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Abstract

This paper proposes a zero-shot decision simulation method that does not
require explicit behavioral rules. By inputting individual backgrounds and
decision environments in natural language form, we generate "silicon-based
samples" under zero-shot conditions to approximate the decision distribution of
real human populations. Using insurance consumption decisions as an empirical
scenario, the results of this paper indicate that after introducing complete
semantic individual information, the population decision distribution generated by
LLMs is highly consistent with the empirical human distribution, with the
bidirectional KL divergence dropping significantly from 10.75 to 1.683. Further
ablation analysis shows that psychological information plays a critical role in
constraining the decision distribution, and its marginal contribution is
significantly higher than that of other information. We also document boundaries:
performance remains weaker for high-load multi-attribute trade-offs and is
sensitive to prompt interventions that compress or "guide" the information. The
paper clarifies when and how profile-conditioned, zero-shot LLM simulation can
complement traditional surveys, discriminative prediction, and agent-based
modeling for rapid distributional counterfactuals.
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1 Introduction

Economic research and policy evaluation face a common challenge: when market institutions,
information disclosure methods, or contracts change, researchers need to predict how
heterogeneous individuals adjust their decisions, assessing the welfare and consequences of policy
changes by constructing credible counterfactuals. Yet the relevant data are often missing at the
decision point—because the policy has not been implemented, because outcomes lie in the tail, or
because field experiments and surveys are too slow and costly to iterate(Manski 2004). In this
paper, we propose that a zero-shot large language model (LLM), conditioned on
respondent-specific natural-language profiles, can serve as a scalable tool for ex-ante

distributional evaluation in behaviour research and policy settings.
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With the advent of large language models (LLMs), researchers have proposed using LLMs to
construct silicon-based samples to simulate social research (Toubia et al. 2025; Serapio-Garcia et
al. 2025). The simulation of human decision-making by generative Al based on the Transformer
architecture is essentially prompt-based zero-shot prediction (Vaswani et al., 2017), while
pre-trained large models can be viewed as a high-dimensional prior probability space containing
massive human behavior patterns (Ye et al., 2025). Inputting a natural language Prompt with
specific features as a constraint into the model, it essentially adds constraints to the
high-dimensional space to form a conditional probability distribution, prompting the total
probability space to compress toward a specific sub-probability space, and finally outputting a text
with maximum expectation under that sub-probability space.

This paper proposes and tests a method: we view the large language model as a decision
scenario simulator, using personal information and decision scenarios in natural language as its
input, and constructing the decision choice distribution of that population by inputting the personal
information of every real human in the group. Our method does not use algorithms to replace real
human individuals, but provides a reproducible, verifiable "decision simulation model" for
evaluating counterfactual distributions when real data is scarce or when the expected effects of
alternative policies need to be quickly compared during the policy formulation stage. It should be
emphasized that our method does not aim to identify individual preferences, but to obtain a
distribution of decisions based on rich personal information.

We use an insurance decision task as a test scenario, which possesses classic economic
decision problems such as risk assessment, time discounting, emotional anticipation, and
multi-attribute trade-offs. We used real questionnaire data containing 204 respondents and
designed five types of typical decision tasks, including intertemporal choice, willingness to pay,
state dependence, regret emotion, and multi-attribute trade-offs. In terms of experimental design,
we used the real human sample as the standard and constructed multiple sets of control scenarios:
on the one hand, comparing the differences between the decision distribution generated by the
LLM and the real distribution when providing no individual background information versus
providing a complete natural language profile; on the other hand, comparing this method with
traditional machine learning models based on structured features to assess the relative
performance of the generative paradigm in macro-distribution fitting and micro-prediction. It
implies that the LLM inference in this paper is completed under zero-shot conditions and does not
involve any form of retraining or fine-tuning.

Our main finding is that by inputting personal information, the prediction accuracy of the
large language model for individual decisions increases, and at the group level, the large language
model with introduced personal information can achieve a distribution similar to the group
decision distribution. We compared the baseline decision without individual information against
the full-information decision containing demographics, financial information, and psychological
traits. The results show that introducing personal information can significantly improve the fitting
effect of the group distribution, with the bidirectional KL divergence dropping significantly from
10.75 to 1.683, and the JS divergence dropping from 0.430 to 0.117. Secondly, we conducted
ablation experiments for different types of information. The results show that psychological
characteristics are the most important factor in improving the fitted distribution; the bidirectional
KL divergence of its single-factor model (2.025) is far superior to the model using only
demographic information (KL=9.616) and the model using financial information (KL=3.505).



Among them, psychological information regarding risk perception and attitude, social influence
and emotion, and intra-household dynamics has the most significant impact on simulation effects.

For the 5 decision tasks, we conducted simulation prediction analyses respectively. The
results show that our method performs excellently on the four decision problems of intertemporal
choice, willingness to pay, state dependence, and subsequent emotion, with small fitting
differences from the real human distribution, while there is room for significant improvement in
product trade-offs involving high cognitive load. Finally, we further explored the gain effect of
existing human knowledge on the fitting of decision distributions. We found that this knowledge
not only did not improve the fitting effect but actually reduced the degree of fit of the decision
distribution. We believe that the reason lies in the fact that existing classical theories cannot
completely describe all human behaviors; adding this part of information actually introduces a
prior distribution into the model that is biased against real human behavior, thereby causing an
increase in KL divergence.

Currently, mainstream economic analysis tools can be divided into four categories. First,
econometric models. This method can quickly capture data-driven economic changes and provide
short-term forecasts for policies and markets (Sims 1980). But the problem is also obvious: once
the economic environment changes drastically, historical data will immediately become invalid,
and model predictions will suffer shocks accordingly (Lucas 1976). The reason lies in overly
strong assumptions leading to unavoidable model misspecification, spurious causality, and the
famous Lucas critique (McCallum 2010). Second, General Equilibrium models and Dynamic
Stochastic General Equilibrium (DSGE) models. This method examines the economy within a
holistic framework: resource constraints and policy shocks across different sectors, regions, and
times can be systematically included (Kaplan and Violante 2018). It starts from basic
microeconomic principles—consumer utility maximization, producer profit maximization—and
then glues together countless such individuals and sectors to construct a massive economic model
with internally consistent logic (Kirman 1992). But under the assumption of equilibrium, people
are oversimplified into representative agents with "rational expectations," and heterogeneity at the
individual level is erased. However, real economic activity stems from individual heterogeneity,
not homogeneity (Kaplan et al. 2018). Third, surveys and questionnaires. This method can directly
control the way information is presented and obtain counterfactual results. But they are limited by
scale and iteration speed (Manski 2004), and suffer from measurement problems such as classic
stated preference bias and social desirability bias (Keillor et al. 2001; Taylor 2012). Fourth, ABM
models. This method abandons the top-down path of traditional models based on preset macro
laws and turns to a bottom-up simulation method (Schinckus 2019). It no longer tries to find a
unified equation for the entire economy, but views the economy as an evolutionary system
composed of a large number of autonomously interacting "agents" (Axtell and Farmer 2025).
However, problems such as how to set the behavioral rules of agents without presetting the
distribution, how to avoid creating black-box models that are too complex and difficult to explain,
and how to effectively validate and calibrate the models empirically limit the further utility of this
method (Dehkordi et al. 2023).

Our research contributes to this literature. We propose a zero-shot decision simulation
method without explicit behavioral rules, providing an alternative approach to the rule setting and
calibration problems long faced by ABM. However, we do not advocate replacing structural
models or traditional ABM with LLMs, but position it as a distribution-level simulation tool



suitable for data scarcity, early-stage policy design, or scenarios requiring rapid comparison of
multiple contexts.

In addition, this paper provides a line of thought in response to the questioning that LLMs
"can only give average answers" (Gao et al., 2025). Our results show that the output of
heterogeneous answers by large language models does not originate from their internal parameters
(temperature, top k), but from the heterogeneity of their input information. When the input
information possesses sufficient personal characteristics, its output will also possess a
considerable degree of personal characteristics; that is, the enhancement of input features can
effectively mitigate the problem of the large model's answers presenting as homogenized or
stereotyped. This point has been argued in Park et al. (2024) and Toubia et al. (2025). However,
the questions tested in this class of literature were exposed to large language models during the
pre-training stage, and their high accuracy for individual decisions mixes two components: the
average human bias inherent in the model, and the private bias brought by prompt guidance. Our
research combines classic problems with reality, adopting the method of replacing expressions to
circumvent the "memory" and "search" capabilities of large language models. Our research
provides clear usage boundaries and design principles for using large models for group behavior
simulation.

The remainder of this paper is arranged as follows: Section 2 reviews relevant literature and
defines the research background; Section 3 introduces the questionnaire, task design and
evaluation metrics; Sections 4 and 5 report empirical results, robustness checks, and ablation
analyses; Section 6 discusses prompt interventions, applicable boundaries, and responsible use;
and Section 7 concludes.

2 Research Background

2.1 Traditional Consumer Decision Prediction and Limitations

Traditional consumer decision prediction has long been established on utility theory and the
"rational man" assumption, viewing consumers as decision-making subjects capable of integrating
information and maximizing expected utility, thereby providing a standardized analytical
framework for demand prediction and preference measurement (Bray 2009). However, this
idealized picture has been constantly revised in behavioral decision research: consumer judgment
and choice are often limited by incomplete information, cognitive resources, and time pressure,
and brand choice often presents characteristics of being intuition-driven rather than strictly
calculated (Johnson and Puto 1987; Quevedo and Gopalakrishna 2021; Audia et al. 2024). At the
empirical measurement level, Stated Preference (SP) methods have been recorded by a large
number of studies as having systematic "hypothetical bias," that is, compared to Revealed
Preference (RP) in real contexts, respondents in questionnaires/experiments tend to overestimate
willingness to pay and purchase probability; relevant meta-analyses and experimental comparisons
further indicate that this bias can reach significant magnitudes and is influenced by experimental
protocols (Murphy et al. 2005; List and Gallet 2001; List 2001). To reduce bias, research has
proposed procedural corrections such as "explicit warnings" and "certainty reporting/calibration,"
but these methods are more of a calibration of the measurement process rather than a
reconstruction of the decision generation mechanism itself (List and Gallet 2001; Beck et al. 2016).
Meanwhile, the intervention of social norms will further contaminate survey data through Social



Desirability Bias (SDB), especially in high-normativity issues such as ethical consumption,
sustainable behavior, financial behavior, or piracy, where respondents are more likely to give
answers "approved by society"; even using indirect questioning, scale-type self-reporting is still
difficult to completely free from this problem (Keillor et al. 2001; Fisher 1993; King and Bruner
2000; Kelly et al. 2017; Taylor 2012; Bursztyn et al. 2025). Regarding data morphology, reliance
on structured scales also compresses the semantic and contextual information of consumer
experiences, while the use of user-generated content and unstructured data on the enterprise side is
changing the way demand is understood and driving attention to richer data and modeling
paradigms (Hauser et al. 2023; Shin et al. 2020; Adamopoulos et al. 2022; Bisaria et al. 2025).

2.2 Evolution of Prediction Paradigms: From Discriminative to Generative Al

In the past two decades, the mainstream path in the fields of information systems and
marketing has been predictive analytics centered on discriminative modeling: mapping
demographics, historical behavior, and environmental characteristics to labels such as churn,
clicks, or purchases by learning conditional relationships to improve prediction performance and
management decision efficiency (Shmueli and Koppius 2011). The key constraint of this paradigm
lies in its reliance on "feature engineering"—the relationships the model can learn are highly
limited by the variables constructed and encoded by researchers in advance. Faced with massive,
heterogeneous, and unstructured data (such as text, images, cross-platform interactions), without
systematic preprocessing and representation construction, the scalability and information
utilization rate of traditional methods are limited (Liu et al. 2016). The rise of deep learning and
representation learning constitutes an important transition: on the one hand, research has begun to
map text and multimodal content into vector representations to support tasks such as branding,
content, and text exploration, thereby capturing semantic structures with less manual feature
design (Dew et al. 2022; Lee et al. 2022; Hartmann and Netzer 2023); on the other hand, deep
learning has also been used to mitigate privacy and scale constraints in data transfer and extended
to more complex data structures such as graph learning (Anand and Lee 2023; Das et al. 2023).
However, mainstream applications in this stage are still dominated by classification, scoring, and
effect evaluation (e.g., sentiment/attribute scoring, recommendation strategy effect estimation),
solving the problem of "predicting more accurately” rather than "generation process and subject
simulation" (Chakraborty et al. 2022; Adamopoulos et al. 2022; Ma and Sun 2020; Alantari et al.
2022). Generative Al-related research further pushes the move from discriminative prediction to
generative content and interactive personalization: models can not only output scores but also
generate marketing content such as text and images and participate in personalized services,
thereby providing a new technical foundation and research agenda for simulation and intervention
"with behavior sequences as the unit" (Parker et al. 2025; Hartmann et al. 2025; Grewal et al.
2025).

2.3 Silicon-Based Sampling and LLM Simulation

In the context of enhanced generative model capabilities, "silicon-based sampling" is
gradually becoming an operable methodology: researchers use language models to generate a set
of "simulated samples" under given conditions (such as demographic cues, situational information,
or task instructions) to reproduce the response distribution of specific groups in surveys or
experiments, and conduct rapid prototype testing and hypothesis testing based on this (Argyle et al.
2023; Rytting 2023). Relevant research further proposes the "Homo Silicus" perspective, viewing
LLMs as parametrizable economic agents: by endowing them with preferences, endowments, and



information sets, the models can not only answer questionnaire items but also exhibit behavior
patterns similar to humans in more complex economic interactions, thereby providing a new
toolbox for the simulation of market and institutional contexts (Horton 2023; Korinek 2023;
Kitadai et al. 2025). regarding market research applications, existing work has systematically
discussed and empirically tested the usability of LLMs in surveys, concept testing, and insight
generation,  emphasizing  their  potential  complementary  value to  traditional
questionnaire/interview processes in terms of speed, cost, and iterability (Brand et al. 2023; Goli
and Singh 2024). At the same time, the key issue at the methodological level lies in "algorithmic
fidelity": that is, it is necessary to explicitly assess the degree of consistency between
model-generated samples and real populations in terms of distribution, heterogeneity, and context
sensitivity, and define under what conditions extrapolation is reliable (Rytting 2023; Argyle et al.
2023).

2.4 Probability Space, Context Dependence, and Emergent Abilities

From a mechanistic view, using LLMs for decision simulation can be understood as
conditional generation in a linguistic probability space: the word sequence distribution learned by
the model not only encodes linguistic forms but also settles the statistical laws of organizational
interaction, argumentation structure, and action selection to a certain extent; therefore, the process
of "generating the next word" may correspond to "generating reasonable decisions and
explanations in that context" (Faraj et al., 2025). Under this framework, prompt words and
In-Context Learning (ICL) can be viewed as constraints and update mechanisms for the generation
space: by providing the model with task instructions, role settings, and situational information,
researchers can induce it to produce more consistent choices and reasons under specific conditions;
Chain-of-Thought (CoT) prompting further enhances the model's ability to output step-by-step
reasoning in complex tasks, providing an operable technical path for process-level simulation (Wei
et al., 2022). At the same time, the literature emphasizes the importance of "emergent abilities" for
moving from shallow pattern matching to zero-shot generalization and stronger reasoning: when
model scale and training data reach a threshold, reasoning, long-range consistency, and complex
task capabilities may significantly increase, making the simulation of longer-span decision
sequences possible (Wei et al., 2022; Binz & Schulz, 2023; Hu & Tian, 2025). In directions closer
to management decision-making and engineering optimization, recent research has also begun to
explore the agentic performance and application boundaries of LLMs in tasks such as
decision-making under uncertainty, online learning, and combinatorial optimization, providing
new evidence bases and risk discussion spaces for embedding generative models into real decision
processes (Park et al., 2024; Jiang et al., 2025; Csaszar et al., 2024; Ejnarsson Lundberg, 2025).

3 Model and Experimental Design

This section details the insurance consumption decision simulation framework constructed in
this study based on large language models (LLMs). The core mechanism employs natural
language-driven semantic constraints to simulate heterogeneous individual decision-making
processes. The model treats pre-trained LLMs as high-dimensional prior probability spaces, where
multi-dimensional profiles of specific individuals serve as Bayesian constraints. This approach
guides the model to converge from general probability distributions to specific sub-probability
spaces, enabling zero-shot generation of decision outputs with silicon-based sample characteristics.



Figure 1 illustrates the silicon-based sample construction workflow under zero-shot inference.

(a) We constructed a demographic information dataset from N = 204
participants, who answered over seventy questions (basic demographic
characteristics, psychological and behavioral traits, personal financial and
experiential backgrounds) in three sessions.

(b)With this dataset, large language models can simulate human
behavior at low cost in the field of insurance prediction.

Multi-attribute trade-off

N=204 "There are currently two insurance products: Product A (low
premium/short term/basic coverage) vs Product B (high

Basic demographic characteristics premiunylifetime/with physical examination service). Which

Gender, marital status, family structure, & product would you prefer to purchase?"

educational attainment and employment status
Intertemporal choice Willingness to pay for a single
“You are now 30 years old. product
You have two options: Option “There is a type of life insurance

Psychological and behavioral traits

s : 5 with an annual premium of 1,300
Risk perception and behavior, decision-making AsRecervell,(100:yuanincash. D P

preferences, consumption habits, self-efficacy, —_ u:nmedllaltelly... Option B:, —— gggﬂozxz]d 2 :;slcl\/([:;)velrzsgl: ;ﬁw
decision-making participation, social influence, Dep 0sit It into your pension i gu o hasi
event accessibility, financial literacy, and internal insurance account and receive 111Fer.este- youqire 1IPUrCHasicg
family status 5,000 yuan when you are 60...” this insurance?
Regret Theory and Emotional
State-dependent bias Expectation
Personal financial and experiential background You have been purchasing life “Scenario A: Purchased flight delay
Age, property, savings, income, net family assets, & insurance from Company A for three insurance but the flight was on time
personal and parents' health conditions, experience consecutive years... Company B has (wasted money). Scenario B: Did not
of working in a different place and past risk event launched a new product... The purchase flight delay insurance but the
experiences coverage has narrowed... How would flight was delayed (missed out on
you choose? compensation).”
Personal information data of the questionnaire LLM Decision-making

Figure 1 Silicon-Based Sample Construction Diagram

Note: This figure illustrates the pipeline for generating silicon-based samples. The process
begins with collecting heterogeneous individual data (demographics, psychology, finance),
transforming them into natural language profiles, and inputting them into a frozen LLM as a
Bayesian prior. The model then performs zero-shot reasoning to output decision distributions
compliant with the specific sub-probability space.

As shown in Figure 1, this study constructs an end-to-end silicon-based decision simulation
framework aimed at realizing the mapping from real individual characteristics to decision
behaviors. The operational logic of the model follows the path of "personal
characteristics—probability space compression—zero-shot reasoning": First, the model transforms
heterogeneous individual data obtained through questionnaires (including explicit demographic
characteristics and financial status, as well as implicit psychological behavioral traits) into
structured natural language prompt words (Prompt), thereby constructing a digital "user profile"
with rich granularity; subsequently, this profile is injected into the large language model as a
strong Bayesian prior, forcing the model to compress its general high-dimensional probability
distribution to a subspace conforming to the specific individual characteristics; finally, in a
specific insurance consumption scenario, the model performs zero-shot reasoning within the
restricted probability subspace to generate the corresponding "silicon-based sample" decision
sequence.

3.1 Questionnaire Design

Regarding questionnaire design, we integrated multiple papers and theoretical frameworks.
regarding explicit factors, the questionnaire not only collected basic demographic characteristics
such as gender, age, family composition, and marital status (Anderson 2018; Halek and
Eisenhauer 2001), but also collected personal property (Flavin and Yamashita 2002), savings
(Hubbard et al. 1995), income (Gropper and Kuhnen 2025), family net assets, health status of
oneself and parents (Yogo 2016), non-local employment history (Dustmann et al. 2023), and past
risk event experiences to supplement insurance decision information.

On the implicit psychological dimension, the construction of questionnaire items was strictly



based on theoretical definitions in the literature. Among them, risk illusion is defined as an
individual's excessive worry about low-probability risks or relative underestimation of major risks
(Dikmen et al. 2018), based on which measurement items regarding worry about the probability of
serious illness or accidents were set. At the same time, studies indicate that marketing fraud
perception and inertia also affect consumer decisions (Estelami and Liu 2024). Based on
definitions in the literature, this questionnaire measured behaviors where marketers induce
purchases through misleading quotes and situations where consumers habitually use institutions
with poor service or uncompetitive rates (Estelami 2014).

Risk attitude also has a significant impact on consumer decisions (Lim et al. 2022); based on
this, this questionnaire designed questions involving income reduction sensitivity and risk
aversion willingness to pay. In addition, based on research mentioning that consumers are
influenced by the financial decisions of those around them, peer effects were introduced to explore
the decision pressure formed by the financial choices of surrounding groups on the individual
(Lieber and Skimmyhorn 2018). Furthermore, studies point out that the financial literacy
dimension covers multiple aspects such as financial knowledge, financial behavior habits,
financial status, and information acquisition channels, all of which significantly affect consumers'
financial decisions (van Rooij et al. 2024; Xiao and Tao 2020). Based on consumer empowerment
theory, this questionnaire also constructed self-efficacy and perceived controllability modules, and
integrated measurement items on decision authorization preference, purchase decision
involvement, and perceived performance risk regarding insurance company claims fulfillment
(Buehler and Maas 2018). Simultaneously, drawing on regret theory and decision content
accessibility, this questionnaire was designed to measure the psychological pain anticipation
consumers might experience (Bailey and Kinerson 2005) and the degree of influence of the
activation level of vivid events in memory on personal decisions (Kusev et al. 2017).

We distributed the questionnaire on the "Jianshu" platform in three batches on December 24,
29, and 30 2025. By selecting participants with a past adoption rate of greater than or equal to
90% to ensure sample quality, and then screening samples based on attention checks and reverse
validation questions, 46 invalid questionnaires were eliminated, and finally, 204 samples were
collected.

The question list and measurement content are shown in Table 1. Please see Appendix A for
the specific content of the questionnaire.

Table 1 Question List and Measurement Content

Task (Source) Measurement Content

Gender Gender may affect risk perception and insurance demand; differences may exist
between males and females regarding insurance purchase types and amounts.
Marital status may affect the perception of family responsibility; married

Marital Status (Halek and individuals are more likely to purchase family protection-oriented insurance such

Eisenhauer 2001) as life and health insurance.
Family Composition
(Children Status) (Anderson The influence of children structure on insurance allocation.
2018)
Family Composition The number and age of children affect demands for education and medical
(Number of Children) insurance; the more or younger the children, the higher the related insurance
(Anderson 2018) demand may be.
Family Composition
(Children Age) (Anderson Children's age affects insurance purchasing decisions.
2018)
Education Level (Halek and ~ Those with higher education levels typically have higher financial literacy and are
Eisenhauer 2001) more likely to understand and purchase complex insurance products.
Employment Status Self-employed individuals lack corporate protection and are more likely to

(Self-employed/Business purchase commercial insurance as risk compensation.



Task (Source) Measurement Content

Owner) (Halek and

Eisenhauer 2001)
. . . Individuals with high risk illusion may underestimate true risks, leading to

Risk Illusion (Estelami . S . . .
2014) insufficient insurance purchasing. .Con.sumers who are more worried about getting
sick may be more inclined to purchase insurance.

Utility Function The degree of concern for income affects risk decisions; different curve shapes may

(Markowitz 2010)

lead to differences in insurance purchase willingness.

Risk Tolerance (Lim et al. Those with high risk tolerance may be more inclined toward investment-oriented
2022) insurance, while those with low tolerance prefer protection-oriented insurance.
Marketing Fraud Perception ~ Those sensitive to marketing fraud may hold a skeptical attitude toward insurance
(Estelami 2014) sales pitches and be more cautious in purchasing decisions.
. . Missing information may affect consumers changing their insurance purchase
Information Presentation - . . . . e
. willingness. Brief or biased information may enhance consumers' willingness to
Bias (Anderson 2018) .
change insurance purchases.
Overconfidence (Sandroni Overconfident individuals may believe they do not need insurance, leading to low
and Squintani 2007) purchase willingness.
Inertia (Estelami 2014) Individuals with strong inngia may c.ontinue their existing insurance allocation and
be unwilling to adjust or make new purchases.
Those with high self-efficacy are more confident in making correct insurance
Consumer Empowerment . . e .
decisions, and their purchase willingness may be stronger. Consumers who believe
(Buehler and Maas 2018) . - . .
insurance claims are useful are more likely to purchase insurance.
Reverse Validation Serves as a reverse validation question for Question 29, used to test the consistency
Question (N/A) of self-efficacy measurement.
Decision Delegati . . . .. -
ecision Delegation Those preferring delegation may entrust insurance decisions to others, resulting in
Preference (Buehler and low personal involvement
Maas 2018) p :

Purchase Decision s . . . .
Involvement (Buehler and Those with high involvement are more likely to gain an in-depth understanding of

Maas 2018) insurance products, making purchasing decisions more rational.
Peer Effect (Lieber and Those vs_11th strong peer effects_may follow suit in purc_hasmg insurance becau_se
. their social circle does so. Making insurance consumption decisions by following
Skimmyhorn 2018)

friends' decisions.
Those with positive anticipated emotions may be more willing to pay for future
protection, resulting in high purchase willingness.

Anticipated Emotion
(Bailey and Kinerson 2005)
Decision Content

o Those who can easily access insurance-related information are more likely to make
Accessibility (Kusev et al. . ..
informed decisions.
2017)
Non-rational State . . . .
Non-rational states (such as mood swings) may lead insurance purchase decisions
Influence (Kusev et al. . : .
2017) to deviate from rationality.
Financial Literacy (Xiao Those with high financial literacy better understand insurance functions, and their
and Tao 2020) purchase willingness and allocation are more reasonable.
Attention (Cl\lll/el:;( Question Used to screen invalid samples; does not directly affect insurance purchasing.
Perceived Performance Those with high trust in insurance companies are more willing to purchase their
Risk (Buehler and Maas products. Overall trust in the insurance industry affects purchase willingness and
2018) product choice.
Sense of Control (Lim et al. Those with a strong sense of control may believe they can cope with r_1sks
2022) themselves, leading to low insurance demand. Consumers capable of setting and

achieving long-term financial goals may be more inclined to purchase insurance.
Those with high spousal support may be more active in family insurance planning.
It may be easier to make financial decisions when supported by a spouse.

Perceived Spousal Social
Support (Lim et al. 2022)
Insurance Positioning in

Family Finance (Li f al. Those who view insurance as a necessity are more likely to continue purchasing
2021) and renewing.

Risk Attitude (Lim et al. Risk-averse individuals are more inclined to purchase protection-oriented
2022) insurance.

Age (Hambel et al. 2017) Age affects the type of insurance demand; for example, young people prefer health

insurance, while middle-aged and elderly people focus on pension insurance.
Property Status (Flavin and  Property owners are more likely to purchase property insurance and family liability
Yamashita 2002)

insurance.
Regular Savings Status Those with saving habits are more likely to have financial planning awareness and
(Hubbard et al. 1995)

stronger insurance purchase willingness.
Income Status (Gropper and The higher the income, the higher the insurance purchasing power and demand
Kuhnen 2025) typically are.
Family Net Assets

Those with high net assets are more likely to purchase high-value or diversified



Task (Source)

Measurement Content

Parents' Income (Chew et
al. 2018)

Health Status (Yogo 2016)

Parents' Health Status (Ko
2022)
Non-local Employment
History (Dustmann et al.
2023)

Social Basic Medical
Insurance Participation
Social Basic Pension
Insurance Participation
Commercial Insurance
Participation
Major Event Experience
(Gallagher 2014)

Claims Experience

insurance products.
Parents' income may affect an individual's economic security and insurance
demand.
Those with poor health are more likely to purchase health insurance and critical
illness insurance.
Parents' health issues may affect the individual's awareness of purchasing
insurance.

Non-local employees may rely more on commercial insurance to make up for gaps
in social security.

Those who already have basic medical insurance may have reduced demand for
commercial health insurance or purchase it as a supplement.
Those who already have pension security may have reduced demand for
commercial pension insurance or use it as a supplement.
Those who have purchased commercial insurance are more likely to continue
purchasing or upgrade their insurance.
Those who have experienced major risk events value insurance protection more,
and their purchase willingness is enhanced.
Those with good claims experience trust insurance more and have high willingness
to renew and purchase additional insurance; those with poor experience may stop
purchasing.

Note: This table summarizes the variables collected in the survey. Source indicates the

literature reference for the theoretical construct. Measurement Content describes the rationale
behind including the specific variable for insurance decision profiling. Explicit factors (e.g.,
demographics) and implicit factors (e.g., risk illusion, psychological traits) are both included to

construct the "Full Context" profile.

3.2 Insurance Purchase Scenarios and Decisions

To verify the expressive power of silicon-based samples in real consumption decisions, we

selected the following 5 questions for testing. Table 2 reports the stem content of the questions.

For more content, please see Appendix A.

Table 2 Insurance Purchase Scenarios and Decisions

No. Decision Content Question
. You are now 30 years old. You have two choices: Choice A: Get
Intertemporal Tests time : . . . e .
Ql . 1,000 yuan cash immediately... Choice B: Deposit into a pension
Choice preference .
insurance account, get 5,000 yuan at age 60...
Single Product There is a life insurance policy with an annual premium of 1,300
. Tests value . . o
Q2 Willingness to . yuan and a basic sum insured of 500,000 yuan... How willing are
perception ..
Pay you to buy this insurance?
State-Dependent  Tests inertia and You have purchased life insurance from Company A for three
Q3 : oo consecutive years... Company B launches a new product...
Bias switching costs
narrower coverage... How would you choose?
Imagine this scenario: Scenario A: Bought delay insurance but
Regret Theory S flight was on time (wasted money). Scenario B: Didn't buy delay
. Tests irrational . . . .
Q4 and Emotional . insurance but flight was delayed (missed compensation).
L emotional factors L . ;
Anticipation Question: Which scenario would cause you stronger negative
emotion?
Two insurance products available: Product A (Low premium/short
. . Tests trade-offs . .
Multi-Attribute : term/basic coverage) vs Product B (High
Q5 under high

Trade-off

cognitive load

premium/lifetime/includes physical exam service). Which product
do you prefer to buy?

Note: This table outlines the five specific decision-making tasks (Q1-QS5) used to evaluate

the model. Each task corresponds to a classic economic or psychological theory (e.g.,

Intertemporal Choice, Regret Theory) to test the model's capability in simulating various

dimensions of consumer behavior.

To verify the expressive power of silicon-based samples in real consumption decisions, this
study designed five types of typical decision tasks (Q1-Q5). These scenarios not only cover
typical links in insurance consumption but are also used to assess the fit between the model and



real decisions.

The intertemporal choice decision requires individuals to decide between immediate profit
and deferred profit to measure their time bias and time discount rate. Insurance products naturally
possess the intertemporal attribute of "current expenditure, future benefit." By setting a contrast
between receiving cash at age 30 and receiving a pension at age 60, it is possible to probe the
patience level of individuals in long-range expectations. As Manski (2004) pointed out, measuring
such subjective expectations is crucial for understanding individuals' long-term precautionary
savings motives in data-missing contexts.

The single product decision aims to test individuals' value perception of insurance and the
boundaries of risk premium by setting specific annual premiums and insured amounts.

State-dependent bias focuses on whether individuals will change their long-term insurance
habits when facing new and old product choices, used to test decision inertia and state dependence.
Previous studies have pointed out that financial consumers show significant status quo bias in
decisions; even if new products have price advantages, switching costs and dependence on the
original institution will inhibit their adjustment behaviors (Estelami 2014).

According to Bailey and Kinerson (2005), regret avoidance is an important determinant of
individual risk tolerance, and many insurance purchase decisions are influenced by irrational
emotions. When facing emotions generated by payouts, it can reflect the individual's irrational
psychology. Q4 captures the emotional anticipation of the sample in the risk-avoidance process by
comparing the negative feelings of "wasting money" and "missing compensation."

In the multi-product trade-off scenario, the questionnaire simulated the trade-off decisions of
the sample in a high cognitive load environment by setting different premiums, insurance terms,
and additional benefits.

3.3 Model Setting

In terms of specific architectural implementation, the model systematically integrates three
dimensions measured by the questionnaire: basic demographic characteristics [Partl Demo],
implicit psychological and behavioral traits [Part3 psych], and personal financial and experience
background [Part4 finance]. Finally, these profile traits and specific insurance decision test
questions ([Question_Test]) are logically combined to construct the following standardized prompt
processing sequence:

= 1 Demo] + [ 3 psych] + [ 4 finance] + [ _Test]

Each respondent profile is constructed by mapping the questionnaire modules into a
standardized natural-language template (demographics, financial background, psychological traits)
and concatenating it with the corresponding decision-task stem. Appendix A reports the full
questionnaire items and task stems.

And as a control baseline group, only the test question is input in the prompt.

=1 |

3.4 Evaluation Indicator System

This study adopts a multi-level indicator system to evaluate model performance,
comprehensively considering everything from the precision of individual predictions to the fit of
group distributions.

This paper uses Accuracy, Weighted Kappa Coefficient (QWK), and Stability to measure the
micro-prediction ability of silicon-based individuals.

(1) Accuracy: The proportion of samples correctly predicted by the model, serving as a basic



evaluation indicator.

A Number of Correct Predictions —, (True = Predict)
cecuracy = — =
y Total Number of Predictions

(2) Weighted Kappa Coefficient: Used to measure the consistency between predicted values

and true values in ordinal classification tasks, addressing the class imbalance problem through

squared penalties.

() GH—- ))
1- )

(3) Stability (Agree Rate): The fraction of identical model outputs across repeated inferences

QWK =
under the same prompt (and, where applicable, under specified perturbations), used as a reliability
diagnostic for stochastic decoding.

Number of Stable Outputs - (Predict = PrediCt(new))
Total Outputs -

Stability =

For each decision task, we form empirical choice distributions for the human sample and the
model outputs under the corresponding prompt. We compute Forward KL (Real|Pred), Reverse
KL (Pred|[Real), their sum (Bidirectional KL), and JS on these discrete distributions.

(4) KL Divergence:

Forward KL (Real|[Pred): Measures the information loss of the model prediction distribution
deviating from the real distribution.

Forward kL (True  Predict) = True( ) log <—TrUE( ) >
Predict( )
Reverse KL (Pred||Real): Measures the difference of the real distribution relative to the

prediction distribution, used to detect mode collapse.

i ict( )
Reverse kL (Predict  True) = predict( ) 10g <&
True( )

Bidirectional KL: Comprehensive assessment of the mutual difference between two distributions.
Bidirectional kL (True  Predict) + , (Predict True)
(5) JS Divergence: A symmetric smoothed improvement version of KL divergence, with
values in the interval [0, 1], solving the asymmetry problem of KL divergence, used to measure
distribution differences more robustly.

1
= > (True + Predict)

1 1
55(True,Predict) = > kL (True ) +§ k. (Predict )

4 Empirical Results

We proceed in three steps. First, we test whether profile-conditioned, zero-shot LLM
inference can recover the population distribution of insurance decisions, using bidirectional KL
and JS as primary distribution-fidelity outcomes. Second, we conduct robustness tests using
placebo effects by modifying the temperature, replacing the large language model, and reordering
the input information. Third, we compare our results with those from supervised learning to
explore the performance gap between our method and supervised learning trained with data.



Finally, we perform ablation studies on the input information to analyze which information is most
valuable for the simulation.

4.1 Full Sample Results

Based on the empirical data of the full sample (N=204), we conducted a comparative analysis
between the "Baseline Group (Pure_Question2)" and the "Full Information Group (BG_1 3 4)"
containing all personal information. Table 3 reports the average results of the relevant indicators
for the two groups across 5 questions.

Table 3 Full Sample Results (n=204)

Condition Pure Question2 BG 1 3 4
Accuracy 0.304 0.411
Stability (Agree Rate) 0.843 0.847
QWK -0.004 0.135
KL Forward (Real||Pred) 9.642 1.401
KL Reverse (Pred|Real) 1.108 0.282
KL Bidirectional 10.750 1.683
JS_Divergence 0.430 0.117

Note: Pure Question2 represents the baseline condition with no background information.
BG 1 3 4 represents the full-profile condition including demographic, psychological, and
financial information. Accuracy measures individual-level prediction correctness. QWK
(Quadratic Weighted Kappa) measures ordinal agreement. KL Divergence (Kullback-Leibler) and
JS Divergence (Jensen-Shannon) measure the distance between the model-generated distribution
and the empirical human distribution; lower values indicate better distributional fidelity.

In the full sample (Table 3), the full-information condition (BG_1_3 4) reduces bidirectional
KL divergence from 10.750 to 1.683 and JS divergence from 0.430 to 0.117 relative to prompting
with the question alone (Pure Question2). Micro-level diagnostics also improve (Accuracy: from
0.304 to 0.411; QWK: from 0.004 to 0.135) while stability remains comparable (Agree Rate:
0.843 vs 0.847). This indicates that introducing individual features via natural language acts as a
strong Bayesian constraint, successfully guiding the large language model to converge from a
general prior distribution to a probability subspace highly consistent with the real population. In
terms of accuracy, the full information group also showed improvement.

4.2 Robustness

To verify the robustness of the model results, this section employs replacement of large
language model internal parameters, large language model architectural heterogeneity, and
methodological paradigm comparison to complete robustness testing.

4.2.1 Temperature

The output of large language models possesses randomness, usually controlled by the
Temperature parameter. To verify that the model's fit to the real population distribution does not
stem from coincidences brought by high randomness, we set the Temperature parameter to 0.0, 0.4,
and 0.8 respectively, and repeated the above experiments under each setting. Table 4 shows the
experimental results under different parameters.

Table 4 Experimental Results with Different Parameters

Temperature 0.8 0.4 0.0

Pure Q BG 13 Pure Q BG 13 Pure Q BG13
Condition
uestion2 4 uestion2 4 uestion2 4




Accuracy 0.307 0.412 0.302 0.406 0.306 0.405

Stability
0.852 0.854 0.849 0.849 0.856 0.855
(Agree Rate)
QWK 0.010 0.138 0.002 0.140 0.004 0.136
KL Forward
9.475 1.196 9.892 1.339 10.869 1.197
(Real|[Pred)
KL Reverse

1.103 0.283 1.113 0.279 1.123 0.286
(Pred|[Real)

KL Bidirectional ~ 10.577 1.479 11.005 1.618 11.992 1.483
JS_Divergence 0.429 0.117 0.438 0.116 0.440 0.118

Note: This table reports model performance under varying temperature settings (
{0.0,0.4,0.8}). Results indicate that the fit of the full-information group (BG 1 3 4) remains
stable and superior to the baseline across different randomness levels, suggesting the results are
driven by profile conditioning rather than stochastic noise.

Data corresponds to the source text. For BG 1 3 4, KL Bidirectional values are 1.479
(Temp 0.8), 1.618 (Temp 0.4), and 1.483 (Temp 0.0).

The experimental results indicate that regardless of how Temperature changes, the
bidirectional KL divergence of the full information group (BG 1 3 4) consistently stabilizes in
the low range of 1.479 to 1.618, far lower than the baseline group's 10.577 to 11.992. This
suggests that the constraint power of natural language Prompts on the model probability space is
dominant, effectively resisting the noise interference brought by sampling parameter changes. The
model's restoration of human decision distributions is based on effective reasoning of user features,
not randomly generated artifacts.

4.2.2 Replacing Large Language Models

To rule out the influence of specific model training data bias on the results and verify the
universality of the paradigm, we replaced the underlying inference model with GPT-4o,
DeepSeek-v3, and Gemini-3.0-flash, conducting cross-model validation. Table 5 reports the
performance of each model in the baseline group and the full information group.

Table 5 Cross-Model Validation Results

GPT-40 DeepSeek-v3 Gemini-3.0-flash
Condition Pure Q BG 13 Pure Q BG 13 PueQ BG13
uestion2 4 uestion2 4 uestion2 4
Accuracy 0.281 0.390 0.291 0.409 0.380 0.428
Stability
0.804 0.815 0.927 0.902 0.927 0.890
(Agree Rate)
QWK 0.000 0.048 -0.007 0.049 0.003 0.154
KL Forward
8.866 5914 12.848 3.566 10.560 1.798
(Real|[Pred)
KL Reverse

1.249 0.623 1.173 0.571 0.916 0.268
(Pred|[Real)

KL Bidirectional ~ 10.115 6.538 14.021 4.137 11.476 2.066
JS_Divergence 0.421 0.259 0.454 0.244 0.382 0.118

Note: Comparison of simulation performance across different LLM architectures (GPT-4o,
DeepSeek-v3, Gemini-3.0-flash). BG_1 3 4 consistently outperforms Pure Question2 across all



models, demonstrating the generalizability of the proposed method. Lower KL and JS values
indicate a closer fit to human data.

The results show that for all models, after introducing background information, both KL
divergence and JS divergence dropped substantially. For example, DeepSeek-v3's bidirectional KL
divergence dropped from 14.021 to 4.137, and Gemini-3-flash dropped significantly from 11.476
to 2.066. In this task, Gemini-3-flash demonstrated fitting capabilities closest to the main
experiment model (GPT-5), with its full information group JS divergence being only 0.118, highly
consistent with the main experiment results.

4.2.3 Random Permutation of Input Information

To further verify that the improvement in model performance indeed stems from logical
inference of "specific individual features," rather than simply from random gains due to increased
Prompt length or general background noise, we designed a "placebo test" based on information
misalignment.

We constructed a shuffled matching mechanism. While keeping the total amount of
questionnaire questions (Part 2) and all background information (Part 1, 3, 4) unchanged, by
rotationally displacing the sample list, we forced a pairing of user background information U;
with user decision problem D; (where i # j). At this time, although the model received equally
rich and real natural language descriptions, the input features did not match the decision subject. If
the paradigm proposed in this study is effective, breaking the "person-decision" correspondence
should lead to a significant decline in micro-prediction performance.

Table 6 shows the comparison results between the original matching group and the shuffled
matching group.

Table 6 Input Information Random Permutation Experimental Results

Condition BG 1 3 4 Shuffled BG_1 3 4 Original
Accuracy 0.373 0.422
Stability
0.856 0.852
(Agree Rate)
QWK 0.013 0.134
KL Forward
- 1.673 1.659
(Real|[Pred)
KL Reverse
0.294 0.288
(Pred|[Real)
KL Bidirectional 1.968 1.947
JS_Divergence 0.123 0.120
McNemar p_exact 0.000%**

Note: BG 1 3 4 Original uses correctly matched user profiles. BG 1 3 4 Shuffled
randomly permutes profiles (mismatched user-prompt pairs). The significant drop in
individual-level metrics (Accuracy, QWK) in the shuffled group confirms that the model utilizes
specific individual information for prediction. *** indicates p<0.001 based on the McNemar test.

The experimental results revealed two issues. First, the significant decline in micro-level
prediction suggests that profile—person matching matters for individual alignment. When
background information was misaligned with the decision maker, the model’s weighted kappa
(QWK) fell from 0.135 to 0.013, and accuracy also declined (McNemar p < 0.001). This pattern is

consistent with micro-level gains being driven by matched conditioning information rather than



prompt length alone. When conditioned on mismatched profiles, the model outputs can remain
coherent but are less aligned with the intended individual benchmark.

Second, the stability of the macro-distribution reveals the source of robustness for group
simulation. It is worth noting that the KL divergence and JS divergence of the shuffled group are
very close to the original group (KL Bidirectional: 1.968 vs 1.947). This result does not conflict
with the conclusions of this paper but further reveals the internal mechanism of LLM-based ABM
simulation: the fit of the group distribution depends on the overall distribution characteristics of
the input group profile set, rather than the one-to-one correspondence of individuals. Since the
shuffling mechanism only changed the arrangement order of the samples without changing the
total probability density distribution P(X)P(X)P(X) of the input information, the aggregated
decision distribution P(Y)P(Y)P(Y) output by the model can still restore the overall preference
shape of the real population.

In summary, the random permutation experiment further clarifies the applicable boundaries
of the method in this study: if the goal is to predict the behavior of specific individuals, sufficient
profile features must be ensured; whereas if the goal is to simulate market macro-distributions
(such as policy evaluation), it is necessary to construct a silicon-based group profile library that is
representative in statistical characteristics.

4.3 Comparison with Machine Learning Models

This subsection aims to verify the superiority of the "natural language + generative model"
paradigm relative to the traditional "structured features + discriminative model" paradigm. We
input questionnaire background information into machine learning models in the form of
structured features and adopted a unified data preprocessing pipeline to ensure reproducibility and
cross-model comparability.

In the data preprocessing stage, for numerical features, median imputation was used to handle
missing values, and standardization was performed to satisfy zero mean and unit variance in the
training set; for categorical features, mode imputation was used to handle missing values, and
one-hot encoding was used to transform them into sparse indicator variables. We used 5-fold
cross-validation to test the results of machine learning models on this task. The comparative
experimental results are shown in Table 7.

Table 7 Comparison Results of Random Forest Model and Large Language Model

Condition Random Extra Gradient Ada Boost Logistic BG 134
Forest Trees Boosting Regression

Accuracy 0.471 0.454 0.422 0.416 0.375 0.411
Stability (Agree Rate) 0.939 0.954 0.956 0.999 1.000 0.847
QWK 0.155 0.165 0.106 0.091 0.159 0.135
KL Forward (Real||Pred) 2.054 2.150 0.818 1.223 0.580 1.401
KL Reverse (Pred|[Real) 0.317 0.298 0.371 0.246 0.372 0.282
KL Bidirectional 3.080 2.448 1.189 1.469 0.952 1.683
JS Divergence 0.134 0.117 0.063 0.066 0.058 0.117

Note: Comparison between the zero-shot LLM approach (BG 1 3 4) and traditional
supervised learning models (trained with 5-fold cross-validation). While Random Forest achieves
higher micro-accuracy, the LLM demonstrates superior performance in capturing
macro-distributional heterogeneity (lowest JS Divergence and Bidirectional KL), avoiding the

"mode collapse" common in discriminative models.



Observing Table 7, compared to discriminative models exemplified by Random Forest, the
large language model demonstrated a stronger ability to capture group heterogeneity. Although the
Random Forest model achieved the highest 0.471 in prediction accuracy for micro-individuals, the
cost was a severe distortion of the macro-distribution, with its bidirectional KL divergence
reaching as high as 3.080, significantly worse than the LLM full information group's 1.683. This
phenomenon reveals the limitations of traditional ensemble tree models when dealing with social
science data: to minimize the loss function, the model tends to filter out "noise" in the data and
converge toward the mode. In contrast, the LLM, based on a generative probabilistic sampling
mechanism, does not attempt to eliminate uncertainty in human decision-making, but preserves
the possibility of long-tail choices.

It should be pointed out that Gradient Boosting and Logistic Regression were slightly
superior to LLM in distribution fitting indicators (KL divergence 1.189 and 0.952 respectively),
but this actually reflects an asymmetric competition between different training paradigms.
Machine learning models run within a fully supervised learning framework with 5-fold
cross-validation, meaning the models have fully fitted the feature distribution of historical data
before inference; whereas the LLM is under zero-shot conditions, reasoning solely on semantic
understanding of the natural language Prompt and general priors. In other words, the LLM,
without exposure to any training data, can obtain fitting results approaching supervised learning
models solely through semantic inference.

4.4 Analysis of Decisions by Scenario

To deeply explore the performance of large language models in different types of insurance
decision tasks, we further conducted a detailed analysis of the five specific decision scenarios
(Q1-Q5).

4.4.1 Intertemporal Choice

Intertemporal choice (Q8) aims to test individuals' time preferences. Table 8 reports the
indicator results for the baseline group and the full information group.

Table 8 Intertemporal Choice Results

Condition Pure Question2 BG 1 3 4
Accuracy 0.333 0.395
Stability (Agree Rate) 0.89 0.818
QWK 0.001 0.138

KL Forward (Real||Pred) 10.046 1.83

KL Reverse (Pred|Real) 1.07 0.333
KL Bidirectional 11.116 2.163
JS Divergence 0.443 0.139

Note: Comparison of distributional fit for time preference decisions. The introduction of full
profiles (BG 1 3 4) significantly reduces distribution divergence compared to the baseline,
indicating effective capture of individual time discounting factors.

Experimental results show that in the absence of background information, the baseline
group's KL divergence was as high as 11.116, indicating that the general model cannot accurately
capture individuals' patience levels. By contrast, the experimental group introducing full
information profiles significantly reduced the KL divergence to 2.163 by integrating age, income,
and psychological characteristics, and raised QWK to 0.138. This indicates that natural language

profiles effectively constrained the model's inference of time discount rates.



4.4.2 Single Product Willingness to Pay
Single product willingness to pay aims to test individuals' value perception ability. Table 9
reports the indicator results for the baseline group and the full information group.
Table 9 Single Product Decision Results

Condition Pure Question2 BG 1 3 4
Accuracy 0.216 0.472
Stability (Agree Rate) 0.78 0.869
QWK 0.016 0.251
KL Forward (Real||Pred) 7.425 1.177
KL Reverse (Pred|Real) 1.266 0.267
KL Bidirectional 8.691 1.443
JS Divergence 0.446 0.113

Note: Comparison of distributional fit for single product willingness to pay. The introduction
of full profiles (BG_1 3 4) significantly reduces distribution divergence compared to the baseline,
indicating effective capture of individual time discounting factors.

Notes: Accuracy doubles from 0.216 to 0.472; KL._Bidirectional drops from 8.691 to 1.443.

Test results show that the effectiveness of the natural language paradigm is particularly
outstanding. After introducing background information, the model's prediction accuracy doubled
from 0.216 to 0.472, and QWK increased from 0.016 to 0.251. More importantly, the bidirectional
KL divergence plummeted from 8.691 to 1.443, and JS divergence was only 0.113. This result
means that as long as sufficient user background is provided, the large language model can highly
restore the acceptance distribution of specific prices by specific populations.

4.4.3 State-Dependent Bias

State-dependent bias aims to test the decision inertia of individuals when facing choices
between new and old products. Table 10 reports the indicator results for the baseline group and the
full information group.

Table 10 Inertia Decision Results

Condition Pure Question2 BG 1 3 4
Accuracy 0.402 0.485
Stability (Agree Rate) 0.877 0.834
QWK -0.006 0.14
KL Forward (Real||Pred) 3.66 1.723
KL Reverse (Pred|[Real) 0.814 0.221
KL Bidirectional 4.475 1.944
JS Divergence 0.341 0.092

Note: Comparison of distributional fit for state-dependent biasy. The introduction of full
profiles (BG 1 3 4) significantly reduces distribution divergence compared to the baseline,
indicating effective capture of individual time discounting factors.

The results show that the baseline group exhibited extremely high randomness, with QWK
close to 0 and a large distribution deviation (KL Bidirectional 4.475). However, after introducing
the complete user profile, the bidirectional KL divergence significantly dropped to 1.944, and JS
divergence dropped from 0.341 to 0.092.

4.4.4 Regret Emotion

Regret emotion aims to test irrational emotional factors. Table 11 reports the indicator results



for the baseline group and the full information group.
Table 11 Regret Decision Results

Condition Pure Question2 BG 1 3 4
Accuracy 0.407 0.43
Stability (Agree Rate) 0.978 0.878
QWK 0 0.07
KL Forward (Real||Pred) 12.327 1.111
KL Reverse (Pred|[Real) 0.899 0.215
KL Bidirectional 13.227 1.326
JS_Divergence 0.39 0.085

Note: Comparison of distributional fit for regret emotion. The introduction of full profiles
(BG_1_3 4) significantly reduces distribution divergence compared to the baseline, indicating
effective capture of individual time discounting factors.

The results show that the baseline group's KL divergence was as high as 13.227, the group
with the largest distribution difference among all questions. This indicates that the LLM's general
training data has a serious disconnect regarding the cognition of "regret" compared to the risk
preferences of the specific experimental population in this study. The model showed "blind
confidence," with a Stability indicator of 0.978, but the distribution deviated seriously from real
decisions. However, the experimental group drastically pulled the KL divergence down to 1.326,
and JS divergence to 0.085.

4.4.5 Multi-Attribute Trade-off

Multi-attribute trade-off aims to test individuals' trade-off choices under high cognitive load.
Table 12 reports the indicator results for the baseline group and the full information group.

Table 12 Multi-Attribute Decision Results

Condition Pure Question2 BG 1 3 4
Accuracy 0.162 0.273
Stability (Agree Rate) 0.692 0.837
QWK -0.029 0.076
KL Forward (Real||Pred) 14.752 1.166
KL Reverse (Pred|[Real) 1.491 0.372
KL Bidirectional 16.243 1.539
JS Divergence 0.529 0.155

Note: Comparison of distributional fit for multi-attribute trade-off. The introduction of full
profiles (BG 1 3 4) significantly reduces distribution divergence compared to the baseline,
indicating effective capture of individual time discounting factors.

The results show that because the choice decision of "low premium/low coverage vs. high
premium/high coverage" involves complex trade-offs with high cognitive load, the individual
prediction accuracy of both the baseline group and the full information group remained at a very
low level. Despite this, the experimental group's KL divergence still dropped significantly from
the baseline group's 16.243 to 1.539. This result reveals the core value of LLMs as "market
simulators": even when unable to precisely predict the specific choice of every individual, the
model can still extremely accurately reproduce the preference distribution of the group.



5. Ablation Experiments

In the empirical analysis of the previous chapter, we confirmed that complete user profiles
constructed based on natural language (Full Context) can significantly improve the fitting ability
of large language models for group decision distributions. However, a core theoretical question
arises: Does this improvement in fitting ability stem from simple alignment with explicit
demographic characteristics, or from a deep understanding of implicit psychological mechanisms?
Furthermore, is there redundancy or synergistic effects among information of different dimensions
in decision simulation?

To deconstruct the independent contributions and interaction effects of features of different
dimensions on LLM simulation capabilities, this section designed systematic ablation experiments
(Ablation Study). We decoupled the natural language prompt words constituting the "silicon-based
sample" into three independent feature modules: Demographic Characteristics (BG_1): containing
explicit labels such as age, gender, education; Psychological Behavioral Traits (BG_3): containing
implicit variables such as risk attitude, sense of control, financial literacy; Financial and
Experience Background (BG 4): containing constraints such as income, assets, and past claims
history.

This section will proceed following the logic of "single-factor efficacy analysis—multi-factor
interaction effects—psychological factor dismantling." First, we independently test the benchmark
performance of each feature module to identify the dominant factors affecting decision
distribution; second, we test the complementarity between different information through feature
combinations; finally, we conduct fine-grained dismantling of the psychological trait module,
which showed the most significant performance, to precisely locate the key psychological
mechanisms driving the simulation.

5.1 Single-Factor Efficacy Analysis

Table 13 shows the single-factor experimental results.

Table 13 Single-Factor Experimental Results

Condition Pure_Question2 BG 1 BG 3 BG 4
Accuracy 0.304 0.356 0.402 0.394
Stability (Agree Rate) 0.843 0.900 0.861 0.858
QWK -0.004 0.038 0.127 0.04

KL Forward (Real||Pred) 9.642 8.823 1.712 3.036
KL Reverse (Pred||Real) 1.108 0.794 0.312 0.47
KL Bidirectional 10.75 9.616 2.025 3.505

JS Divergence 0.43 0.334 0.128 0.196

Note: Comparison of model performance using only one type of background information.
BG_1: Demographics only; BG_3: Psychological traits only; BG_4: Financial background only.
Results show that psychological traits (BG_3) provide the most significant contribution to
distributional fidelity (lowest KL/JS divergence).

Observing Table 13, the BG_3 model containing only psychological trait factors performed
best among all single-factor models, with a bidirectional KL divergence reaching 2.025. By
contrast, the BG_1 model relying only on demographic characteristics performed the worst, with a
KL divergence as high as 9.616, yet exhibiting the highest stability (Stability 0.900). This

indicates that relying solely on demographic labels leads the model into "deterministic errors," that



is, producing stereotype-like predictions. For insurance consumption, which involves risk
perception, the information content of "implicit psychological preferences" is significantly higher
than "explicit population labels." The performance of the BG_4 model using financial background
information lies between the two, with a KL Bidirectional of 3.505, indicating that specific
financial constraints are more informative than mere age and gender, but still cannot replace the
explanatory power of psychological traits for irrational behavior.

5.2 Interaction Effect Analysis

Table 14 shows the interaction effect experimental results.

Table 14 Interaction Effect Experimental Results

Condition Pure Question2 BG_ 1 3 BG 1 4 BG 3 4
Accuracy 0.304 0.421 0.379 0.405
Stability (Agree_Rate) 0.843 0.861 0.852 0.858
QWK -0.004 0.134 0.022 0.135
KL Forward (Real||Pred) 9.642 1.512 3.434 1.583
KL Reverse (Pred||Real) 1.108 0.298 0.499 0.291
KL Bidirectional 10.75 1.809 3.933 1.874
JS_Divergence 0.43 0.122 0.205 0.121

Note: Evaluation of two-factor combinations. BG_1 3 (Demographics + Psychology) yields
the best performance among combinations, approaching the full-information model, highlighting
the critical role of psychological variables in economic simulation.

In multi-factor combinations, the BG_1 3 model containing demographic information and
psychological information showed the best prediction effect, with the KL divergence indicator at
the macro level dropping to 1.809, close to the 1.683 of the full information group. It is worth
noting that the KL divergence of the BG_1 4 (demographic + financial) combination was as high
as 3.933, significantly worse than combinations containing psychological features. This explains
that pure demographic information, financial information, etc., cannot effectively simulate human
decisions; human decisions are mainly influenced by psychological characteristics.

5.3 Psychological Factor Dismantling

Table 15 shows the ablation experiment results of introducing different psychological feature
modules (Mod A-J) respectively on the basis of retaining demographic and financial backgrounds
(BG_1+BG 4).

Table 15 Psychological Module Experimental Results

KL Forward KL Reverse

Condition KL Bidirectional JS Divergence
(Real|[Pred) (Pred|[Real)
BG 1 ModA 4 1.1368 0.2434 1.3802 0.1010
BG 1 ModB 4 2.8728 0.4201 3.2929 0.1721
BG 1 ModC 4 3.6834 0.4647 4.1481 0.1887
BG 1 ModD 4 1.8042 0.3623 2.1665 0.1503
BG 1 ModE 4 3.9292 0.4945 4.4238 0.2003
BG 1 ModF 4 1.5572 0.2489 1.8061 0.1066
BG 1 ModG 4 3.2702 0.3708 3.6410 0.1529
BG 1 ModH 4 2.9752 0.4471 3.4223 0.1809
BG 1 ModI 4 1.2871 0.3594 1.6465 0.1489

BG_1 ModJ 4 1.5807 0.2739 1.8545 0.1153




Note: Analysis of specific psychological sub-modules added to the base profile
(BG_1+BG_4). Mod A represents Risk Perception/Attitude. Lower KL values indicate higher
contribution to model fit. Risk perception and attitude features prove to be the most critical for
simulating insurance decisions.

The data show that the model introducing "Risk Perception and Attitude" (Mod A) performed
best in macro-distribution fitting, with its bidirectional KL divergence (KL Bidirectional)
dropping to 1.3802 and JS divergence (JS Divergence) to 0.1010. In addition, "Intra-Household
Dynamics" (Mod J) and "Social Influence" (Mod F) modules also showed lower divergence
values, 1.8545 and 1.8061 respectively, indicating that these two types of features have high
information gain when simulating decision distributions. By contrast, models introducing only
"Self-Efficacy" (Mod D) or "Emotional Anticipation" (Mod E) had bidirectional KL divergences
exceeding 2.0, indicating significant differences in the contribution of psychological features of
different dimensions to decision simulation, with risk preference information playing a decisive

role in restoring the insurance consumption distribution.

6. Further Research

In the previous analysis, we confirmed the effectiveness of complete user profiles based on
natural language in simulating group decision distributions. However, the output of large language
models relies heavily on the way prompts are constructed. To explore the deep influence
mechanism of prompt engineering on simulation fidelity, this chapter will further launch in-depth
research from two dimensions: "information processing strategy" and "observation context." We
aim to answer: Is manual intervention on original information (such as theoretical guidance,
summary compression) superior to raw input? And, can the model distinguish and simulate
decision differences of humans under different social presence?

6.1 Influence Mechanism of Prompt Enhancement Strategies

To verify the influence of different prompt word enhancement strategies on model simulation
capabilities, on the basis of the full information group (BG_1 3 4), we designed four sets of
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control experiments to examine the impact of "theoretical guidance," "explanatory constraints,"
and "information compression" on the prediction distribution.

The experimental groups were set as follows:

a. Pure Theory Guidance Group (Pure With Guidance): Adding behavioral finance theory
and academic analysis without background information.

Prompt=[Question Test] + “Corresponding explanation for each question”

b. Full Information + Theory Guidance Group (BG 1 3 4 With Guidance): Adding

theoretical guidance on the basis of full background information.
Prompt=[Full_Context] + “Corresponding explanation for each question”

c. Full Information + Explanatory Constraint Group (BG 1 3 4 With Explain): Requiring
the model to explain questionnaire measurement content and results on the basis of full
background information.

Prompt=[Full_Context] + “Corresponding explanation for questionnaire factors”

d. Information Summary Group (BG_1_SummarizedModules_4): Using LLM to summarize
the psychological measurement part (Part 3) into a descriptive text instead of inputting the original
questionnaire.

Prompt=[Part] Demo]+[Summarize]+[Part4 context]+[Question Test]



The experimental results are shown in Table 16.
Table 16 Prompt Enhancement Experimental Results

Condition Accuracy Stability KL Bidirectional JS_Divergence
Pure_Question2 0.304 0.843 10.750 0.430
Pure With Guidance 0.381 0.958 12.593 0.414
BG_1 3 4 With Guidance 0.413 0.865 2.200 0.153
BG_1 3 4 With Explain 0.411 0.852 1.928 0.126
BG_1 SummarizedModules 4 0.380 0.873 5.488 0.245
BG 13 4 0.411 0.847 1.683 0.117

Note: Comparison of raw profile inputs against manually engineered prompts.
With_Guidance: Adds theoretical explanations. Summarized: Uses LLM-compressed summaries
of profiles. The degradation in performance for the "Summarized" group suggests that raw,
high-granularity natural language descriptions provide richer constraints for the model than
compressed or theoretically guided prompts.

Observing Table 16, we can draw the following conclusions: First, information compression
led to significant degradation of fidelity. The bidirectional KL divergence of the information
summary group (BG 1 SummarizedModules 4) soared from 1.683 in the full information group
to 5.488, and JS divergence deteriorated to 0.245. This indicates that the process of summarizing
unstructured text reduced the resolution and effective mutual information of background
information, weakening the constraint force of the conditional probability space, causing the
model posterior distribution to degenerate to a state close to the general prior.

Second, in scenarios with sufficient information, manual intervention may be
counterproductive. After introducing "theoretical guidance" or "explanatory constraints," although
individual micro-indicators Accuracy and QWK remained basically level, the KL divergence and
JS divergence of macro-distribution consistency showed varying degrees of decline. We believe
this stems from "prior mismatch." Existing classical behavioral theories cannot yet fully cover
complex irrational human behaviors; forcing the model to follow specific theoretical logic is
essentially introducing a structured prior that deviates from the real data distribution. When
background information has already provided sufficient Bayesian constraints, additional
instructional constraints will cause systematic re-weighting of the response distribution, thereby
deviating from the real population distribution.

Finally, in scenarios with information scarcity, guidance strategies only improve
micro-discriminability. Although the accuracy of the Pure With Guidance group increased from
0.304 to 0.381, its KL divergence actually worsened from 10.750 to 12.593. This shows that
although the theoretical framework standardized the model's reasoning format, in the absence of
individual feature input, the model was more prone to falling into certain specific theoretical
biases, leading to further widening of the difference between the group distribution and the real
world.

In summary, for group distribution simulation tasks, retaining high-granularity original
natural language input is superior to prompt strategies that have undergone manual "optimization"
or "compression."

6.2 Observation Effect: private vs public

Social science research has long faced the challenge of "Social Desirability Bias," where

respondents tend to give answers that conform to social norms rather than their true inner thoughts.



To explore whether LLMs can simulate this difference in psychological fields, we introduced a
"situation priming" mechanism, placing the same group of silicon-based individuals under two
distinctly different observation modes:

a. Public Mode (BG_1 3 4 Public Mode): The prompt explicitly injects the instruction
"You are undergoing an insurance survey, please answer...", activating the sense of being
observed.

b. Private Mode (BG_1 3 4 Private Mode): The prompt emphasizes "No one is watching
you. This is your true inner thought. Please decide based on your true financial anxiety...",
simulating a psychological state without observation pressure.

6.2.1 Full Sample Analysis

The experimental results are shown in Table 17.

Table 17 Observation Mode Full Sample Analysis Results

Condition BG 134 BG_1 3 4 Private Mode BG 1 3 4 Public Mode
Accuracy 0.411 0.4121 0.4232
Stability (Agree_Rate) 0.847 0.8439 0.8542
QWK 0.135 0.1392 0.1278
KL Forward (Real||Pred) 1.401 1.1268 1.6826
KL_Reverse (Pred||Real) 0.282 0.2583 0.3086
KL Bidirectional 1.683 1.3851 1.9912
JS_Divergence 0.117 0.1054 0.1285

Note: Private Mode simulates a decision environment without social observation, while
Public Mode implies a survey context. Private Mode achieves a slightly better distributional fit
(lower KL/JS), suggesting it may better capture authentic preferences by mitigating social
desirability bias.

The experimental results indicate that Private Mode is slightly superior to Public Mode in
both individual prediction and group distribution. This reveals a profound mechanism: when the
silicon-based agent is endowed with a context of "inner monologue" or "no observation pressure,"
it can more precisely restore the true cognitive state of humans when facing complex financial
decisions. By contrast, the "sense of being gazed at" introduced by Public Mode may have caused
the model to overfit social norms, thereby deviating from human real decision data.

6.2.2 Analysis of Decisions by Scenario

To rigorously quantify and compare the prediction effects of the two modes, this study
adopted a paired sample design for testing. Table 18 reports the detailed statistical results. In the
table, indicators are defined as follows: Acc. Private and Acc. Public represent prediction accuracy
under Private Mode and Public Mode respectively; Difference 6 [95% CI] represents the
difference  value @ of  accuracy of  Public Mode  compared to  Private
Mode(i.e.,0=AccPublic—AccPrivate), with the 95% confidence interval of this difference value in
brackets, used to measure the stability of the effect size; p-value is calculated based on the
McNemar test, which is specifically used to assess the significance of differences between paired
nominal data, to judge whether the prediction divergence of the model under the two contexts is
statistically significant.

Table 18 Observation Mode Paired Sample Analysis Results

Condition Acc. Private  Acc. Public  Difference(d) [95% CI] McNemar p
Total 0.417 0.410 -0.6% [-1.9%, +0.5%] 0.318




Q1 0.405 0.369 -3.6% [-6.6%, -0.5%] 0.033%*

Q2 0.432 0.468 +3.6% [+1.0%, +6.1%]  0.009%**
Q3 0.537 0.511 2.6% [-5.8%, +0.5%] 0.124
Q4 0.352 0.349 -0.3% [-3.1%, +2.5%] 0.852
Q5 0.359 0.354 -0.5% [-3.5%, +2.5%] 0.784

Note: Statistical comparison of accuracy between Private and Public modes. Difference (5) is
calculated as - . 95% CI denotes the confidence interval of the difference.
McNemar p tests the significance of the divergence. Results show distinct "private" (e.g., Q1) vs.
"public" (e.g., Q2) preference patterns consistent with psychological theories. *p<0.05, **p<0.01,
**E p <0.001..

As shown in Table 18, although the difference between the two modes did not reach
statistical significance at the full sample level (p=0.318), the model showed complex hierarchy
consistent with human psychological mechanisms in specific decision sub-tasks.

We found that instinctual preferences such as intertemporal choice are more suitable for
private processing. The data shows that the accuracy of Private Mode on the intertemporal choice
task was significantly higher than Public Mode (Difference = -3.6%, p<0.05). Intertemporal
choice essentially involves the individual's impulse control mechanism. Public survey contexts
often activate respondents' social norm preferences regarding "delayed gratification," leading the
model to tend to overestimate the individual's patience level. Conversely, Private Mode effectively
avoided this normative deviation, more precisely capturing the "Hyperbolic Discounting"
characteristics of real individuals in the absence of supervision, thereby restoring more
short-sighted but real instinctual preferences.

Normative preferences involving product payment are more suitable for socialized processing.
Public Mode performed significantly better than Private Mode on insurance willingness to pay
(Difference(d\deltad) = +3.6%, p<0.01). Insurance purchase is usually viewed as a responsible
social contract behavior, embedded within the framework of family responsibility and social
expectations. Public Mode successfully induced the model to incorporate social norms into the
operation of the utility function, thereby more accurately reconstructing the real-world scenario
where consumers increase their hedging willingness due to perceived social responsibility or

family pressure.

7. Conclusion

This paper proposes and evaluates a zero-shot insurance decision simulation approach that
treats an off-the-shelf large language model (LLM) as a distribution-level simulator. Conditioning
on respondent-specific natural-language profiles substantially improves distributional fidelity:
relative to prompting with the question alone, full-profile prompting reduces bidirectional KL
divergence from 10.750 to 1.683 and JS divergence from 0.430 to 0.117. We interpret the
improvement as profile-based conditioning that shifts the model’s output distribution toward the
human benchmark under pre-specified metrics. Compared with demographic information and
financial information, psychological traits including risk perception, family dynamics and social
impact showed stronger simulation power in our sample.

Furthermore, we found that retaining high-granularity original natural language narratives is
superior to inputs that have undergone manual theoretical guidance or summary compression,

indicating that in information-sufficient contexts, excessive manual intervention will instead



introduce inductive bias and weaken the model's adaptive reasoning ability. Observation effect
experiments also showed that "Private Mode" can better restore the true state of individuals in
instinctual decisions, such as intertemporal choice, compared to the "Public Mode" by eliminating
social desirability bias. This provides a new methodological path for using LLMs to solve the
"stated preference bias" problem in traditional questionnaire surveys.

Although the model performed excellently on tasks such as intertemporal choice and
willingness to pay, it performed poorly in scenarios involving highly irrational emotions (regret
theory) and high cognitive loads (multi-attribute trade-offs). We believe there may be two reasons:
on the one hand, current large language models still have capability boundaries when simulating
human extreme irrational emotions and complex logical trade-offs; on the other hand, the natural
language features we input could not provide sufficient information for simulating this class of
problems.

In summary, this study not only provides a low-cost, scalable simulation tool for policy
evaluation and market deduction in data-scarce contexts, but also provides an empirical basis for
understanding the application potential and boundaries of generative Al in social science research.
Future research can further explore breaking through current simulation bottlenecks in complex
trade-off tasks through Chain-of-Thought (CoT) fine-tuning or Multi-Agent Interaction.
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