 -10 6 21 36 50
phi3_3.8b 773 24.58 13.74 0 12 23.50 35 50
qwen2.5_72b 5,442 21.98 14.80 0 10 21 34 50
qwen2.5_7b 535 24.87 13.37 0 14 26 36 50
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D.1.2 Theory of Mind Trials

Table D9: DESCRIPTIVE STATISTICS FOR AGE (THEORY OF MIND)

Model_Size Count Mean Std Min 25% 50% 75% Max

gemma2_27b 2,341 39.34 11.70 20 29 39 49 60
gemma2_9b 594 39.41 12.16 20 28.25 39 50 60
gpt4o_2024-08-06 9,692 40.03 11.90 20 30 40 51 60
llama3.1_405b 8,970 40.25 11.89 20 30 40 51 60
llama3.1_70b 9,227 39.78 11.85 20 30 40 50 60
llama3.1_8b 4,540 40 11.84 20 30 40 50 60
phi3_14b 2,693 39.61 11.95 20 29 39 50 60
phi3_3.8b 1,551 39.38 11.49 20 30 39 49 60
qwen2.5_72b 5,184 40.52 11.73 20 30 41 51 60
qwen2.5_7b 2,018 39.42 11.64 20 29 39 50 60
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Table D10: DESCRIPTIVE STATISTICS FOR STAKE (THEORY OF MIND)

Model_Size Count Mean Std Min 25% 50% 75% Max

gemma2_27b 2,341 50.78 28.75 10 24 48 76 100
gemma2_9b 594 38.43 23.13 10 18.25 32 52 100
gpt4o_2024-08-06 9,692 55.82 26.24 10 33 56 79 100
llama3.1_405b 8,970 54.15 25.91 10 32 54 76 100
llama3.1_70b 9,227 54.01 26.09 10 32 53 76 100
llama3.1_8b 4,540 55.55 26.76 10 32 57 79 100
phi3_14b 2,693 55.38 27.30 10 32 56 80 100
phi3_3.8b 1,551 50.78 29.15 10 25 43 80 100
qwen2.5_72b 5,184 54 26.72 10 30 54 77 100
qwen2.5_7b 2,018 55.03 25.03 10 36 54 74 100
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Table D11: DESCRIPTIVE STATISTICS FOR TEMPERATURE (THEORY OF MIND)

Model_Size Count Mean Std Min 25% 50% 75% Max

gemma2_27b 2,341 0.51 0.29 0 0.26 0.51 0.77 1
gemma2_9b 594 0.53 0.29 0 0.28 0.55 0.78 1
gpt4o_2024-08-06 9,692 0.50 0.29 0 0.25 0.51 0.75 1
llama3.1_405b 8,970 0.50 0.29 0 0.25 0.50 0.75 1
llama3.1_70b 9,227 0.49 0.29 0 0.25 0.49 0.74 1
llama3.1_8b 4,540 0.46 0.28 0 0.23 0.45 0.68 1
phi3_14b 2,693 0.45 0.28 0 0.21 0.43 0.68 1
phi3_3.8b 1,551 0.47 0.28 0 0.23 0.46 0.72 1
qwen2.5_72b 5,184 0.50 0.29 0 0.25 0.50 0.75 1
qwen2.5_7b 2,018 0.47 0.28 0 0.23 0.46 0.70 1
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Table D12: DESCRIPTIVE STATISTICS FOR GENDER (THEORY OF MIND)

Model_Size Male Female

gemma2_27b 1,292 (55.19%) 1,049 (44.81%)
gemma2_9b 328 (55.22%) 266 (44.78%)
gpt4o_2024-08-06 4,820 (49.73%) 4,872 (50.27%)
llama3.1_405b 4,512 (50.30%) 4,458 (49.70%)
llama3.1_70b 4,637 (50.25%) 4,590 (49.75%)
llama3.1_8b 2,279 (50.20%) 2,261 (49.80%)
phi3_14b 1,282 (47.60%) 1,411 (52.40%)
phi3_3.8b 762 (49.13%) 789 (50.87%)
qwen2.5_72b 2,532 (48.84%) 2,652 (51.16%)
qwen2.5_7b 1,014 (50.25%) 1,004 (49.75%)
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Table D13: DESCRIPTIVE STATISTICS FOR MARITAL STATUS (THEORY OF MIND)

Model_Size Currently Married Not Currently Married

gemma2_27b 1,050 (44.85%) 1,291 (55.15%)
gemma2_9b 289 (48.65%) 305 (51.35%)
gpt4o_2024-08-06 4,756 (49.07%) 4,936 (50.93%)
llama3.1_405b 4,491 (50.07%) 4,479 (49.93%)
llama3.1_70b 4,681 (50.73%) 4,546 (49.27%)
llama3.1_8b 2,267 (49.93%) 2,273 (50.07%)
phi3_14b 1,381 (51.28%) 1,312 (48.72%)
phi3_3.8b 762 (49.13%) 789 (50.87%)
qwen2.5_72b 2,590 (49.96%) 2,594 (50.04%)
qwen2.5_7b 1,023 (50.69%) 995 (49.31%)
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Table D14: DESCRIPTIVE STATISTICS FOR EDUCATION ATTAINMENT (THEORY OF MIND)

Model_Size 0 1 2

gemma2_27b 962 (41.09%) 628 (26.83%) 751 (32.08%)
gemma2_9b 257 (43.27%) 153 (25.76%) 184 (30.98%)
gpt4o_2024-08-06 3,277 (33.81%) 3,208 (33.10%) 3,207 (33.09%)
llama3.1_405b 2,991 (33.34%) 3,073 (34.26%) 2,906 (32.40%)
llama3.1_70b 3,055 (33.11%) 3,054 (33.10%) 3,118 (33.79%)
llama3.1_8b 1,463 (32.22%) 1,657 (36.50%) 1,420 (31.28%)
phi3_14b 752 (27.92%) 912 (33.87%) 1,029 (38.21%)
phi3_3.8b 347 (22.37%) 554 (35.72%) 650 (41.91%)
qwen2.5_72b 1,697 (32.74%) 1,683 (32.47%) 1,804 (34.80%)
qwen2.5_7b 618 (30.62%) 696 (34.49%) 704 (34.89%)

Note: 0 = Less than High School Education; 1 = High School Diploma, but no Four-Year
College Degree; 2 = Bachelor’s Degree or more.
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Table D15: DESCRIPTIVE STATISTICS FOR MBTI TYPE (THEORY OF MIND)

Model_Size (I)ntroversion (F)eeling i(N)tuition (P)erceiving

gemma2_27b 1,205 (51.47%) 867 (37.04%) 1,158 (49.47%) 1,127 (48.14%)
gemma2_9b 291 (48.99%) 261 (43.94%) 309 (52.02%) 281 (47.31%)
gpt4o_2024-08-06 4,916 (50.72%) 4,799 (49.52%) 4,853 (50.07%) 4,824 (49.77%)
llama3.1_405b 4,532 (50.52%) 4,404 (49.10%) 4,408 (49.14%) 4,460 (49.72%)
llama3.1_70b 4,552 (49.33%) 4,649 (50.38%) 4,605 (49.91%) 4,570 (49.53%)
llama3.1_8b 2,286 (50.35%) 2,191 (48.26%) 2,216 (48.81%) 2,284 (50.31%)
phi3_14b 1,252 (46.49%) 1,432 (53.17%) 1,407 (52.25%) 1,248 (46.34%)
phi3_3.8b 668 (43.07%) 784 (50.55%) 823 (53.06%) 773 (49.84%)
qwen2.5_72b 2,580 (49.77%) 2,600 (50.15%) 2,700 (52.08%) 2,462 (47.49%)
qwen2.5_7b 959 (47.52%) 1,105 (54.76%) 1,050 (52.03%) 1,021 (50.59%)

Note: Proportions are by MBTI types. For example, 51.82% of the participants in the gemma2_27b model are
Introversion, which means that 48.18% are Extraversion.
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Table D16: DESCRIPTIVE STATISTICS FOR AMOUNT TRANSFER (THEORY OF MIND)

Model_Size Count Mean Std Min 25% 50% 75% Max

gemma2_27b 2,341 14.98 16.50 0 0 8 28 50
gemma2_9b 594 13.98 13.28 0 0 12 22 50
gpt4o_2024-08-06 9,692 24.45 12.98 0 14 21 35 91
llama3.1_405b 8,970 19.42 13.80 0 10 16 30 70
llama3.1_70b 9,227 14.68 13.90 -20 5 10 21 91
llama3.1_8b 4,540 2.66 8.32 -10 0 0 0 50
phi3_14b 2,693 27.13 14.61 -20 15 27 40 98
phi3_3.8b 1,551 25.37 14.62 0 12.50 21.50 40 64
qwen2.5_72b 5,184 21.18 13.65 0 10 20 31 50
qwen2.5_7b 2,018 27.49 12.73 -10 17.12 27 37 79

28



D.2 Experiment Results of Theory of Mind (ToM) Trials

Table D17: MODEL PERFORMANCE: INSTRUCTION FOLLOWING AND MATH REASONING

(TOM)

Model_Size
#Simulation

Trials

#Correct
JSON

Format

#Logically
Correct

Trials

%Logically
Correct

Trials
1 gpt4o_2024-08-06 10,000 10,000 9,692 96.92
2 llama3.1_70b 10,000 9,998 9,227 92.29
3 llama3.1_405b 10,000 9,979 8,970 89.89
4 qwen2.5_72b 10,000 10,000 5,184 51.84
5 llama3.1_8b 10,000 9,986 4,540 45.46
6 phi3_14b 10,000 9,911 2,693 27.17
7 gemma2_27b 10,000 9,994 2,341 23.42
8 qwen2.5_7b 10,000 9,945 2,018 20.29
9 phi3_3.8b 10,000 9,783 1,551 15.85

10 gemma2_9b 10,000 9,473 594 6.27

Note: “#Correct JSON Format” indicates the number of responses in correct JSON format, suggesting
a model’s ability of instruction following. “#Logically Correct Trials” and “%Logically Correct Trials”
indicate the number and corresponding percentage of responses that are logically correct, suggesting a
model’s ability of math reasoning. Results of the Sense of Self trials are in Table 1.
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Figure D2: PREDICTING GENEROSITY: DEMOGRAPHICS AND LLM TEMPERATURE (TOM)
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Qwen2.5

Note: The coefficients (showing 95% confidence intervals) are from a linear regression model using money transferred
in the dictator game as the dependent variable. Deep colors represent larger models, and light colors represent smaller
models within the same LLM family. The shaded areas indicate expected directions of impact based on human studies
(Appendix A). Results of the Sense of Self trials are in Figure 3.

Figure D3: PREDICTING GENEROSITY: MYERS–BRIGGS TYPE INDICATOR (TOM)
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Note: The coefficients (showing 95% confidence intervals) are from a linear regression model
using money transferred in the dictator game as the dependent variable. Deep colors represent
larger models, and light colors represent smaller models within the same LLM family. The
shaded areas indicate expected directions of impact based on human studies (Appendix A).
Results of the Sense of Self trials are in Figure 4.
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Figure D4: PREDICTING GENEROSITY: FRAMING OF EXPERIMENT (TOM)

0.0

0.2

0.4

Friend 0.00

0.05

0.10

Stranger Meet

0.05

0.00

Take

0.0005

0.0000

Stake

Gemma2
GPT4o
Llama3.1
Phi3
Qwen2.5

Note: The coefficients (showing 95% confidence intervals) are from a linear regression model using money transferred
in the dictator game as the dependent variable. Deep colors represent larger models, and light colors represent smaller
models within the same LLM family. The shaded areas indicate expected directions of impact based on human studies
(Appendix A). The “Stranger” framing is the reference group for “Friend” and “Stranger Meet.” The “Give” framing
is the reference group for “Take.” Results of the Sense of Self trials are in Figure 5.
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