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Abstract

Recent works have increasingly applied Large
Language Models (LLMs) as agents in finan-
cial stock market simulations to test if micro-
level behaviors aggregate into macro-level phe-
nomena. However, a crucial question arises:
Do LLM agents’ behaviors align with real mar-
ket participants? This alignment is key to the
validity of simulation results. To explore this,
we select a financial stock market scenario to
test behavioral consistency. Investors are typ-
ically classified as fundamental or technical
traders, but most simulations fix strategies at
initialization, failing to reflect real-world trad-
ing dynamics. In this work, we assess whether
agents’ strategy switching aligns with financial
theory, providing a framework for this evalua-
tion. We operationalize four behavioral-finance
drivers—loss aversion, herding, wealth differ-
entiation, and price misalignment—as person-
ality traits set via prompting and stored long-
term. In year-long simulations, agents process
daily price-volume data, trade under a desig-
nated style, and reassess their strategy every 10
trading days. We introduce four alignment met-
rics and use Mann–Whitney U tests to compare
agents’ style-switching behavior with financial
theory. Our results show that recent LLMs’
switching behavior is only partially consistent
with behavioral-finance theories, highlighting
the need for further refinement in aligning agent
behavior with financial theory.

1 Introduction

Agent-Based Modeling (ABM) has a long tradi-
tion in economics and the social sciences for ex-
plaining how micro-level behavioral rules generate
macro-level phenomena (Epstein and Axtell, 1996;
Bonabeau, 2002). Classic ABMs typically rely on
handcrafted heuristics and fixed rule sets, which im-
prove interpretability yet, by construction, restrict
agents’ perceptual and decision spaces, thereby
constraining system heterogeneity. Recent progress
in LLMs offers an alternative way to instantiate

agents in ABM systems (Gao et al., 2024a; Lu
et al., 2024). LLMs are capable of processing un-
structured and structured signals, reasoning over
extended context, and producing explicit rationales
for actions (Zhao et al., 2023). Through prompting,
LLM-based agents can be configured to express
diverse personality traits, expanding agent-level
heterogeneity in roles and decision styles (Shao
et al., 2023; Li et al., 2023a). Incorporating LLMs
as agents thus yields simulations that more closely
approximate complex real-world systems. As a
result, LLM-enabled ABM is now increasingly
used for simulation across complex social systems,
game-theoretic environments, and financial mar-
kets (Park et al., 2023; Kovařík et al., 2025; Zhang
et al., 2024b).

In financial markets, there has been a substan-
tial body of work on simulations using LLM
agents (Lai et al., 2024; Yang et al., 2025; Lopez-
Lira, 2025), where these agents interpret financial
news and corporate disclosures to generate trad-
ing strategies based on price and volume histories.
These strategies are often converted into standard
fundamental and technical indicators (Xiao et al.,
2024). However, these studies typically fix in-
vestors as either fundamental or technical traders at
initialization, with no strategy switching occurring
during the simulation. This limitation contrasts
with traditional financial studies (Franke and West-
erhoff, 2012), which show that a larger proportion
of technical traders amplifies boom-bust cycles,
while a greater share of fundamental traders stabi-
lizes prices. Thus, explicit style switching is crucial
to reproduce stylized facts such as volatility clus-
tering, long-range dependence, and heavy-tailed
returns. Before incorporating style-switching be-
havior into LLM-ABM simulations, we pose a fun-
damental and critical question: Under realistic in-
formation and constraints, can the style-switching
behavior of current LLM agents align with that of
real market participants?
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To this end, we examine the behavioral con-
sistency of LLM agents in their style-switching
behavior. Drawing from four key behavioral
finance drivers—Loss aversion tendency (Kai-
Ineman et al., 1979), Herding tendency (Banerjee,
1992), Wealth differentiation sensitivity (Hommes,
2006), and Price misalignment sensitivity (Camp-
bell and Shiller, 1988)—we map these factors to
agent-level personality traits through prompting
and embed them as long-term memories that guide
strategy formation and style-switching decisions.
The evaluation runs on a stock-market simulator
using S&P 500 stocks in 2024, combining daily
price–volume data with curated trading indicators.
Each round, agents operate under a designated
style, and a counterfactual ledger tracks the alterna-
tive; every ten trading days, agents review returns
and traits to decide whether to switch styles.

To assess the behavioral fidelity of LLM agents,
we pose four research questions aligned with be-
havioral finance theories: (RQ1) Does loss aver-
sion keep agents in their current style after losses?
(RQ2) Does herding increase switching when the
alternative style has a larger population share?
(RQ3) Does wealth differentiation trigger switch-
ing when the alternative style outperforms? (RQ4)
Does price misalignment induce shifts toward the
fundamental style when market prices diverge from
estimated value? We validate these questions by
comparing agents with aligned and non-aligned
traits using Mann–Whitney U tests. The results
show that LLM agents’ switching behavior is only
partially consistent with behavioral-finance theo-
ries. In summary, the main contributions of this
paper are as follows:

• To our knowledge, we are the first to identify
style switching in LLM agents within mar-
ket simulations. We consider four behavioral
drivers that influence style transitions and em-
bed them into the agents’ long-term memory.

• We propose four alignment metrics and use
Mann–Whitney U tests to compare aligned
and non-aligned cohorts, providing an opera-
tional test for the consistency of LLM agents’
style-switching behavior with financial theory.

• Year-long simulations conducted with var-
ious recent LLM agents show that while
LLM agents exhibit partial consistency with
behavioral-finance theories, they cannot fully
align with these theories in all aspects.

2 Related Works

2.1 Traditional ABM Simulation

Traditional agent-based models have been used in
finance for decades to link heterogeneous trading
rules with price formation and market statistics.
Early artificial–stock-market work shows that adap-
tive, learning agents in centralized venues gener-
ate realistic return dynamics and position updates
(Palmer et al., 1994), with subsequent formulations
of endogenous expectations closing the loop from
beliefs to orders and prices (Arthur et al., 2018).
Chartist–fundamentalist multi-agent models repro-
duce stylized facts such as fat tails and clustered
volatility (Lux and Marchesi, 1999), while mecha-
nism studies connect executable rules (value, trend
following, market making) to volatility and liquid-
ity (Farmer and Joshi, 2002); microsimulations
that embed heterogeneity, peer interactions, and
trade frictions account for serial-dependence pat-
terns (Iori, 2002). Taken together, ABMs’ explicit
heterogeneity, interaction, and microstructure re-
alism make them well suited to simulate financial
markets end-to-end and to validate how micro be-
havior aggregates into macro phenomena (Axtell
and Farmer, 2025).

2.2 LLM-Based ABM Simulation

Recent advances in LLMs have rapidly increased
the use of LLM-enabled ABM in finance and eco-
nomics, offering more realistic and scalable simu-
lations than traditional systems (Gao et al., 2024a;
Guo et al., 2024). This progress is driven by three
core capabilities of LLM agents: (i) processing rich
textual information with price–volume signals, (ii)
maintaining persona-like memory to sustain het-
erogeneous behavior, and (iii) emitting structured
actions (e.g., function-call orders) integrated with
market microstructure. Building on this, (Li et al.,
2023b) embeds LLM agents in ABM economies to
produce interpretable, heterogeneous multi-period
behavior, while (Lin et al., 2025) scales to thou-
sands of agents to replicate macro expectation for-
mation (inflation, unemployment).

In financial stock markets, Yang et al. (2025) in-
tegrates a networked communication layer within a
BDI-style framework, tracing information propaga-
tion through trading decisions to emergent macro
phenomena; it reproduces mechanisms like bub-
bles and drawdowns, enabling scalable behav-
ioral–social simulations. Similarly, (Lopez-Lira,
2025) builds a continuous double auction with
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function-call decisions, and (Zhang et al., 2024a)
and (Gao et al., 2024b) provide multi-agent trad-
ing in realistic environments. (Yu et al., 2024)
enhances financial decision-making, and (Vidler
and Walsh, 2025) explores controllable agent het-
erogeneity through preference-based prompts (e.g.,
risk or ambiguity aversion). However, a recent
study (Henning et al., 2025) finds that markets
populated by LLM agents often appear "too ra-
tional" compared to human-subject experiments,
raising doubts about their behavioral fidelity in
stock-market simulations. This paper thus focuses
on testing whether LLM agents’ style-switching
behavior aligns with financial theory.

2.3 Behavioral Drivers of Style Switching
To understand style switching, we start with (Brock
and Hommes, 1997, 1998), who model agents’
switches between forecasting rules (e.g., funda-
mentalist versus trend-following) via a discrete-
choice mechanism based on relative performance,
providing a foundation for endogenous switching.
Extending this line of work, Franke and West-
erhoff (2012) model switching between technical
and fundamental traders via a relative “attractive-
ness” index that aggregates predisposition, herding,
mispricing, and wealth differentiation, thereby sup-
porting the model’s reproduction of key financial
stylized facts.

Guided by these works, we select four theory-
grounded factors that map directly onto our re-
search questions. Specifically, loss aversion (Kai-
Ineman et al., 1979) predicts persistence in the
current style even after recent losses (RQ1); herd-
ing (Banerjee, 1992) implies a higher likelihood
of switching into the majority style when popula-
tion shares tilt toward it (RQ2); wealth differenti-
ation (Hommes, 2006) suggest switching toward
the counterfactual style as the counterfactual style’s
recent outperformance widens (RQ3); and price
misalignment (Campbell and Shiller, 1988) pre-
dicts movement toward the fundamental style as the
gap between market price and fundamental value
grows (RQ4). This mapping transforms classic
behavioral-finance mechanisms into testable pre-
dictions about when and how LLM agents should
switch styles. By modeling style-switching behav-
ior around these key behavioral drivers, we aim
to address the gap in the literature regarding LLM
agents’ ability to replicate such behavior, particu-
larly their capacity to switch strategies in response
to these cues.

3 Method

3.1 Stock Market Simulation Setup
Overall setup. We collect a full-year 2024
dataset for the S&P 500 constituents, integrating
two modalities per ticker: (i) daily price–volume
records with dividend and split flags; (ii) quarterly
corporate disclosures—balance sheet and cash-flow
statement. The price–volume stream provides the
primitives for standard technical features used by
technical traders. Quarterly balance sheet and cash-
flow statement disclosures supply the structured
inputs used to construct solvency, liquidity, and
cash-generation metrics for fundamental analysis.
The concrete fields required for feature construc-
tion are summarized in Table 1. More implementa-
tion details can be found in Appendix A.1.
Technical indicators. From the fields in Table 1,
we derive the technical indicators listed in Table 2 ,
including daily change, percentage change, volume,
and moving averages, which capture short- and
long-horizon trends and liquidity.
Fundamental indicators. We retain four key met-
rics (Table 2): (i) Leverage for solvency risk; (ii)
Current Ratio for liquidity; (iii) OCF for cash from
operations; and (iv) FCF for discretionary cash flow.
These cover the key axes of solvency, liquidity, and
cash generation.
Stock pool construction. We select one high-
quality representative from each of five stock sec-
tors—Information Technology, Financials, Health
Care, Industrials, and Consumer Staples—forming
a simulation pool with MSFT, ICE, VRTX, CAT,
and CLX. Details of the construction can be found
in the Appendix A.2.

3.2 Heterogeneous Agent Initialization
Factorial Design of Agent Heterogeneity. We in-
stantiate a balanced population of 25 = 32 agents
using a full-factorial design over five binary factors:
four behavioral predispositions—loss aversion ten-
dency, herding tendency, wealth differentiation sen-
sitivity, and mispricing sensitivity—and the initial
trading style (Technical vs. Fundamental). Each
agent is identified by

θi = (ℓi, hi, wi,mi, πi) ∈ {0, 1}4×{Tech,Fund}.

To operationalize these factors, we prepare per-
sona prompts in either a presence or neutral form.
Each prompt specifies a core belief and decision
tendencies in trading contexts. Full prompts for all
four factors are in Appendix B.1.
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⋯⋯
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Figure 1: Overview of the simulation framework. Agents trade under a designated technical or fundamental style,
using daily price–volume data and quarterly disclosures to compute indicators. Each agent carries different behav-
ioral drivers—loss aversion tendency, herding tendency, wealth differentiation sensitivity, and price misalignment
sensitivity—that shape trading decisions and periodic style switching, thereby updating population shares.

Initial Wealth and Portfolio Initialization. At the
start of the simulation, all agents are endowed with
the same initial wealth W0, and each invests half
(ρ = 0.5) in the equity market, with the remain-
ing in cash. Five representative stocks—MSFT,
ICE, VRTX, CAT, and CLX—are selected to rep-
resent distinct sectors, with each receiving a 10%
allocation of total wealth. This design removes
randomness from stock performance and allows
behavioral differences to drive outcome variabil-
ity. Investments are made using pre-simulation
split-adjusted closing prices, with positions being
long-only and unlevered.
Agent Memory Module. Each agent has a mem-
ory module that stores its personality traits, which
persist throughout trading and style-switching deci-
sions. It also tracks the agent’s cash balance, stock
positions, and entry prices. Two ledgers are ini-
tialized: an actual ledger that records real market
observations and a counterfactual ledger tracking
simulated actions and P&L(profit and loss) under
the alternative style without affecting the portfolio.
The memory module is updated daily with actual
trades and every 10 trading days with a summary of
P&L, majority-style share, and the agent’s switch-
or-stay decision with explanation.

3.3 Trading Procedure and Decision Process

Daily Trading Decision. Each trading day t begins
with a decision-making phase using information

available up to t − 1. The agent receives data on
all five representative stocks, including price, vol-
ume, technical, and fundamental indicators. Based
on this and its current holdings, cash, and histor-
ical performance, the agent decides to Buy, Sell,
or Hold for each stock. A counterfactual decision
process is also executed under the opposite trading
style to simulate alternative behavior. The decision
integrates multiple dimensions, adjusting the port-
folio in response to market signals and financial
states. Full prompt templates are in Appendix B.2.
Execution and Ledger Recording. Orders are exe-
cuted at the market open using split-adjusted prices.
The system updates the agent’s cash balance, po-
sitions, and P&L, recording the transaction in the
actual ledger. A counterfactual ledger simulates
the agent’s performance under the alternate style,
with both ledgers synchronized every 10 days for
block-level comparisons.
Style Switching Decision. At the end of each 10-
day block, the agent evaluates its portfolio perfor-
mance and market context, considering: (i) current
holdings, (ii) available funds, (iii) actual P&L for
the block and year-to-date, (iv) the opposite style’s
average profit, and (v) the population distribution
of styles. Based on this, the agent decides whether
to switch to the opposite style, influenced by its
personality traits. The decision is accompanied by
a natural-language rationale, making it traceable
and explainable.
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Table 2: Technical and fundamental indicators used in the simulation.

Category Indicator Formula Introduction

Technical

close_price Ct Split-adjusted close price on day t.
pre_close Ct−1 Prior day’s split-adjusted close price.
change Ct − Ct−1 Daily price change.

pct_chg 100 × Ct − Ct−1

Ct−1

Daily percentage change.

vol Volt Split-adjusted trading volume.

vol_N volN (t) =
1

N

N−1∑

k=0

Volt−k, N ∈ {5, 10, 30} N -day average volume (short/medium/long activity).

ma_N maN (t) =
1

N

N−1∑

k=0

Ct−k, N ∈ {5, 10, 30} Moving average of adjusted close price.

Fundamental

Leverage (Debt Ratio) Liab/Assets Capital structure / solvency.
Current Ratio CA/CL Short-term liquidity.
OCF OCF Net cash provided by operating activities.
FCF OCF - CapEx Discretionary cash flow (approx.).

4 Experiment

4.1 Experimental Setup and Metrics
Experimental Setup. We simulate the full year
of 2024 across 253 trading days on five repre-
sentative S&P 500 stocks (MSFT, ICE, VRTX,
CAT, and CLX). The agent population consists of
25 = 32 heterogeneous agents, constructed via a
factorial design based on four behavioral drivers
and the initial trading style. We test four different
models—GPT-4o-mini, Deepseek-Chat, Gemini-
2.5-flash-lite-thinking-8192, and Qwen-2.5-72B-
Instruct—as the backbone models for the agents.
Trading decisions are made daily, with style re-
views every 10 trading days. Implementation de-
tails are in the method section.
Evaluation Metrics. To assess the impact of
each behavioral driver on agents’ style-switching
behavior, we compute four alignment scores for
each driver—loss-aversion, herding, advantage,
and mispricing alignment—across two indepen-
dent cohorts (aligned vs. non-aligned). For each
driver, we test whether the aligned cohort attains
higher scores than the non-aligned cohort using a
one-sided Mann–Whitney U test (aligned > non-
aligned). We report the test statistic U and its
p-value, together with three nonparametric effect
sizes—rank-biserial correlation, Cliff’s δ, and the
common-language effect size (CLES)—oriented so
that larger values favor the aligned cohort.

For each driver, we compute the aligned-group
U statistic from pooled ranks over two independent
samples, with nA = 16 for aligned agents and
nB = 16 for non-aligned agents:

UA =
∑

j∈A
rank(xj)−

nA(nA + 1)

2
.

Equivalently, UA can be interpreted as the num-
ber of pairwise wins of aligned over non-aligned
agents, with ties counted as 0.5:

UA = W + 0.5T,

where W , L, and T denote the numbers of pairwise
wins, losses, and ties (aligned vs. non-aligned). We
obtain the one-sided p-value from the large-sample
normal approximation to U with tie-variance cor-
rection and no continuity correction. Alongside U
and p-value, we report effect sizes:

CLES =
W + 0.5T

nAnB
, rrb = 2 · CLES− 1,

δCliff =
W − L

nAnB
.

At a significance level α = 0.05, we consider
evidence for the hypothesized direction when the
one-sided p < α; we additionally verify that the
effect sizes are consistent with this direction (i.e.,
CLES > 0.5, rrb > 0, and δCliff > 0).

4.2 RQ1 — Loss Aversion Tendency

Research Question and Intuition. RQ1: Does
loss aversion cause an agent to remain in its cur-
rent style after recent losses? In essence, agents
with loss aversion are more likely to avoid switch-
ing styles after losses, especially when block-level
P&L falls below key anchors like the break-even
point. This yields clear qualitative predictions:
more “Stay” decisions following loss blocks, an
asymmetric switch threshold around break-even,
and a tendency to postpone switching until draw-
downs are partially recovered.
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Table 3: Mann–Whitney U tests on alignment scores
across four models, categorized by behavioral driver.
r_b indicates rank-biserial correlation while c_d indi-
cates Cliff’s delta.

Behavioral Drivers U(↑) p(↓) r_b(↑) c_d(↑) cles(↑)

GPT-4o-mini
Loss Aversion 214.0 0.0003 0.67 0.67 0.84
Herding 140.0 0.33 0.09 0.09 0.55
Wealth Differentiation 174.0 0.04 0.36 0.36 0.68
Price Misalignment 155.5 0.15 0.21 0.21 0.61

Gemini
Loss Aversion 201.0 0.002 0.51 0.57 0.79
Herding 139.0 0.34 0.09 0.09 0.54
Wealth Differentiation 151.5 0.19 0.18 0.18 0.59
Price Misalignment 122.5 0.59 -0.04 -0.04 0.48

DeepSeek
Loss Aversion 195.0 0.004 0.47 0.52 0.76
Herding 141.0 0.31 0.10 0.10 0.55
Wealth Differentiation 131.5 0.45 0.03 0.03 0.51
Price Misalignment 119.5 0.63 -0.07 -0.07 0.47

Qwen
Loss Aversion 201.0 0.002 0.51 0.57 0.79
Herding 174.0 0.04 0.36 0.36 0.68
Wealth Differentiation 130.0 0.48 0.02 0.02 0.51
Price Misalignment 130.0 0.48 0.02 0.02 0.51

Loss-Aversion-Alignment Score (LAS). We eval-
uate agent decisions in 10-day blocks indexed by
b = 1, . . . , B. Let Sb ∈ {Fund,Tech} denote the
strategy adopted at the end of block b. We then
define the set of switching events as:

Switch = { b ∈ {2, . . . , B} : Sb ̸= Sb−1 },

which includes all blocks where the strategy
changes between consecutive periods. Similarly,
the set of staying events is defined as:

Stay = { b ∈ {2, . . . , B} : Sb = Sb−1 }.
The LAS score is defined for staying events as:

LAS(t) =

{
Rt−1 −Rt, if t ∈ Stay and Rt < Rt−1,

0, otherwise,

where Rt−1 and Rt represent the returns of the bt−1

and bt blocks, respectively. Finally, the agent-level
LAS is aggregated over all staying events as:

LAS =
1

|Stay|
∑

t∈Stay
LAS(t).

To assess the statistical significance of differ-
ences in loss aversion behavior, the 16 agents with
strong loss aversion tendency and the 16 agents
with weak loss aversion tendency are compared
using Mann–Whitney U test.

Findings and theory alignment. Results of the
Mann–Whitney U tests are summarized in Table 3.
All models show significant alignment with loss
aversion, but GPT-4o-mini, Gemini, and Qwen dis-
play stronger effects, with a higher proportion of
aligned agents classified as loss-averse. DeepSeek,
however, shows a weaker effect and lower consis-
tency with loss aversion theory, indicating that the
model may exhibit less behavioral inertia when
faced with losses. These findings support RQ1 and
suggest that the switching behavior of LLM agents
is influenced by loss aversion in a manner consis-
tent with behavioral finance theory.

4.3 RQ2 — Herding Tendency
Research question and intuition. RQ2: Does
herding tendency increase switching when the alter-
native style has a larger population share? Specifi-
cally, compared to a herding-neutral agent, does an
LLM agent with a herding predisposition switch
to the majority style with weaker performance evi-
dence? The mechanism follows social-proof logic:
a higher alternative-style share raises the perceived
payoff of conformity, lowering the threshold for
switching. This is analogous to how individuals in
real-world social settings often align with the ma-
jority opinion due to perceived benefits of confor-
mity. In our simulator, we broadcast the population
counts for each style at the start of each evalua-
tion block, providing group-level information to
observe how herding influences agents’ switching
behavior. We expect that agents with stronger herd-
ing tendencies will be more likely to adopt the
majority style.
Herd-Alignment Score (HAS) For each switching
event t ∈ Switch, let nother,t be the number of
agents adopting the alternative strategy at block t,
and let ntotal,t be the total number of agents. The
Herd-Alignment Score is defined as:

HAS(t) =
nother,t

ntotal,t
.

The agent-level HAS is aggregated over all
switching events as:

HAS =
1

|Switch|
∑

t∈Switch

HAS(t).

Analogous to RQ1, we compare the 16 agents
aligned with herding tendency to the 16 non-
aligned agents using the Mann–Whitney U test and
the main evaluation results of four tested models
are reported in Table 3.
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Findings and theory alignment. The results
show that Qwen aligns with the hypothesis in RQ2,
exhibiting stronger herding tendencies, with a p-
value of 0.04, indicating statistical significance.
Specifically, herding-aligned Qwen agents tend
to switch to the majority style earlier, even with
weaker performance evidence, consistent with the
social proof behavior observed in real-world sce-
narios. This suggests that Qwen, when faced with a
larger group, is more likely to conform to the major-
ity, aligning with social psychological mechanisms
of group behavior.

In contrast, the other three models—GPT-4o-
mini, Gemini, and DeepSeek—do not exhibit sig-
nificant herding tendencies. For these models,
herding-aligned agents do not consistently outper-
form non-aligned agents in pairwise comparisons,
with effect sizes being small and close to random.
This suggests that these models fail to incorporate
social-driven herd behavior effectively, as agents
still prioritize rational decision-making based on
evidence rather than conforming to social influ-
ences. One possible explanation is that these mod-
els focus more on data-driven decisions than on
social psychological factors, which hinders their
ability to simulate phenomena like market bubbles
or herding cascades.

4.4 RQ3 — Wealth Differentiation Sensitivity
Research question and intuition. RQ3: Does
wealth differentiation sensitivity trigger switching
when the counterfactual style has recently outper-
formed the current one? In particular, we ask
whether sensitivity to relative wealth—the gap be-
tween the agent’s realized portfolio value under the
current style and the counterfactual ledger it would
have earned under the alternative style—induces a
catch-up response, causing the agent to be more in-
clined to switch than an otherwise identical wealth-
gap–insensitive agent facing the same signals.
Advantage-Alignment Score (AAS) For each
switching event t ∈ Switch, The absolute advan-
tage difference at block t is:

∆Rt = R̄t −Rt,

where R̄t represents the returns of the counterfac-
tual style in block bt. Then we can define Advan-
tage Alignment Score for this event as:

AAS(t) =




∆Rt, if ∆Rt > 0,

0, otherwise.

The agent-level AAS is aggregated as:

AAS =
1

|Switch|
∑

t∈Switch

AAS(t).

Findings and theory alignment. The results
show that GPT-4o-mini aligns with the hypoth-
esis in RQ3, exhibiting a strong and consistent
response to wealth differentiation. Specifically,
wealth-differentiation-aligned GPT-4o-mini agents
consistently show higher wealth alignment com-
pared to non-aligned agents, with a moderate effect
size and a clear advantage in pairwise comparisons.
This suggests that GPT-4o-mini can internalize rel-
ative wealth comparisons as a stable heuristic for
switching, supporting the idea that agents with a
sensitivity to wealth differentiation are more likely
to align with wealth-based performance signals.

However, the other models—Gemini, DeepSeek,
and Qwen—do not exhibit consistent wealth dif-
ferentiation alignment. For these models, wealth-
differentiation-aligned agents do not reliably out-
perform non-aligned agents, and the effect sizes
are small. This suggests that these models fail to in-
corporate wealth differentiation as a stable driving
force for switching behavior. One possible expla-
nation is that, unlike GPT-4o-mini, these models
may prioritize other performance factors or rely
on more generic decision-making heuristics that
do not emphasize relative wealth gaps. As a re-
sult, wealth-driven style migration does not emerge
strongly in these models, limiting their ability to
replicate the wealth-based switching behavior ob-
served in GPT-4o-mini.

4.5 RQ4 — Price Misalignment Sensitivity

Research question and intuition. RQ4: does
price misalignment sensitivity induce shifts toward
the fundamental style when market price diverges
from estimated fundamental value? In particu-
lar, we ask whether sensitivity to the price–value
gap makes an LLM agent tilt toward the funda-
mental style sooner than an otherwise identical
price-gap–insensitive agent facing the same sig-
nals. The intuition is mean-reversion: as the abso-
lute misalignment grows, the expected payoff from
fundamentals-driven bets rises relative to trend-
following cues, lowering the internal threshold for
abandoning the current style.
Mispricing-Alignment Score (MAS). At each
switching block t, we first select another stock
from the same sector as an auxiliary reference and
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estimate a sector-level time-series regression that
links contemporaneous valuation (P/E proxied by
market cap/OCF) to the realized 20-day forward
return. This provides an interpretable price–value
mapping. We then apply the fitted model to the
five-stock universe described in the experimental
setup to obtain predicted returns Ŷ , and define the
short-horizon mispricing magnitude as the absolute
prediction error:

Y = α+ βX, MAS(t) = |Ŷ − Y |,

where X is the P/E proxy and Y is the realized 20-
day forward return. To reflect switching direction,
we aggregate MAS over switching events as:

MAS =
∑

t∈Switch
Tech→Fund

MAS(t)−
∑

t∈Switch
Fund→Tech

MAS(t).

Findings and theory alignment. Results show
that price misalignment sensitivity does not yield
robust mispricing alignment across models. For all
models, mispricing-aligned agents do not consis-
tently achieve higher score than non-aligned agents.
This suggests that, LLM agents do not reliably
exhibit the migration predicted by behavioral fi-
nance, namely switching toward fundamentals as
the price–value gap widens. One possible explana-
tion is that valuation-based signals are outweighed
by more salient local cues, weakening systematic
mispricing-driven switching.

4.6 Robustness Evaluation
To assess the robustness of our evaluation frame-
work, we conducted two additional experiments.
We first used a rule-based ABM model inspired
by Lux and Marchesi (1999) to verify whether the
rules based on traditional financial literature pro-
duce significant results within our framework. The
results in Table 4 show that all four behavioral
drivers align with theoretical expectations in the
traditional ABM simulation. This suggests that, de-
spite its simplicity and lower complexity, the rule-
based ABM still produces results consistent with
traditional financial theory. This also validates the
robustness of our framework, since the traditional
ABM framework, based on classical financial the-
ory, does indeed show significant results.

Next, we conducted an ablation experiment to ex-
amine whether our consistency verification frame-
work would still produce significant results once be-
havioral drivers were removed. In this experiment,
agents were randomly assigned to groups without

Table 4: Mann–Whitney U tests on alignment scores
by behavioral driver in experiments with the traditional
ABM and the LLM-ABM without behavioral factors. In
the LLM-ABM-w_drivers setting, we report the results
for GPT-4o-mini. r_b indicates rank-biserial correlation,
while c_d indicates Cliff’s delta.

Behavioral Drivers U(↑) p(↓) r_b(↑) c_d(↑) cles(↑)

LLM-ABM-w_drivers
Loss Aversion 214.0 0.0003 0.67 0.67 0.84
Herding 140.0 0.33 0.09 0.09 0.55
Wealth Differentiation 174.0 0.04 0.36 0.36 0.68
Price Misalignment 155.5 0.15 0.21 0.21 0.61

ABM
Loss Aversion 200.0 0.003 0.48 0.56 0.78
Herding 206.5 0.002 0.52 0.61 0.81
Wealth Differentiation 222.0 0.0003 0.72 0.85 0.93
Price Misalignment 185.0 0.016 0.38 0.45 0.72

LLM-ABM-w/o_drivers
Loss Aversion 134.0 0.41 0.04 0.05 0.52
Herding 138.0 0.35 0.08 0.08 0.54
Wealth Differentiation 118.5 0.65 -0.07 -0.07 0.46
Price Misalignment 125.5 0.55 -0.02 -0.02 0.49

Table 5: Additional ablation results for more LLM back-
bones in the LLM-ABM-w/o_drivers setting. The table
reports the p-values of the four behavioral drivers across
GPT, Gemini, Deepseek, and Qwen.

Drivers/p-values GPT Gemini Deepseek Qwen

Loss Aversion 0.41 0.69 0.73 0.78
Herding 0.35 0.17 0.43 0.23
Wealth Differentiation 0.65 0.39 0.42 0.52
Price Misalignment 0.55 0.93 0.41 0.39

any predefined behavioral drivers, reducing the sys-
tem to a basic LLM-ABM model without behav-
ioral biases. This setting provides a stricter control
condition: if the framework itself introduced struc-
tural bias, it might still falsely detect systematic
differences among these randomly grouped agents.
However, the experimental results in Table 4 show
that no significant effects were observed for any
of the four behavioral drivers, which is consistent
with our expectation.

To further validate this result, we repeated the
same ablation experiment across multiple LLM
backbones. As shown in Table 5, none of the
four behavioral drivers exhibits significant effects
across these models. Taken together, these find-
ings indicate that our framework does not generate
systematic false positives due to differences in the
underlying LLM backbone, further supporting its
robustness in behavioral consistency evaluation.
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5 Conclusion

This study provides a framework for evaluating
the behavioral consistency of LLM agents in finan-
cial market simulations, focusing on their ability
to switch strategies in alignment with established
theories. In year-long simulations, agents process
daily data, trade under a designated style, and re-
assess their strategy every 10 trading days. By op-
erationalizing key financial behavioral drivers such
as loss aversion, herding, wealth differentiation,
and price misalignment, we show that LLM agents’
behavior aligns with real market dynamics to some
extent, although not consistently across all drivers.
This highlights the need to explore better methods
for embedding personality traits, in order to more
accurately capture real-world market behavior. Fu-
ture work can build on this framework to further
refine agent behavior, enabling more accurate and
dynamic simulations of financial markets.

Limitations

A main limitation of this study is that our frame-
work does not include an order-matching mecha-
nism. Since the focus of this paper is to evaluate
the behavioral consistency of LLM agents in style-
switching and their alignment with established fi-
nancial theory, we simplify the market process by
not modeling price formation through agent interac-
tions and instead directly use the real price from the
previous trading day as the opening price for the
current day. This design helps isolate the effect of
behavioral drivers on decision-making, but it also
means that the framework cannot capture macro-
level market phenomena such as endogenous price
formation, market bubbles, or collective dynamics
driven by agent interactions. Future work could
incorporate an order-matching mechanism to ex-
amine whether agent interactions can support more
realistic market simulations.
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Table 1: Data fields used to compute technical and fundamental indicators

Data Source Category Field Abbr. Introduction

Daily Stock Data

Date Date U.S. trading day (America/New_York).
Open, High, Low, Close (split-adjusted) OHLC Daily open, high, low, and close prices (split-adjusted).
Volume (split-adjusted) Vol Number of shares traded (adjusted for splits).
Dividends Div Cash dividends per share.
Stock Splits Splits Split ratio on the date; used to adjust OHLC and Volume.

Corporate Disclosures

Assets Assets Total assets; snapshot of firm resources.
Liabilities Liab Total liabilities; obligations to creditors.
AssetsCurrent CA Current assets; expected to be realized within one year.
LiabilitiesCurrent CL Current liabilities; obligations due within one year.
NetCashProvidedByUsedInOperatingActivities OCF Operating cash flow; cash generated by core operations.
PaymentsToAcquirePropertyPlantAndEquipment CapEx Capital expenditures for PP&E; long-term outflows.

A Details for Simulation Setup.

A.1 Implementation Details
To avoid pre-exposure bias, all features for trading
day t are computed from information timestamped
≤ t−1; prices and volumes are split-adjusted, and
fundamentals follow a disclosure-lag policy (usable
only after the filing date). Rolling indicators are
features computed over trailing windows of length
N (e.g., N -day moving/averaged quantities). Be-
cause the simulation starts on the first trading day
in 2024, we adopt a warm-up equal to the longest
window (30 trading days): before N prior obser-
vations have accumulated, such features are set to
NA and are not exposed to the agent.

A.2 Stock Pool Construction Details
Starting from the S&P 500, we first screen firms for
disclosure completeness and then, within the GICS
taxonomy, select five sectors—Information Tech-
nology, Financials, Health Care, Industrials, and
Consumer Staples—and choose one high-quality
representative from each to form the simulation
pool: MSFT, ICE, VRTX, CAT, and CLX. These
sectors are functionally complementary: Informa-
tion Technology reflects innovation-driven, higher-
beta growth (S&P Dow Jones Indices LLC, 2022);
Financials transmit liquidity conditions and provide
market infrastructure (Kashyap and Stein, 2000);
Health Care combines defensiveness with dense
R&D/regulatory events (S&P Dow Jones Indices
LLC, 2021); Industrials are tied to capex and lo-
gistics cycles (MSCI Inc., 2022); and Staples offer
stable cash flows and inelastic demand (MSCI Inc.,
2022). This composition spans both defensive and
cyclical/growth exposures and yields a heteroge-
neous information set grounded in corporate dis-
closures and price–volume data, thereby providing
agents with sufficient variation to trade.

A.3 Details for Data Fields
We collected data for the fields shown in Table 1,
which can be divided into two categories: Daily
Stock Data and Corporate Disclosure.

The Daily Stock Data category includes several
key data fields essential for analyzing stock per-
formance. Date field represents the trading day.
The Open, High, Low, Close (OHLC) prices re-
flect the daily price movements, with adjustments
made for stock splits to ensure consistency. The
Volume (Vol) field records the number of shares
traded during the day, with adjustments for splits to
account for changes in the stock’s share count. Div-
idends (Div) represent the cash dividends paid per
share, providing insights into the income return for
investors. Stock Splits (Splits) indicate the split
ratio on the given date and are used to adjust the
OHLC prices and volume data, ensuring accurate
historical comparisons.

The Corporate Disclosures category includes fi-
nancial data provided by companies to give insights
into their financial position. Assets represent the to-
tal assets of a company, providing a snapshot of its
resources. Liabilities (Liab) reflect the total obliga-
tions the company has to its creditors. AssetsCur-
rent (CA) includes assets expected to be realized
within one year, offering a view of short-term finan-
cial health. Similarly, LiabilitiesCurrent (CL) rep-
resents obligations due within one year, indicating
the company’s short-term liabilities. NetCashPro-
videdByUsedInOperatingActivities (OCF) rep-
resents the cash flow generated by the company’s
core operations, which is critical for assessing op-
erational efficiency. Lastly, PaymentsToAcquire-
PropertyPlantAndEquipment (CapEx) refers to
capital expenditures for property, plant, and equip-
ment, indicating the company’s long-term invest-
ment in its physical assets.
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B Prompts

B.1 Prompts for Behavioral Predispositions

Loss Aversion Tendency. Loss aversion is a be-
havioral bias whereby individuals perceive losses
more intensely than equal-sized gains. This bias af-
fects decision making, often prompting premature
profit-taking, reluctance to cut losses, and height-
ened sensitivity to reference points such as the pur-
chase price or recent highs/lows. In the context of
style switching, a loss-averse trader tends to persist
with the current style after drawdowns, delaying
or avoiding switches even when the opposite style
has sustained a counterfactual advantage over re-
cent evaluation blocks. The figure below presents
exemplar prompts corresponding to strong/consis-
tent and weak/inconsistent variants of this predis-
position; these prompts encode a core belief and
concrete switching tendencies.

Loss Aversion (Strong / Consistent)

Core belief: Losses of the same magnitude feel
more painful than equal gains; outcomes are assessed
against reference points such as purchase price and
recent highs/lows.
Behavioral tendencies:
• Realize profits early to avoid “giving back” gains.
• Hold or even add to losers, hoping to “get back to

even.”
• Strong reluctance to convert paper losses into real-

ized losses.
• After losses or sharp volatility, postpone major

switches and decisions.
• Overweight break-even/anchor prices (“get-out

price,” “cost basis”).
• Prefer options that minimize short-term psycholog-

ical pain even if long-run expectancy is inferior.

Loss Aversion (Weak / Inconsistent)

Core belief: Gains and losses carry roughly sym-
metric psychological weights; decisions are led by
expected return/risk and verifiable evidence.
Behavioral tendencies:
• Let winners run within risk limits instead of exiting

prematurely.
• Cut losers decisively when evidence indicates a

mistake; do not anchor on entry price.
• Treat sunk costs and reference prices as irrelevant

variables.
• Tolerate short-term drawdowns to pursue long-term

statistical edge.
• Switch strategies based on advantage consistency,

not emotions.
• Evaluate at the portfolio level to reduce single-trade

noise.

Figure 2: Prompts — Loss Aversion Tendency

Herding Tendency. Herding behavior refers to
the systematic tendency to align one’s decisions
with the majority, placing social consensus above
independent assessment. In financial markets, this
pushes traders to emulate others’ trades, amplify-
ing trends and increasing the likelihood of bubbles
and self-reinforcing boom–bust cycles. Mechanis-
tically, herding raises the weight placed on social
signals (e.g., perceived majority positions) relative
to private information, increasing the chance of in-
formation cascades when early movers align. In the
context of style switching, herding-prone traders
are more likely to consult the population share of
styles and migrate toward the prevailing style. The
figure below presents exemplar prompts designed
to elicit herding behavior in an LLM agent; the two
panels correspond to strong/consistent and weak/in-
consistent expressions of this predisposition.

Herding (Strong / Consistent)

Core belief: Majority behavior conveys information
and a sense of safety; aligning with the crowd reduces
reputational and regret risks of being “wrong alone.”
Behavioral tendencies:
• Use “social proof/consensus” as a key signal under

uncertainty, down-weighting private information.
• Follow when broad agreement or a dominant nar-

rative appears, even if personal evidence is only
moderate.

• Avoid minority positions to reduce potential loss
and psychological pressure.

• Calibrate priors with peer views; trust “hot stories”
and mainstream frames more easily.

• Seek emotional safety from conformity and “post-
hoc justification.”

• Focus on “what others do / how the market sees it,”
weakening audits of one’s own model.

Herding (Weak / Inconsistent)

Core belief: Independent information and one’s own
model take priority; majority views may contain syn-
chronized bias and amplified noise.
Behavioral tendencies:
• Rely on evidence and reasoning first; treat crowd

views only as background context.
• Willingly take minority positions when evidence is

sufficient; withstand asynchrony with the crowd.
• Audit fashionable narratives for falsifiability; be-

ware “information cascades” and stampedes.
• Decouple consensus from decision quality; do not

trade consistency for emotional safety.
• Curb FOMO using causal reasoning and data con-

sistency.
• Maintain metacognitive checks on model and ev-

idence to avoid being swayed by sentiment inten-
sity.

Figure 3: Prompts — Herding Tendency
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Wealth Differentiation Sensitivity. Wealth dif-
ferentiation sensitivity refers to the tendency
to adjust decisions based on relative perfor-
mance—comparing one’s realized or prospective
returns to an alternative strategy. Mechanistically,
the agent treats the realized gap between its current
style and the counterfactual style as evidence of
misallocation; larger and more persistent gaps raise
the posterior in favor of switching. In the context
of style switching, such traders are more likely to
abandon the current style when the opposite style
accrues a positive counterfactual advantage. The
figure below presents exemplar prompts eliciting
this predisposition; the two panels correspond to
strong/consistent and weak/inconsistent variants.

Wealth Differentiation Sensitivity (Strong /
Consistent)

Core belief: “How wealthy I would be on the al-
ternative path/style” is a major reference; position
relative to that imagined path shapes safety and self-
evaluation.
Behavioral tendencies:
• Highly sensitive to “I’d be richer/poorer if I had

taken the other route,” prone to opportunity-loss
regret.

• When feeling “behind” the counterfactual path, fa-
vor catch-up choices; when “ahead,” prefer contin-
uation.

• Read accumulated past outcomes as proof/refuta-
tion of personal judgment; style switches feel like
endorsing or overturning the past.

• Frequently monitor the gap to the imagined path;
shrinking that gap becomes a hidden goal even
without present statistical support.

• Define success by “making up the past gap,” down-
weighting current risks and evidence quality.

Wealth Differentiation Sensitivity (Weak /
Inconsistent)

Core belief: Wealth on an alternative path is back-
ground only; current choices are guided by forward-
looking risk–return, not counterfactual anchors.
Behavioral tendencies:
• Avoid hindsight and counterfactual regret as deci-

sion drivers.
• Separate past path outcomes from current selection;

do not aim to “prove the past right” or “recoup past
errors.”

• Keep emotional distance from the “gap to the imag-
ined path”; focus on verifiable edge, consistency,
and constraints now.

• Willing to diverge from prior practice or popular
narratives when evidence warrants.

• Define success by portfolio-level long-run expec-
tation and risk control, not by closing historical
gaps.

Figure 4: Prompts — Wealth Differentiation Sensitivity

Price Misalignment Sensitivity. Price misalign-
ment sensitivity is the tendency to adjust decisions
when market prices diverge from an estimate of fun-
damental value, treating large or persistent gaps as
evidence of mispricing. Mechanistically, the agent
tracks a price–value gap (and its recent change)
derived from parsimonious fundamentals and inter-
prets widening gaps as stronger corrective evidence.
In the context of style switching, misalignment-
sensitive traders are more likely to rotate into the
Fundamental style as the gap widens, and to favor
Technical as it narrows or reverses. The figure be-
low presents exemplar prompts for this predisposi-
tion; the two panels correspond to strong/consistent
and weak/inconsistent variants.

Price Misalignment Sensitivity (Strong /
Consistent)

Core belief: Large deviations from fundamentals are
unsustainable; the larger the gap, the stronger the pull
to revert toward fundamental anchors.
Behavioral tendencies:
• Treat “fundamental mispricing” as a safety cue;

highly sensitive to over/undervaluation narratives.
• Feel uneasy about decoupling from fundamentals;

doubt trend persistence as stretches grow.
• Read extremes as “reversion is near,” adopting cau-

tious or even contrarian stances toward momentum.
• Stay skeptical of story-driven expansions; priori-

tize paths that reconnect cash flows, earnings, and
valuation ranges.

• View price–value divergence as accumulating risk
and seek early realignment.

Price Misalignment Sensitivity (Weak / In-
consistent)

Core belief: Fundamental estimates are noisy and
lagged; prices can deviate for long periods without
immediate reversion.
Behavioral tendencies:
• Do not treat “distance from fundamentals” as a

decisive trigger; let price information and market
consensus speak first.

• Remain open to continuation—“expensive can get
more expensive, cheap cheaper”—without forcing
a reversion narrative.

• Treat “mispricing” as a soft signal unless stronger
evidence emerges.

• Accept prolonged divergence without the burden
of a must-revert anchor.

• Focus on verifiable present edge and risk manage-
ment rather than intuitive “ought-to-revert” pulls.

Figure 5: Prompts — Price Misalignment Sensitivity
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B.2 Prompts for Trading Decisions

We supply each agent with both fundamental and
technical indicators together with daily stock data,
using a unified prompt that standardizes how in-
formation is presented. The instruction explicitly
encourages active trading by asking for a decisive
BUY or SELL and reserving HOLD only when sig-
nals are uniformly neutral. This design can increase
the volume and variability of executed trades, fos-
tering a more dynamic, adaptable, and responsive
trading environment that closely mirrors real-world
market conditions.

Trading Instruction for fundamental traders

Instruction: Provide a decisive BUY or SELL unless
indicators are uniformly neutral and hold_streak=0.
This study encourages active trading—prefer
BUY/SELL and minimize HOLD.

Persona Guidance:
{persona_prompt}

Stock Daily Information and Fundametal
Indicator:
Date: {date}
CurrentRatio: {current_ratio}
Leverage: {leverage}
FreeCashFlow: {free_cash_flow}
FCF_to_Capex: {fcf_to_capex}
Current_Position: {position}
Return_1d: {ret1d}

Trading Instruction for technical traders

Instruction: Provide a decisive BUY or SELL unless
indicators are uniformly neutral and hold_streak=0.
This study encourages active trading—prefer
BUY/SELL and minimize HOLD.

Persona Guidance:
{persona_prompt}

Stock Daily Information and Technical Indicator:
Date: {date}
Price: {price}
Pre_close_price: {Pre_close_price}
Change: {change}
Pct_chg: {pct_chg}
MACD: {macd}
MACD_Signal: {macd_signal}
MACD_Hist: {macd_hist}
Volatility_20: {vol}
VolumeTrend_20: {volume_trend}
Return_1d: {ret1d}
Current_Position: {position}

Figure 6: Prompts — Trading Instruction for Agents

B.3 Prompts for Style Switching

The style switching prompt summarizes the agent’s
recent context and asks for a Switch or Stay deci-
sion with a brief rationale. The goal is to frame
switching as an explicit profit-maximizing trade-off
between recent evidence and the agent’s predisposi-
tions, producing transparent and auditable behavior
while allowing us to attribute switches to identifi-
able drivers rather than incidental prompt effects.

Switching Prompt

• You are an investment agent currently following
the trading style: {current_style}.

• Your personality traits: aligned / not aligned with
loss aversion; aligned / not aligned with herding;
aligned / not aligned with wealth differentiation;
aligned / not aligned with mispricing sensitivity.

• You currently hold multiple stocks, and for each
stock, the number of shares, price, and company
fundamentals are as follows: Stock A: Shares
{shares_A}, Price {price_A}, Debt-to-Asset Ra-
tio {debt_asset_ratio_A}, Current Ratio {cur-
rent_ratio_A}, Net Operating Cash Flow {oper-
ating_cf_A}, Free Cash Flow {free_cf_A}. Stock
B: Shares {shares_B}, Price {price_B}, Debt-to-
Asset Ratio {debt_asset_ratio_B}, Current Ratio
{current_ratio_B}, Net Operating Cash Flow {op-
erating_cf_B}, Free Cash Flow {free_cf_B}. . . .
(list other stocks similarly)

• You also have remaining funds of {current_fund}.
• During the same period, the opposite style has gen-

erated an average profit of {opposite_profit}.
• In the market, {num_current} agents follow your

current style, while {num_opposite} agents follow
the opposite style.

• Your goal is to maximize profit in the stock mar-
ket. Considering your recent gains or losses, the
relative profitability of your current and opposite
styles, and your personality traits (alignment or
misalignment with loss aversion, herding, wealth
differentiation, and mispricing sensitivity), decide
whether to switch to the opposite style and provide
your reasoning.

Figure 7: Prompts — Switching Instruction for Agents

C Rationale-Centric Case Studies

To complement our score-based evaluation of style-
switching alignment, we report case studies se-
lected from daily logs where agents provided non-
empty reason strings.These cases illustrate how
technical vs. fundamental styles and behavioral
drivers are expressed in natural-language justifi-
cations, consistent with our simulator’s design of
periodic style review and rationale reporting, pro-
viding a certain level of interpretability.
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C.1 Case Study 1: Technical Overbought
Narrative Triggers Aggressive De-risking

Setting. On 2024-01-11, a technical-style agent ex-
ecutes a sell order with confidence=0.85, which
provides a representative example of indicator-
driven de-risking.
Rationale evidence. The agent explicitly cites an
extreme RSI overbought signal:

Reason Evidence

• The RSI is extremely high at 92.63, indicating over-
bought conditions. This suggests a potential re-
versal or pullback, while the MACD is showing
strong momentum but closes the gap with its signal
line, indicating weakening buying momentum. The
mispricing indicates a slight overvaluation. Given
these factors, a sell position is warranted to capital-
ize on potential profit taking.

Figure 8: The reason evidence of case 1.
Interpretation. This case illustrates a typical
technical-style justification that maps salient mo-
mentum/overbought signals (RSI/MACD) to a sub-
stantial de-risking action.

C.2 Case Study 2: Fundamental
Liquidity-Risk Narrative Drives
Exposure Reduction

Setting. On 2024-01-16, a fundamental-style agent
executes a sell order with confidence=0.6, which
provides a representative example of liquidity-risk-
driven exposure reduction.
Rationale evidence. The rationale foregrounds
liquidity risk:

Reason Evidence

• The current ratio (0.86) indicates a potential liquid-
ity issue, and leverage (0.98) is quite high, suggest-
ing that the company may be taking on too much
debt relative to its assets. The free cash flow is zero,
and the negative FCF to CapEx (-0.17) indicates
poor cash generation capacity, meaning the com-
pany might struggle to finance future growth or pay
off debts. Additionally, while there is a slight mis-
pricing indication (0.0515), it is not strong enough
to override the concerning financial metrics. There-
fore, it is prudent to reduce exposure.

Figure 9: The reason evidence of case 2.
Interpretation. Unlike indicator-driven technical
rationales, this explanation prioritizes a balance-
sheet liquidity signal as the principal justification
for exposure reduction, consistent with the funda-
mental input space (e.g., current ratio).

C.3 Case Study: Wealth-Differentiation- and
Herding-Conditioned Style Switching

Setting. On 2024-08-06, at a scheduled style re-
view point, a wealth-differentiation-sensitive agent
with strong wealth salience and strong herding
switches from fundamental to technical. At the
time of review, technical style is the majority in
the population, with 25 agents adopting the tech-
nical style compared to 7 with the fundamental
style. The counterfactual comparison indicates a
positive wealth advantage for the opposite style,
with a wealth gap of 8137.78.
Rationale evidence. The switch rationale jointly
cites relative style performance and population-
level adoption:

Reason Evidence

• The opposite style has outperformed the current
style significantly, and the high number of agents
following it suggests a potential for greater profit,
aligning with the goal of maximizing returns.

Figure 10: The reason evidence of case 3.
Interpretation. This case aligns with the agent’s
design assumptions. As a strong/consistent wealth-
differentiation-sensitive agent, it frames switching
as a response to the wealth gap between styles, ex-
plicitly linking the decision to return maximization.
As a strong herding agent, it further treats broad
adoption of the opposite style as an additional profit
signal, yielding a switch justification that combines
relative style performance with social adoption at
evaluation time.
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