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ABSTRACT: Large language models (LLMs) are
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behavior, yet their fidelity in complex decision- /4o
making under uncertainty remains insufficiently

understood. To address this gap, we developed a
comparative framework that benchmarked LLM-
simulated risk preferences against empirical human
behavior. Using demographic profiles from surveys
conducted in Sydney, Hong Kong, and Nanjing, we
constructed role-playing prompts and evaluated
three LLMs on abstract lottery-choice tasks. We
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adopted the classical constant relative risk aversion I Human-LLM comparison, cross-model comparison, and cross-language comparisonl

(CRRA) framework as a domain-neutral “standard ruler” to compare risk attitudes. The analysis yielded three main findings. First, off-
the-shelf LLMs do not exhibit a universal risk profile: The two GPT models are more risk-averse than human benchmarks, whereas
Gemini is more risk-seeking. Second, prompt language systematically affects simulated risk attitudes, with English-to-Chinese
switching inducing a more conservative shift in most cases. Third, LLMs do not reliably reproduce the empirical heterogeneity of
human risk preferences, tending either to generate overly concentrated distributions or unrealistically large dispersion. Taken
together, these findings show that off-the-shelf LLMs remain vulnerable to model-family-specific miscalibration, language-sensitive
distortions, and failures in distributional fidelity. Rigorous empirical calibration is therefore necessary before off-the-shelf LLMs can
be reliably deployed in computational social science and choice modeling.
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explore how LLMs perform in simulating human behavior,
particularly in survey-based contexts (Liu et al., 2024c; Xu et al,
2025). In addition to traditional survey-style question-and-answer
formats, role-playing language agents (RPLAs) have emerged as a
promising approach. These agents prompt LLMs to embody
specific social roles—such as a doctor, policymaker, or consumer—
and respond from the perspective of that role within a given
scenario. This method allows for more context-sensitive and
socially grounded behavior simulations, enhancing the ecological

1 Introduction

Large language models (LLMs) have undergone remarkable
development in recent years (Luo et al., 2026; Nie et al., 2025a).
Compared to earlier natural language processing tools, their
capabilities have expanded far beyond traditional language
processing tasks, extending to areas such as dialog systems (Qu et
al,, 2023; Yi et al., 2026), automated content creation (Ohde et al.,
2025), and specialized domain applications, including legal,
financial, and medical advisory (Chen et al., 2024¢; Cheong et al,,

2024; Liu et al., 2023). As a result, the trust placed in the outputs of
LLMs is under increasing critical scrutiny, particularly regarding
the underlying logic of the models and the reliability of the
generated results.

validity of experiments involving human-like decision-making.
Existing studies have examined various human-like tasks,
including value judgments (Tjuatja et al, 2024), perceptual
analysis (Li et al, 2024a), and intertemporal choices (Goli and

As scrutiny of LLM outputs grows, researchers have begun to Singh, 2024), providing insights into the extent to which LLM
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responses align with human preferences. However, this body of
research remains focused on relatively direct tasks, providing
limited insight into complex decision-making. Furthermore, the
performance of LLMs and the conclusions drawn by researchers
have shown significant variability across different tasks. This
divergence underscores the urgent need to explore how LLMs
operate in more demanding contexts, such as choice situations
defined by risk and uncertainty.

Choice under risk and uncertainty involves selecting from
alternatives with varying probabilistic outcomes. Unlike
deterministic choice, it requires a comprehensive cognitive
assessment of potential consequences, making it inherently more
complex (Kahneman and Tversky, 1979). Such decisions are
widespread and influence outcomes across diverse domains,
ranging from personal finance (Eeckhoudt et al., 2011; Engelmann
et al,, 2009) to public policy (Chen et al., 2025; Greenspan, 2004;
Lafont, 2015). Among the many domains influenced,
transportation stands out as especially critical and complex. In
everyday travel, this appears in the trade-off between a faster route
with a higher risk of congestion and a slower but more reliable
alternative. The complexity becomes even greater with emerging
technologies such as autonomous vehicles (AVs) and urban air
mobility (UAM), where passengers must weigh not only time and
cost but also technological reliability and physical safety (Song and
Jian, 2025a, 2025b). Understanding and simulating these decision-
making preferences is therefore essential: It helps optimize today’s
transportation systems and steer the responsible integration of
future systems. Accordingly, in recent years, researchers have
begun to explore the use of LLMs to help address transportation
problems (Nie et al., 2025b; Ren et al., 2024). However, evaluating
LLMs directly in richly contextualized transportation scenarios
would introduce substantial semantic confounding. In such
settings, it becomes difficult to determine whether an observed
choice reflects the model's underlying risk attitude or its
associations with specific transportation concepts, attributes, and
narratives. We therefore begin with abstract, domain-neutral
lottery tasks to establish a controlled behavioral baseline.

Building on this controlled baseline, our empirical design
prompts LLMs to act as RPLAs, where each agent’s persona is
meticulously defined by a real-world user profile. These profiles,
sourced from three prior transportation studies in Sydney, Hong
Kong, and Nanjing, provide a robust cross-cultural foundation
and detail key demographic attributes (age, gender, education, and
income). We then supplied these personas to three distinct LLMs
(generative pre-trained transformer (GPT)-40, GPT ol-mini, and
Gemini 2.0 Flash) and instructed them to mimic the
corresponding respondents by predicting their choices in a series
of lottery-based games. Using the well-established constant
relative risk aversion (CRRA) framework as a common “standard
ruler”, we compare simulated and empirical risk attitudes across
human benchmarks, model families, and prompt languages.
Given the opaque nature of LLM decision-making, adopting this
classical framework provides a transparent and low-dimensional
benchmark for evaluation. As CRRA relies on a single
interpretable parameter, it minimizes additional disturbances
introduced by richer model specifications and makes it easier to
attribute observed discrepancies to LLMs’ behavioral biases.

Our findings indicate that off-the-shelf LLMs do not exhibit a
universal human-like risk profile. Across the tested datasets, the
two GPT models display systematically greater risk aversion than
human respondents, whereas the Gemini 2.0 Flash shows a
greater risk-seeking tendency. Within the OpenAlI family, GPT o1-
mini aligns more closely with the empirical benchmarks than
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GPT-4o, suggesting relatively higher cognitive fidelity in the
simulation of risky choice. Beyond these directional differences,
we also find that LLMs do not reliably reproduce the empirical
heterogeneity of human risk preferences. Rather than matching
the observed dispersion of human responses, the models tend
either to generate overly concentrated distributions or to produce
substantially wider variation than the human benchmarks. At the
same time, prompt language systematically affects simulated risk
attitudes. In most tested cases, switching from English to Chinese
induces a more conservative shift, although the effect of this shift
on simulation accuracy depends on each model family’s baseline
calibration bias. Taken together, these results suggest that
although reasoning-enhanced models may improve alignment
with the central tendency of human behavior, off-the-shelf LLMs
remain vulnerable to language-sensitive distortions, model-family-
specific miscalibration, and failures to capture the distributional
fidelity of human decision-making in multilingual and cross-
cultural applications.

The remainder of this paper is organized as follows: Section 2
provides a review of the relevant literature. Section 3 outlines the
dataset employed in this study. Section 4 presents the modeling
framework. Section 5 discusses the empirical findings and their
policy implications. Section 6 concludes the study with key
findings, discusses the underlying mechanisms driving these
behavioral phenomena, and outlines directions for future research.

2 Literature review

2.1 Simulating human behavior with RPLAs

The rapid advancement of LLMs has significantly accelerated the
development of RPLAs (Anil et al., 2025; OpenAl et al., 2024).
RPLAs enable artificial intelligence to interact with humans in
ways that resemble embodied intelligence (Chen et al., 2024c),
making these agents increasingly capable of simulating complex
social behaviors. Through alignment training, RPLAs can replicate
the knowledge systems of specific individuals, imitate their
linguistic styles and behavioral tendencies, and reproduce latent
personal characteristics (Dai et al., 2023, 2025; Ge et al,, 2025).
When combined with contextual prompting techniques, RPLAs
can be tailored to simulate specific personas or emulate social
groups by drawing on internal parameterized knowledge.

Current applications generally fall into two categories: (1) An
exploratory direction, which simulates scenarios that are difficult
to examine in real-world settings, and (2) a validating direction,
which compares RPLA outputs with empirical results to evaluate
model fidelity.

The first category addresses domains where conducting real-
world studies is challenging due to limitations such as long time
frames and ethical concerns. For example, Zhao et al. (2024)
proposed CompeteAl, a GPT-4-powered framework to study
competitive dynamics in a virtual town, while Li et al. (2024a)
developed EconAgent to simulate macroeconomic decisions. In
healthcare, frameworks such as AgentClinic (Schmidgall et al,
2024) and Agent Hospital (Li et al., 2024b) use LLM agents to
model complex human interactions in controlled, lifelike clinical
settings.

Complementing this, the second line of research leverages
RPLAs (human benchmark-based behavioral consistency
evaluation methods) to systematically assess the alignment
between LLMs and established human benchmarks. These studies
typically adopt a “simulate-compare-validate” methodology,
where model-generated responses are compared against human
behavior to evaluate their fidelity and consistency. This approach
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not only identifies which LLMs are most suitable for specific tasks
but also provides insights into their internal decision-making
mechanisms.

Notably, conclusions from this line of research vary
significantly across different domains. In structured tasks such as
travel planning (Xie et al, 2024) and recommendation systems
(Lin et al., 2024), LLMs have shown performance on par with, or
even surpassing, human capabilities, producing outputs that are
logical, coherent, and closely tailored to user needs. However, in
more complex or less structured domains, such as consumer
choice trade-offs (Goli and Singh, 2024) and theory of mind (Xu
et al,, 2024a), LLMs struggle to perform at the same level. Research
indicates that while these models can effectively mimic human
decision-making through pattern recognition, their outputs often
reflect only superficial alignment with human reasoning. They fail
to grasp the deeper logic, contextual nuances, or psychological
motivations underlying complex human decisions, highlighting
significant limitations in their adaptability and understanding.

2.2 Modeling risk preferences under uncertainty in
transportation

Uncertainty is an inherent feature of transportation systems,
fundamentally shaping how individuals make travel decisions (He
et al, 2025). The diverse responses to this uncertainty reveal
underlying risk preferences, making their modeling essential for
accurate travel demand forecasting and policy evaluation. Two
major theoretical streams have been employed to capture these
preferences. One stream builds upon expected utility theory
(EUT) (Mongin and Baccelli, 2021), often specified using a CRRA
utility function (Pratt, 1978). The CRRA model is valued for its
mathematical tractability and parsimonious representation of risk
aversion through a single coefficient, assuming that an individual’s
aversion to risk is proportional to their “wealth” (e.g., their
available travel time budget). An alternative, influential stream is
rooted in behavioral economics, led by cumulative prospect
theory (CPT) (Tversky and Kahneman, 1992). CPT provides a
more psychologically detailed account, incorporating concepts
such as reference dependence, loss aversion, and probability
weighting. Both frameworks are prominent in transportation
research, offering a trade-off between the elegant simplicity of
EUT and the descriptive richness of CPT.

The empirical application of these theoretical frameworks in
transportation is extensive, providing clear evidence of risk
preferences shaping traveler behavior. Within the EUT paradigm,
recent studies continue to refine our understanding of the value of
reliability. For example, Carrion and Levinson (2012) analyzed
long-term panel data and confirmed that the value of reliability is
a stable and significant impact factor in commuter decision-
making. Furthermore, a meta-analysis by Shams et al. (2017)
systematically reviewed studies and found a robust link between
risk attitudes and the valuation of reliability, providing strong,
aggregate evidence for the applicability of EUT-based models in
quantifying risks. Lu et al. (2025) analyzed metro evacuation data
and found that under metro service disruptions, activity urgency
and travel distance significantly impact passengers’ mode choices,
reflecting their risk preferences under time and cost uncertainty.
The results validate the applicability of the EUT framework in
explaining heterogeneity in passenger decision-making.

In parallel, research grounded in CPT has offered more
nuanced behavioral insights. For instance, Gao et al. (2010)
demonstrated that CPT better explains how travelers process real-
time information, particularly in how they overweight the small
probabilities of high-consequence delays (e.g., due to accidents), a
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behavior EUT struggles to predict. Ghader et al. (2019) applied
CPT to the complex Makkah road network and found that it
effectively captured drivers’ route choice behavior under
uncertainty, particularly their asymmetric responses to potential
travel time losses. More recently, Liu et al. (2024a) employed CPT
in the mobility-as-a-service context to estimate travelers’ risk
perceptions and their valuations of gains and losses in travel time
and cost. Building on this, Liu et al. (2025) integrated CPT with a
latent class model to identify discrete heterogeneity in these
perceptions.

Despite the maturity of theoretical models for risk preference,
the conventional field survey methods used for their parameter
estimation face severe practical challenges. First, acquiring
sufficient and diverse samples is both time-consuming and
prohibitively expensive. Second, even when these hurdles are
overcome, data quality remains a concern. For example, stated
preference surveys are susceptible to hypothetical bias, creating a
gap between respondents’ stated and actual choices. The revealed
preference survey, on the other hand, suffers from recall errors.
Together, these practical and methodological challenges create a
significant bottleneck in advancing behavioral research.

2.3 Research gap

A critical research gap exists in the current literature: While LLM-
based RPLAs have the potential to address the practical challenges
faced by traditional field survey methods in transportation
systems—such as the time-consuming and cost-prohibitive
process of obtaining sufficiently large and diverse samples—there
is limited understanding of their fidelity in replicating human
respondents’ behaviors, particularly in complex and uncertainty-
laden scenarios. Although RPLAs have shown promise in
mimicking human decision-making in well-structured tasks, their
ability to accurately emulate human responses in highly uncertain
or complex contexts remains underexplored.

3 Data

This study utilized three datasets collected through surveys
conducted with real respondents in Sydney, Hong Kong, and
Nanjing. These three datasets originate from the following studies:
Dixit et al. (2019b), Liu et al. (2024a, 2024b), and Guo et al.
(2026a, 2026b). All three contain questions on respondents’
sociodemographic features and include lottery-choice games
designed to elicit respondents’ risk attitudes'. While each dataset
contains rich information about respondents, the specific
attributes available vary slightly due to differences in survey design
and local priorities. For example, some include detailed
employment or household composition variables, while others do
not. To ensure consistency and comparability in simulated agents,
this study uses the set of sociodemographic variables common
across all three datasets, age, gender, education level, and income.

3.1 Descriptive analysis of sociodemographics

A descriptive analysis of the sociodemographic variables shared
across the three datasets is presented in Table 1. Substantial
differences are observed across the three datasets: On average, the

' The authors acknowledge that risky behavior is context-dependent (e.g., the same
individual may behave differently when facing uncertainty in finance versus
transportation). Given that this study is a preliminary exploration and is
constrained by data availability, we do not undertake more complex, context-
specific analyses of risk behavior. Instead, we rely on a relatively context-

independent, general uncertainty paradigm—the lottery-choice task.
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Table1 Descriptive statistics of sociodemographic variables used in this study
across the three datasets

Table3 Lottery setup for the Hong Kong dataset

Left lottery Right lottery
Lottery EVier  EVright
Datasets ~ Age (SD) Male (%) Bachelor or above (%) Income (SD) Low High Prow Fixed
Sydney  28.7(25.5) 79.70 50 3.8(2.6) 1 50 2000 0.5 800 1025 800
Hong Kong 40.7 (13.1)  45.30 62.50 3.8(1.4) 2 50 2000 0.7 100 635 100
Nanjing  36.8 (9.2) 50.30 85.50 2.5(1.0) 3 50 2000 0.9 400 245 400
Note: Due to differences in exchange rates and local purchasing power, 4 50 2000 05 600 1025 600
the “income” variable is not directly comparable across the three datasets. 5 50 2000 0.7 200 635 200
Instead,'the valges in .this column should be interpreted as .incjlicati\_/e 9f 6 50 2000 0.9 200 245 200
the relative relationship between the mean and standard deviation within
each region. 7 50 2000 05 400 1025 400
8 50 2000 0.7 500 635 500
Sydney sample is the youngest, while the Hong Kong sample is 9 50 2000 0.9 100 245 100
the oldest; the Nanjing dataset exhibits the highest average
education level. Table4 Lottery setup for the Nanjing dataset
i i Prob. Payoff  Left lotter Right lotte
3.2 Overview of lottery choice games Lottery Y = Yff gff r);f EVie EViggn
A lottery game is a controlled experimental task in which ! 2 Payoff1 Payoff2 Payoff 1 Payoff2
participants  choose between probabilistic ~outcomes. By 1 01 09 2 L6 3.85 01 164 0475
systematically varying the probabilities and magnitudes of these 202 08 2 16 385 0.1 168 0.85
outcomes, each individual’s risk attitude—that is, their degree of 303 07 2 16 385 01 172 1225
aversion to or preference for risk—can be inferred. The setup of 4 04 06 2 1.6 3.85 01 176 16
the lottery choice game in each survey is detailed below. It is 5 05 05 2 1.6 3.85 01 18 1975
worth noting that while the outcome values of the lotteries vary 6 06 04 5 16 385 01 184 235
Z?ffross the Fllree surv;ysé,ﬂthe bprlmary tﬁ)ctllsﬁshogld. be on.the 7 07 03 5 16 3.85 01 188 2725
fferences in expected values between the left an right options 8 08 02 5 L6 385 ol 192 31
within each game. 9 0.9 0.1 2 1.6 3.85 0.1 1.96 3.475
The Sydney dataset consists of a series of nine lottery choice i : ‘ ‘ : ‘ ’
10 1 0 2 1.6 3.85 0.1 2 3.85

tasks. Each task presents participants with a binary decision: The
right option offers a fixed outcome, while the left option involves
risk, providing either a higher or lower reward. The probabilities
associated with the left options are clearly communicated to
participants and vary across tasks. Details of these lottery tasks are
presented in Table 2. The terms expected value (EV), . and
EVrigne are the expected utility of selecting the left and right
lotteries, respectively. The Sydney dataset includes responses from
64 valid participants.

The Hong Kong dataset also consists of nine lottery choice
tasks. The probability settings are identical to those in Dixit et al.
(2019a); however, the lottery values have been scaled by a factor of
100, as detailed in Table 3. This dataset includes responses from
997 valid participants.

The Nanjing dataset comprises ten lottery choice tasks. Each
task presents participants with a binary decision, where both
options involve risk. In the left lottery, participants could receive a
lower outcome of 1.6 with probability p or a higher outcome of 2
with probability 1 — p. Similarly, the right lottery offers a lower
outcome of 0.1 with probability p or a higher outcome of 3.85
with probability 1 — p. The value of p varies across tasks, with

Table2 Lottery setup for the Sydney dataset

Left lottery Right lottery
Lottery - - EVier  EVright
Low High Proyw Fixed
1 0.5 20 0.5 8 10.25 8
2 0.5 20 0.7 1 6.35 1
3 0.5 20 0.9 4 2.45 4
4 0.5 20 0.5 6 10.25 6
5 0.5 20 0.7 2 6.35 2
6 0.5 20 0.9 2 2.45 2
7 0.5 20 0.5 4 10.25 4
8 0.5 20 0.7 5 6.35 5
9 0.5 20 0.9 1 2.45 1
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details provided in Table 4, where p corresponds to the “Prob.
payoff 2”. The Nanjing dataset includes responses from 145 valid
participants.

4 Methods

To compare human behavior with that of LLMs under
uncertainty, we used a role-playing language-agents protocol in
which the models simulated our participants. We presented the
same uncertainty scenarios to the models and required them to
respond as if they were the corresponding human respondents.
An overview of the study design and comparative framework is
provided in Fig. 1.

We evaluated three publicly accessible LLMs—Gemini 2.0
Flash, GPT-40, and GPT ol-mini—for the following reasons:
(1) At the time of the project (December 2024), these three models
were among the more advanced models available to the public;
and (2) given the rapid pace of model releases, our objective was
not to identify a single model that perfectly simulates human
behavior on a specific type of task but to test for systematic
differences between current LLMs and human performance.
Accordingly, we did not include a broader set of models in formal
simulation. Other models that were evaluated during the testing
phase but not formally adopted included ChatGPT-3.5 and ol-
preview.

4.1 RPLAs architecture and construction

This subsection introduces the construction and structure of the
RPLA used in this study. The RPLA is designed to simulate
human respondents by assigning different roles and background
profiles to an LLM through carefully crafted prompts (Shanahan
et al, 2023). The RPLA consists of four key components: Profile,
memory, planning, and action (Chen et al,, 2024b), as detailed
below.

Commun Transp Res, 2026, 6(2): 9640025
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Fig.1 Overview of the study design and comparative framework.

Profile: A profile defines the unique characteristics of a
simulated individual, serving as the foundation for modeling
realistic agent behaviors in RPLA systems (Chen et al., 2024a). It
typically captures several elements, including the agent’s inherent
attributes (such as age, gender, or socioeconomic background),
task-related specifications (such as role identity, goal orientation,
or decision criteria), and external constraints (such as cultural
norms, environmental factors, or task-specific limitations). A well-
constructed profile enables the agent to behave in a consistent and
plausible manner within the simulated environment (Takagi et al,,
2025). In this study, we use the four attributes introduced in
Section 3.1 (age, gender, education level, and personal income) for
profile construction. Additionally, we treated the city of residence
as a crucial contextual attribute, as it reflects broader sociocultural
and geographical environments that influence agent behavior and
language use.

The concept of a profile involves two key dimensions: Form
and construction (Xu et al., 2024b). The form dimension refers to
the structure and presentation of profile information—ranging
from structured data formats (e.g., JavaScript object notation
(JSON) schemas or attribute tables) to natural language
descriptions or interactive prompts. The construction dimension,
on the other hand, concerns how the information in the profile is
obtained. This may involve manual creation by researchers,
automatic generation via statistical or machine learning models, or
derivation from empirical sources such as ethnographies or
behavioral datasets.

To determine the optimal content and structure for our
prompts, we conducted a preliminary pilot study using a small,
purposively selected subset of the Hong Kong dataset. This
iterative testing process had two primary objectives: (1) Identify
the most salient respondent attributes to include, confirming that
the combination of age, gender, education, and income was
sufficient to elicit differentiated and plausible behaviors; (2) refine
the narrative framing—specifically, how to best integrate the
survey’s background context with the agent’s persona for the
LLM. The insights from this pilot phase directly informed the
construction of the final prompt template used across all
simulations. A summary of the prompt iterations and the
rationale for their refinement is provided below in Table 5.

In this study, the form dimension is implemented as interactive
prompts that generate natural language profile descriptions by
combining demographic and contextual information into
coherent, human-readable inputs. The construction dimension is
implemented by extracting, standardizing, and aligning selected
attributes from the three datasets to build a unified input
framework for simulation. A sample English-language prompt is

https://doi.org/10.26599/COMMTR.2026.9640025

provided below to illustrate the final profile form used in our
study:

You will take on the role of a survey respondent. The purpose
of this survey is to assess people’s risk attitudes through nine
consecutive lottery questions. For each question, you are required
to carefully consider and compare the expected income with the
potential risks; however, you do not need to disclose your
reasoning; simply provide your answers. In this survey, you will
portray a {age}-year-old {gender} from {city}, {country} who has
completed the highest level of education: {education}. Your
monthly income is: {income}.

Note that this prompt explicitly instructs the agent to focus on
the decision criteria of comparing expected income with potential
risks, rather than exploring broader, unconstrained decision
heuristics.

In addition to generating profiles in English, we also created
profiles in Chinese to better align with the native language of
respondents from Hong Kong and Nanjing, China. Prior research
suggests that language differences can influence both the
reasoning processes of RPLAs and experimental outcomes (Goli
and Singh, 2024). Therefore, we aim to investigate whether the
language used in profile construction affects the RPLA’s risk
preferences. The sample prompt in Chinese was translated from
the English version’.

Memory: The second key component is memory. A well-
known limitation of LLMs is their restricted context window,
which constrains the amount of prior information they can retain
during interactions. To maintain the consistency and coherence of
RPLA behavior, it is therefore essential to design a memory
mechanism capable of storing both received input and generated
output from the agent (Alizadeh et al.,, 2024).

Memory involves two aspects: Memory types and memory
operations. Memory can be broadly divided into short-term
memory and long-term memory, with the former focusing on
immediate, session-specific information, and the latter concerning
persistent knowledge across sessions. Memory operations refer to
the agents’ continuous updating and use of their memory,
including writing, retrieval, and reflection.

In this study, short-term memory was implemented by
including the entire session’s interaction history (comprising the
initial profile prompt, all preceding lottery questions, and the

? Following consultation with a third-party language quality assessment agency, the
Chinese translation was found to align well with the English original and to
introduce no ambiguity, omissions, or other translation-induced comprehension

problems.
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Table5 Iterative refinement of RPLA prompts

Prompt iteration

Key problem
identified

Conclusion and
refinement

Initial attempt

“Please act as a survey respondent who is a female, The persona lacked critical economic attributes
aged 19-34, and currently residing in Hong Kong. (e.g., income and education). The instruction to
I will present you with two options, and you must “maximize your benefits” was ambiguous, leading
to ungrounded and generic agent responses.

choose either “Option 1” or “Option 2” to
maximize your benefits.”
Over-specification

“You are a survey respondent who identifies as
female, aged between 19 and 34 years (with an

Conclusion: Personas without economic context
cannot effectively simulate realistic decision-
making.

Refinement: Enrich the persona with key
economic data and provide a clearer cognitive
instruction (e.g., “weigh the risks and rewards”).

Defining an attribute as a probability distribution =~ Conclusion: Simplicity and relevance are key. A
was unnatural for a single agent’s persona. This
added unnecessary complexity and cognitive

persona should represent a single, concrete
individual, not a probabilistic ensemble.

equal probability of being in the age group 19-24 “noise,” interfering with the core decision-making Refinement: Focus the persona on specific, salient

or 25-34), currently residing in Hong Kong....”

Integration of key data
“You are a survey respondent who identifies as
female, aged 25-34 without a driver’s license,
employed full-time, and holding a bachelor’s

degree. Your household consists of two members, This version successfully integrated key economic
data, resulting in plausible, context-aware
reasoning. However, a fundamental structural flaw
monthly income is 35,000 HKD....You are required remained, as it combined the persona with the
task, making it not scalable for multiquestion
surveys where the persona need to persist.

your monthly personal income is 25,000 Hong
Kong dollar (HKD), and your total household

to evaluate the associated risks and rewards of each
option and select the one you consider most
advantageous.... Option 1: You will have 50%
chance of winning 50 HKD and the remaining 50%
chance of winning 2000 HKD. Option 2: You will
win 800 HKD for sure.”

Final solution

process.

attributes directly relevant to economic choices.

Conclusion: A detailed persona with core
economic variables is essential for effective
simulation.

Refinement: Address the final, structural problem
of prompt design to enable sequential questioning.

Decouple the Persona prompt (a one-time setup)
from the Task prompts (the sequential questions).
This allows the agent to maintain a consistent
identity throughout the entire survey.

agent’s previous choices) into the input for each new decision.
This contextual persistence ensures that the agent maintains a
consistent persona and remains aware of its past choices
throughout the nine-question sequence. Long-term memory
across sessions, however, is intentionally excluded. This approach
aligns with the natural thought process of real human respondents
in real-world scenarios, as they have memory of their previous
options in the survey but lack access to others’ experiences and are
required to complete the survey independently.

Planning: Planning refers to the process by which an agent
formulates a sequence of actions to achieve specific objectives. In
this study, we adopt empathetic planning, which leverages prompt-
guided chain-of-thought (CoT) reasoning to enable the agent to
adjust its decisions based on character-related information (Mou
et al, 2026). This approach enhances the agent’s ability to
anticipate and infer the behaviors and emotions of simulated
human respondents before making decisions.

We aim for the RPLA to simulate the decision-making
processes of respondents when faced with sequential lottery-
related questions. Specifically, we expect the agent to construct its
internal reasoning chain by integrating information from its
individual profile, local average income, its financial status, and
the expected returns of different lottery choices. This ensures that
the RPLA’s responses align more closely with the cognitive
processes observed in human participants in real-world settings.
This process is implemented by instructing the agent to internally
deliberate before generating a constrained output, as detailed in
the Action section below.

Action: Action refers to the direct interaction between the
RPLA and the real world. As an interface for simulating human
behavior, action enables the RPLA to effectively execute tasks and
generate responses. We employ a closed-domain approach and
regulate the RPLA’s actions through prompt-based instructions.
Specifically, when responding to lottery-related questions, the
RPLA is required to provide only its final choice without revealing
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the underlying reasoning process. This design serves three
primary purposes. First, it minimizes the influence of linguistic
variability and noise that often emerge during open-ended
reasoning generation. Since LLMs are highly sensitive to prompt
phrasing and contextual cues, exposing step-by-step thought
processes may introduce inconsistencies unrelated to the core
decision logic (Xu et al., 2022). Second, by limiting the output to a
discrete choice, we standardize the response format, which
facilitates reliable and efficient modeling of risk preferences across
different scenarios and agents. Third, it mirrors real-world
surveys, where researchers can only observe respondents’ final
choices, not their reasoning processes. A complete example of a
prompt combining the planning and action instructions is
provided below:

Based on your profile, first think step-by-step about the
expected values and your financial situation. After your internal
deliberation, you do not need to explain your reasoning
process—simply indicate whether you choose “Option 17 or
“Option 2”.

4.2 Risk attitude estimation

A decision maker’s risk attitude refers to their consistent pattern
of ranking and choosing among uncertain outcomes, reflecting
their willingness to accept variability in results (Pratt, 1978).
Specifically, when presented with two alternatives of equal
expected value (e.g., a guaranteed gain of $50 versus a 50% chance
of gaining $100), an individual who prefers the former is
considered risk averse (avoiding potential risks), while one who
prefers the latter is risk seeking (pursuing higher potential returns
despite the risks). If the individual is indifferent between the two,
they are considered risk neutral. In the expected utility framework,
risk attitudes are represented by the curvature of an individual’s
utility function over wealth: Concave utility indicates risk aversion,
linear utility indicates risk neutrality, and convex utility indicates
risk seeking.

Commun Transp Res, 2026, 6(2): 9640025
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In this study, we employ the CRRA model (Dixit et al., 2019a)
to quantify respondents’ risk preferences. The utility function in
the CRRA model is defined as

Ux) = (1)

where x is the reward, and r is the risk preference (v > 0: Risk-
averse; r = 0: Risk-neutral; r < 0: Risk-seeking).

5 Empirical analysis

This section first compares risk attitudes estimated from the real
and simulated data and then examines the impact of using
different prompt languages. To mitigate the impact of
randomness in LLM-generated outputs, each lottery choice task
faced by each respondent in each dataset was simulated three
times. The majority output—i.e., the option selected in at least two
out of three simulations—was adopted as the final simulated
response.

5.1 Comparison of real and simulated risk attitudes

Table 6 summarizes the risk attitudes estimated from real and
LLM-simulated data. Clear and systematic differences emerge
across the three model families. Across all three datasets, the risk
attitudes estimated from GPT-4o-simulated data are consistently
higher than the corresponding real risk attitudes, indicating that
GPT-4o0 tends to produce more risk-averse choices than human
respondents. The estimates derived from GPT ol-mini-simulated
data are also higher than the real benchmarks, but they are
notably closer to the empirical values than those generated by
GPT-4o, suggesting improved fidelity in the simulation of risky
choice. In contrast, the Gemini 2.0 Flash-simulated estimates are
consistently lower than the real risk attitudes across all three

Table 6 Estimation of risk attitudes based on real and LLM-simulated data

Datasets Real GPT-40 GPTol-mini  Gemini 2.0 Flash
Sydney 0.420 1.387 0.641 0.234
Hong Kong  0.765 1.620 0.509 0.157
Nanjing 0.130 0.357 0.229 -0.277
25
2.0
» o
O 15
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datasets, indicating a systematic tendency toward more risk-
seeking behavior relative to human respondents. Paired t tests
further confirm that the differences between real and simulated
risk attitudes are statistically significant at the 1% level across all
datasets and model families. Taken together, these results show
that LLM-based simulations do not deviate from human behavior
in a uniform direction.

To provide a more intuitive view of these directional biases and
to further examine the heterogeneity of simulated risk preferences,
Fig. 2 presents grouped boxplots of the estimated CRRA
coefficients across the three datasets. The figure complements
Table 6 by illustrating not only the directional differences across
model families but also their distributional characteristics.

Beyond the median patterns already reported in Table 6, the
boxplots reveal substantial differences in the extent to which the
models reproduce the empirical dispersion of human risk
attitudes. The human benchmarks (gray boxes) exhibit an
observed spread that reflects considerable heterogeneity across
respondents. Relative to this benchmark, Gemini 2.0 Flash appears
markedly underdispersed in some settings, most notably in the
Sydney dataset, where the interquartile range is highly compressed
and the whiskers are short. This pattern suggests that the model
tends to produce overly concentrated risk-attitude estimates and
therefore fails to capture the observed variation in human
responses.

In contrast, GPT ol-mini shows the opposite tendency in
several datasets, particularly Sydney and Hong Kong, where the
boxes and whiskers are substantially wider than those of the
human benchmarks. This indicates that although GPT ol-mini
often produces medians that are closer to the empirical values, it
does not consistently reproduce the empirical spread of risk
attitudes. In other words, improved alignment in central tendency
does not necessarily imply improved alignment in distributional
shape or variance.

Overall, these patterns suggest that off-the-shelf LLMs struggle
to match both the level and the dispersion of human risk
preferences. Their limitations therefore extend beyond simply
overestimating or underestimating risk aversion and include
difficulty in reproducing the heterogeneity observed in real
respondent populations.

= Real

- EE GPT-40

B GPT o1-mini
Il Gemini 2.0 Flash

k % ;

Sydney

Hong Kong

Nanjing
City

Fig.2 Distributions of estimated risk attitudes across real and LLM-simulated data.
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5.2 Comparison of simulated risk attitudes across different

language prompts

Given that the Nanjing and Hong Kong datasets were collected in
non-English languages, we further examine whether prompt
language affects the simulated risk attitudes from different LLMs.
Specifically, we compare the CRRA estimates obtained under
English and Chinese prompts for GPT-40, GPT ol-mini, and
Gemini 2.0 Flash. The results are reported in Table 7.

Table7 Estimation of risk attitudes using different language prompts

Model City Real English Chinese
Hong Kong 0.765 1.620 1.654
GPT-40

Nanjing 0.130 0.357 0.951
. Hong Kong 0.765 0.509 0.390

GPT ol-mini .
Nanjing 0.130 0.229 0.250
. Hong Kong 0.765 0.157 0.314

Gemini 2.0 Flash B
Nanjing 0.130 -0.277 -0.027

Table 7 reveals that linguistic framing has a substantial and
systematic impact on simulated risk attitudes. A notable pattern
emerges: In five of the six cases, switching the prompt language
from English to Chinese yields a higher estimated CRRA value.
This indicates that Chinese prompts induce a conservatism shift,
driving the LLMs toward greater risk aversion regardless of their
underlying architecture.

The effect of this language-induced shift on simulation
accuracy is determined by the model’s baseline bias. For GPT-40
and GPT ol-mini, estimates generated under English prompts are
already more risk averse than the empirical benchmarks. As a
result, the additional conservative shift induced by Chinese
prompts further amplifies this inherent bias, pushing the
simulated values even farther from the observed data. In contrast,
Gemini 2.0 Flash exhibits a systematic risk-seeking tendency
under English prompts. In this case, the conservatism induced by
Chinese prompts paradoxically counteracts the model’s original
bias, bringing the estimates closer to the empirical benchmarks.
This apparent improvement, however, reflects a mathematical
coincidence rather than any genuine cross-cultural competence.

Overall, these findings show that prompt language does not
simply enhance or degrade simulation fidelity. Instead, it perturbs
the internal calibration of risky choice in a predominantly
conservative direction, while the final degree of alignment with
human behavior depends on the model’s baseline bias. The
mechanisms underlying this pattern and its implications for the
use of off-the-shelf LLMs are discussed in the next section.

6 Discussion and conclusions

Although LLMs have made significant advancements in recent
years, their ability to simulate complex decision-making behavior,
such as risky decision-making, remains unvalidated. This study
explored the capacity of LLMs, specifically GPT-40, GPT o1-mini,
and Gemini 2.0 Flash, to replicate human risk-related decision-
making behavior under uncertainty using lottery-choice scenarios
across three geographically and socioeconomically distinct
datasets. Respondents’ risk attitudes were estimated using the
classical CRRA model, functioning as a “standard ruler” to
benchmark both real survey data and simulated responses
generated by the LLMs.

6.1 Key results
The results show that off-the-shelf LLMs do not share a universal
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risk profile. Instead, different model families exhibit distinct
baseline calibration biases in risky choice. The two ChatGPT
models systematically generate more risk-averse choices than
human respondents, whereas the Gemini 2.0 Flash tends to be
more risk-seeking. This divergence suggests that behavioral
fidelity is shaped by model-family-specific training, posttraining,
and alignment processes. Within the GPT family, GPT ol-mini
nevertheless produces estimates that are consistently closer to the
empirical benchmarks than GPT-40. We interpret this relative
improvement as evidence of higher cognitive fidelity: As a
reasoning-oriented model, GPT ol-mini appears better able to
approximate the probabilistic trade-offs required in lottery-choice
tasks, thereby reducing reliance on shallow heuristics. However,
stronger reasoning does not eliminate the baseline biases
embedded in the models.

Building on the empirical finding that Chinese prompting
predominantly induces a conservative shift in estimated risk
attitudes, we argue that this language-dependent pattern reflects
structural mechanisms rather than simple semantic noise. We
propose three underlying drivers for this phenomenon. First, one
issue is the Anglocentric bias in multilingual model
representations (AlKhamissi et al., 2024; Guo et al,, 2025). As
English heavily dominates most pretraining corpora, models
develop a more robust and finely calibrated baseline for
probabilistic trade-off reasoning in English. Second, another
mechanism concerns cross-lingual mapping within the model’s
latent space, which may not operate neutrally. Prompting in
Chinese may activate specific cultural priors embedded within
Chinese-language training distributions. If Chinese texts
historically frame risky or probabilistic choices more cautiously,
the model will inherently adopt this conservative stance when
generating Chinese responses, shifting away from its English-
calibrated baseline. Third, this baseline conservatism is likely
amplified by language-imbalanced safety fine-tuning. The human
feedback data used in reinforcement learning from human
feedback (RLHF) pipelines are unevenly distributed across
languages (Askell et al,, 2021; Verma and Bharadwaj, 2025). This
imbalance can cause models to overcompensate when processing
non-English languages, relying on coarser and more cautious
heuristics to avoid generating unsafe content. This effectively
imposes an “alignment tax” that reduces behavioral consistency
across languages (Ouyang et al., 2022).

Under this interpretation, whether the conservative shift
happens to improve accuracy, as in the case of Gemini, or worsen
it, as in the GPT models, is secondary. In both cases, it reveals a
fundamental vulnerability in cross-cultural simulation: Off-the-
shelf LLMs do not preserve behavioral calibration consistently
across languages.

6.2 Implications

Our findings highlight an important limitation of using off-the-
shelf LLMs as tools for behavioral prediction. Since different
model families exhibit different baseline calibration biases, the
choice of model can materially affect the inferred pattern of public
risk preferences. In practice, one model family may overstate
conservatism, whereas another may overstate willingness to accept
risk. Without empirical calibration, such biases can distort
inference and lead researchers to draw policy conclusions that do
not accurately reflect observed human behavior.

This limitation is particularly consequential in transportation
research, where risk perception is central to decision-making
under uncertainty. Travel behavior frequently involves
probabilistic trade-offs, including route choice under unreliable
travel times, mode switching during service disruptions, and the
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adoption of emerging mobility technologies under safety and
performance uncertainty. If the underlying risk preference
parameters are systematically miscalibrated, demand forecasts,
welfare evaluation, and policy design may all be biased. For
example, using uncalibrated LLM-generated data to infer
willingness to adopt safety-critical systems such as AVs or low-
altitude mobility services could yield either overly conservative or
overly optimistic projections, depending on the model family
used.

The multilingual results add a further layer of caution. In
linguistically diverse settings, prompt language is not a neutral
implementation choice: It can systematically perturb the
behavioral calibration of the model. This is especially relevant for
transportation systems serving multilingual populations, where
researchers may be tempted to use native-language prompting as
a straightforward way to improve realism. Our results suggest that
such an assumption is unwarranted unless the model has first
been validated against human benchmarks in the relevant
linguistic context.

Overall, the implications of this study are methodological as
much as substantive. Off-the-shelf LLMs should not be treated as
direct substitutes for human respondents in risk-sensitive
behavioral applications. Instead, they should be regarded as tools
whose outputs require domain-specific and language-sensitive
calibration. Rigorous validation against human ground truth
remains a necessary prerequisite for deploying these models in
transportation and other cross-cultural social science settings.

6.3 Future research directions

Our findings point to several promising directions for future
research. First, this study examined risk attitudes using a context-
free approach via lottery choice games. Future work should
evaluate the predictive performance of LLMs in a broader range of
decision-making scenarios under uncertainty, as well as other
types of complex decision-making processes, to enable broader
validation of these models. Second, exploring individual-level
heterogeneity and implementing personalized calibration of LLM
outputs based on respondents’ sociodemographic and
psychological characteristics may improve the accuracy of
simulated decision-making and enhance the practical utility of
these models. In conclusion, this study represents an initial
attempt to examine how LLMs simulate human behavior under
uncertainty. While LLMs show promise as tools for behavioral
modeling, there is still a considerable distance to go before they
can fully and reliably replicate the complexity of human decision-
making.
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