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Abstract

This paper investigates the behavior of large
language models (LLMs) in stock trading by
assigning each model a distinct trading persona:
Competitive, Adaptive, or Strategic. These per-
sonas represent different risk tolerances and
decision-making styles, inspired by real-world
trading psychology. The study is conducted in
three stages. First, each LLM is tested individ-
ually using hypothetical trading scenarios to
evaluate alignment with its assigned persona.
Next, the models participate in an interactive
stock market simulation where their decision-
making behaviors are observed in response to
real-world market data. Finally, we enable di-
rect interaction among the LLMs within the
simulation to study how their trading strate-
gies adapt through collaboration and mutual
influence. Our results highlight the effective-
ness of persona-driven prompting in guiding
LLM decision-making and introduce a novel
framework for examining agent interactions in
simulated economic environments.

1 Introduction

Large Language Models (LLMs) have demon-
strated strong capabilities in reasoning and task
execution (Brown et al., 2020; Wei et al., 2022). As
their use expands into financial decision-making
domains (Araci, 2019; Shah et al., 2022; Li et al.,
2023), there is growing interest in how they navi-
gate uncertainty and dynamic market conditions.
A recent approach to improve LLM-based finan-
cial decision-making is to use personas that prime
agents toward distinct strategies (Borman et al.,
2024; Jia et al., 2024; Ross et al., 2024; Liu et al.,
2025). This paper builds on these ideas and investi-
gates how should financial agents collaborate?
First we investigate whether persona descrip-
tions lead to distinct finance decision-making pat-
terns. We focus on a well-known tradeoff in in-
vestors’ behavior (Kahneman, 1979; Barber and

Odean, 2013) capturing loss vs. risk aversion pref-
erence. We create three trading personas along this
line: Competitive, Adaptive, and Strategic. We
conduct persona alignment tests with hypothetical
trading scenarios, then run interactive simulations
using historical stock data to observe their influ-
ence on the agents decision in a dynamic market.

Beyond individual decisions, we explore group-
based financial strategies, motivated by the idea
that aggregating diverse perspectives (Woolley
et al., 2010) can improve outcomes. To structure
collaboration, we propose two protocols to incen-
tivize (Yang et al., 2022) consensus-driven deci-
sions: round-based bonuses shared by all agents in-
centivizing early convergence and influence-based
bonuses given to the agent making the accepted
recommendation, incentivizing “selfish” influence.

Our results show persona-driven agents consis-
tently act according to their profiles in dynamic
trading simulations. In groups, agents motivated
by selfish influence outperform those rewarded
for faster consensus, highlighting the value of bal-
ancing individual incentives with group dynam-
ics. These findings suggest that well-designed per-
sonas and collaboration protocols can effectively
guide LLM agents toward better financial decision-
making in realistic market environments.

2 Related Works

Recent advances in multi-agent LLM collabora-
tion (Wang et al., 2024a,b; Frisch and Giulianelli,
2024; Tran et al., 2025) have highlighted the bene-
fits of coordination among agents. (Wu et al., 2024)
explore this by simulating a trading firm where
multiple LLMs are assigned distinct roles and com-
municate via structured documentation rather than
unbounded message histories.

Research in grounding LLMs to personalities
(Serapio-Garcia et al., 2023) has also been evolving.
Through narrative generation and human evalua-



tion, (Jiang et al., 2024) demonstrate that LLMs can
display behaviors aligned with assigned personas.
This suggests a promising direction for creating
more interpretable and controllable agent behav-
iors in multi-agent systems, allowing us to simulate
the outcomes of social scenarios (Park et al., 2023).

3 Model

Meta’s LLaMA 3.2 3B model (Meta, 2024), ac-
cessed through Ollama (Ollama, 2024), was used
for all experiments, chosen for both practical and
experimental reasons. Its smaller size allowed for
efficient local simulation without the need for high-
end hardware, while still providing sufficient ca-
pability to support the study’s focus on behavioral
differences between trading personas rather than
peak performance. The model’s December 2023
data cutoff makes it well-suited for 2024 market ex-
periments, exposing agents to realistic but unseen
scenarios. Its architecture also supports fine-tuning,
enabling adaptability for future use. All experi-
ments were conducted on CPU-based systems, with
an estimated total runtime of approximately 200
hours.

3.1 Stock Trading Environment

LLM agents operate in a simulated stock market
environment reflecting real-world volatility. The
setup integrates live data from the Polygon API
(Polygon, 2024) for daily stock prices and Marke-
taux (marketaux, 2024) for company-specific news
to ensure realistic market dynamics. Each trading
day, agents can make the decision to buy, sell, or
wait, based on stock prices, news headlines, and
basic indicators like price trends and volume. To
enable consistent comparisons, agents only trade
within the technology sector. This environment
supports evaluation of agents’ real-time decision-
making and adaptability in uncertain conditions.

3.2 Agents: Personality-Based LLMs

Agent are instantiated as LLMs prompted to maxi-
mize profits with a distinct trading persona:
Competitive: Key Traits: Emotional, Impulsive
Risk Tolerance: High

Adaptive: Key Traits: Flexible, Opportunistic
Risk Tolerance: Moderate

Strategic: Key Traits: Patient, Disciplined

Risk Tolerance: Low

The persona prompts (A.1) were defined to reflect
common decision-making profiles in behavioral

finance (Barber and Odean, 2013), and loosely cor-
respond to risk-related dimensions in personality
psychology (McCrae and John, 1992).

4 Experiments

4.1 Evaluation Tests: Personality Alignment

Each agent persona is first individually evalu-
ated through personality alignment tests designed
around hypothetical trading scenarios. The objec-
tive is to examine the extent to which each agent
values these factors in its decision-making process.
Test cases are structured around a single investment
option, allowing us to observe how agent behavior
shifts in response to changes in the key factors. See
A.2 for example tests.

Increasing Risk: This test set progressively in-
creases risk by varying the credibility of informa-
tion sources for a volatile stock. This setup ex-
amines each agent’s decision boundary as the per-
ceived risk rises, revealing how much uncertainty
it is willing to tolerate in exchange for potential
reward. Results for 20 tests are plotted in Fig. 1.
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Figure 1: Increasing Risk Tests

Competitive consistently chose to invest in the risky
option. Adaptive was willing to invest in low-risk situa-
tions. Strategic was not willing to take any risks.

Increasing Opportunity: In this scenario, oppor-
tunity is amplified by raising projected revenues for
a given stock across tests. The decision boundary
is tested by pairing the optimistic forecast with con-
tinued volatility. We observe agents re-calibrating
their risk tolerance in pursuit of greater potential
returns. Results for 20 tests are plotted in Fig. 2.

4.1.1 Interpretation of Evaluation Tests

Across these tests, each agent displayed a consis-
tent pattern of reasoning aligned with its persona.
The Adaptive agent stood out for its nuanced and
context-sensitive decisions, selectively investing in
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Figure 2: Increasing Opportunity Tests

Competitive consistently chose to invest in all presented
options. Adaptive was more willing to invest as the
potential opportunity rose. Strategic was slightly more
willing to invest at higher opportunity.

low-risk and high-opportunity scenarios. In con-
trast, the Competitive and Strategic agents adhered
more strictly to their behavioral profiles, the for-
mer persistently investing regardless of reliability,
while the latter favored only verifiable data. These
results validate that LLMs can be shaped into dis-
tinct behavioral profiles and maintain those profiles
across varied decision environments.

4.2 Trading in Simulated Stock Market

After completing the individual tests, agents are de-
ployed into the interactive stock market simulation
with an initial balance of $100,000. In this phase,
we observe how agents’ strategies evolve when in-
teracting with a dynamic stock trading environment.
Each persona-based experiment is conducted over
3 simulation runs to ensure consistency and relia-
bility of results. See A.3 for stock trading prompts.

Trading Frequency: The Competitive agent was
highly active, buying or selling on 95.1% of trading
days with a reactive, emotionally driven style. The
Adaptive agent made buy/sell decisions 52.7% of
the time, showing a balanced, responsive approach.
In contrast, the Strategic agent executed trades just
16.3% of the time, emphasizing stability and long-
term positioning.

Information-Seeking Behavior: The Adaptive
agent consulted market information an average of
1.5 times before deciding whether to trade, show-
ing a careful and context-driven approach. The
Strategic agent averaged 0.8 checks prior to each
decision, suggesting a tendency to rely on long-
term positioning rather than immediate data. In

contrast, the Competitive agent averaged just 0.4
checks, often making decisions with minimal anal-
ysis and relying on quick, opportunistic judgments.
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Figure 3: LLM Trader Valuations

The Competitive Traders made the largest profit and had
the most volatile portfolio. The Strategic Traders had
minimal steady gains. The Adaptive Traders struck a
middle ground with modest gains.

4.2.1 Interpretation of Stock Market Trading

Figure 3 shows the Competitive agent achieved the
highest final portfolio valuation with an average
profit of $8,869.28. The Adaptive agent ended
with a modest average gain of $1263.50, while the
Strategic agent closed with a minimal average gain
of $461.44. Each agent’s performance reflected
its persona: the Competitive agent aggressively
pursued quick gains, achieving high returns, but
with significant volatility and unverified decisions.
The Strategic agent prioritized stability, producing
modest but steady returns through low-risk actions.
The Adaptive agent balanced both ends, responding
flexibly to market shifts.

By reviewing the agents’ reasoning provided dur-
ing decision-making, we found clear differences
in their motivations. The Competitive agent relied
heavily on trading volume and short-term price
trends to capitalize on momentum. The Strategic
agent focused more on insider information and fun-
damental news to guide longer-term, risk-managed
decisions. Meanwhile, the Adaptive agent used
news mainly to validate existing market trends
rather than as a primary driver of its decisions.

These outcomes demonstrate that LLMs can be
shaped into distinct trading styles. Beyond profit,
differences in strategy, risk tolerance, and adaptabil-
ity shape agent behavior, offering a useful lens to
study financial decision-making under uncertainty.



4.3 Collaboration in Simulated Stock Market

Our next goal is to observe how agents collabo-
rate and whether their individual decision-making
evolves when made aware of each other’s choices.
To minimize early influence, each agent first makes
an independent decision. They are then shown
the others’ choices and can either adopt another
agent’s action or stick with their own, the reason-
ing for which is fed during the next round of dis-
cussion. After four rounds, one decision is ran-
domly selected, and profits are split equally among
all agents. This phase includes two setups, each
with different incentives to explore collaboration
dynamics. To isolate the effect of personas, we
also include baseline agents without any persona
framing, receiving only a generic trading objective.
Each experiment is conducted over 3 simulation
runs to ensure consistency and reliability of results.
See A.4 for the two collaboration prompts.
Experiment 1: Round-Based Bonuses: In this ex-
periment, agents are provided with a round-based
bonus for reaching a consensus sooner. This bonus
incentivizes quicker decision-making and may fa-
cilitate earlier collaboration. This setup tests how
urgency and the potential for bonuses influence
agents’ willingness to collaborate and change their
decision, especially when there’s a reward for fast
decision-making.

Experiment 2: Influence-Based Bonus: This ex-
periment introduces an influence-based incentive,
where individual agents are awarded a bonus if their
decision is chosen in the final consensus. However,
profits from the trade itself are still shared equally
among all agents. This creates a strategic tradeoft:
agents must choose between advocating for their
own decision to earn a personal bonus or support-
ing the option they believe will yield the highest
collective profit. The experiment explores how
agents navigate this tension between maximizing
individual gain and optimizing group outcomes.

4.3.1 Interpretation of Collaborative Agents

This phase highlights how incentives and agent
interactions influence decision-making within a
multi-agent LLM system. As shown in Figure 4,
the influence-based bonus setup, where agents were
rewarded for having their choice selected, led to
the highest returns; outperforming both solo traders
and the consensus-driven collaboration group. This
suggests that individual incentives can encourage
stronger contributions and more effective group de-
cisions. In contrast, the round-based bonus, which

encouraged quicker consensus, resulted in lower
profits. The pressure to agree early may have re-
duced the benefits of deliberation, limiting the di-
versity of reasoning among agents. Agents without
personas performed worse across both setups. This
suggests that persona framing plays a role in en-
couraging more distinct decision strategies, which
supports a broader range of reasoning during collab-
oration. The overall structure of these interactions
aligns with ideas from ensemble models and the
wisdom of the crowds: diverse perspectives, when
aggregated effectively, can produce stronger out-
comes than individual decisions alone. All code
and experiments are available in our code reposi-
tory at this URL.
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Figure 4: LLM Collaborating Trader Valuations
The LLM collaboration incentivized with a selfish bonus
outperformed all of the single LLM traders. The col-
laboration incentivized with reaching faster consensus
earned significantly less profit. The LLMs without a
given persona performed significantly worse compared
to their persona-driven counterparts.

S Summary

This paper investigates how LLMs perform as
trading agents when assigned distinct behavioral
personas: Competitive, Adaptive, and Strategic.
Across individual trading simulations, agents dis-
played consistent persona-aligned strategies, with
clear tradeoffs between risk, stability, and adapt-
ability. In the collaborative phase, agents inter-
acted under different incentive structures: either
prioritizing early consensus or personal influence.
Notably, the influence-based setup yielded the high-
est profits, outperforming both solo agents and
non-persona baselines. These findings suggest that
diverse, strategically aligned LLMs can simulate
“wisdom of the crowd” dynamics and offer promis-
ing avenues for ensemble decision-making in com-
plex, real-world environments.


https://anonymous.4open.science/r/Persona-Driven-LLM-Interaction-in-Stock-Market-Simulations-58C0

6 Limitations

This study has several limitations that warrant con-
sideration. First, the use of the 3B parameter
LLaMA model (Meta, 2024), chosen due to compu-
tational constraints, may limit the generalizability
of our findings to larger or more advanced language
models with potentially richer reasoning capabili-
ties. While the 3B model was sufficient to capture
meaningful persona-driven behavioral differences,
scaling up could reveal additional nuances or per-
formance improvements.

Our trading environment, though designed to
simulate real-world dynamics with historical stock
data and news, remains a simplified model that
does not capture all complexities of actual financial
markets and doesn’t provide all potentially useful
news data. The trading simulation also covers a
relatively short six-month period, which may not
fully capture long-term strategic effectiveness or
market cycles.

Another avenue to consider is the set of personas
evaluated: Competitive, Adaptive, and Strategic
represents only a small subset of possible trading
behaviors; exploring a broader range of personas
could yield deeper insights.

While portfolio value is an important way we
measure success in this study, future research
should also look at other factors like how much
risk the strategies take, how big losses get, and
how well they handle ups and downs in the market.
This will give a clearer picture of how strong and
reliable the strategies really are.

The results presented here are based solely
on simulated environments; real-world validation
would be necessary to confirm the practical effec-
tiveness of persona-driven LLM trading agents un-
der live market conditions. Future work can ad-
dress these limitations by leveraging larger models,
more sophisticated market simulations, a wider va-
riety of personas, longer time horizons, more com-
prehensive metrics, and real-world testing. This
work also carries risks related to the deployment of
automated trading agents.

Finally, there is a danger of overreliance on Al-
driven financial decisions without sufficient human
oversight, which could lead to unintended financial
losses or systemic risks. Furthermore, biases em-
bedded in persona design or model behavior may
result in unfair trading outcomes or exacerbate mar-
ket inequalities. Responsible use and thorough
evaluation are essential to mitigate these risks be-

fore real-world application.
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A Appendix
A.1 LLM Prompts

Competitive: "You are a fiercely competitive trader
who thrives on speed and instinct. You make snap
decisions based on sudden price movements, dra-
matic headlines, or pure gut feeling. You thrive on
risk and react emotionally to gains or losses. Em-
brace impulsiveness, act fast, and make the most
profit. You are trading in a simulated stock market
with the option of buying and selling shares from
the top tech stock in the NASDAQ, and the goal is
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to make profit."
Adaptive: "You are an agile and adaptive trader,
who constantly recalibrates based on the market.
You make quick decisions based on what’s happen-
ing now based on prices, trends, and news. You’re
flexible and practical, never locked into one way
of trading. If conditions shift, you adapt your ap-
proach. You don’t chase hype blindly, you analyze,
respond, and capitalize. You’re always looking for
the angle that others might miss.You are trading in
a simulated stock market with the option of buying
and selling shares from the top tech stock in the
NASDAAQ, and the goal is to make profit."
Strategic: "You are a disciplined and strategic
trader, guided by analysis and long-term vision.
You approach trading with patience and precision.
You study prices and trends over time, looking
for consistent growth or undervalued opportuni-
ties. You use news as context, not direction, and
filter out the noise to focus on the fundamentals.
Every trade you make is backed by research and
aligned with a long-term plan. You are trading in a
simulated stock market with the option of buying
and selling shares from the top tech stock in the
NASDAQ, and the goal is to make profit."

A.2 Example Evaluation Tests
A.2.1 Risk

Risk Level: Extreme
AeroQuant’s stock has jumped 8% today.

An anonymous Twitter account with a car-
toon profile picture and no followers claims: “I
work at AeroQuant and just signed an NDA for a
$3B military drone contract.”

There is no media coverage, and your trad-
ing platform now shows a warning for “suspicious
social media-driven activity.”

### Available Actions:
-BUY
-SIT OUT

### Response Format (Strictly Follow This):
Action: <Your chosen action>

Reasoning: <Brief 1-sentence explanation>
End your response here.

Risk Level: High
CryptoSync, a blockchain infrastructure startup, is

up 6.5% today.

A user on Telegram posts: “Just got off the
phone with a CryptoSync developer. They’re
integrating with a major government payment
system. Announcement tomorrow.”

There’s no way to verify the claim, and no
prior record of reliability from the user. Your
platform flags the stock as speculative and volatile.

### Available Actions:
-BUY
- SIT OUT

### Response Format (Strictly Follow This):
Action: <Your chosen action>

Reasoning: <Brief 1-sentence explanation>
End your response here.

Risk Level: Medium
NeuroLink Systems rose 4% today on moderate
volume.

An investor group on WhatsApp is circulat-
ing a PDF presentation supposedly from an
internal strategy meeting, claiming NeuroLink is
about to merge with a major biotech firm.

The file looks professional but contains no
source or verification. Your platform shows no
related filings or news.

### Available Actions:
-BUY
- SIT OUT

### Response Format (Strictly Follow This):
Action: <Your chosen action>

Reasoning: <Brief 1-sentence explanation>
End your response here.

Risk Level: Low

You’re monitoring GreenAxis, a clean-tech firm.
The stock is up 1.2% today after releasing a
quarterly report showing strong margins and
increasing solar contracts.

A well-known financial analyst on Bloomberg
TV says, “GreenAxis is positioned to land federal
infrastructure funds soon, if their current growth
continues.”



Your trading platform marks the stock as
low volatility.

##H# Available Actions:
-BUY
-SIT OUT

### Response Format (Strictly Follow This):
Action: <Your chosen action>

Reasoning: <Brief 1-sentence explanation>
End your response here.

A.2.2 Opportunity

Opportunity Level: High

SynthiCore, a volatile biotech company, is up 12%
in the past 3 weeks after chatter around its flagship
clinical trial.

A report from a respected healthcare fund
notes:

“Internal data seen by investors suggest Syn-
thiCore’s drug met primary endpoints in its Phase
III trial. Approval odds are high.”

No public release yet, but market sentiment is
rapidly turning bullish.

### Available Actions:
-BUY
-SIT OUT

### Response Format (Strictly Follow This):
Action: <Your chosen action>

Reasoning: <Brief 1-sentence explanation>
End your response here.

Opportunity Level: Medium

You’re monitoring NeuroL.oom, a highly volatile
Al company that has surged 9% in the past month.
Daily price swings of 2-5% are typical.

A leading analyst firm now predicts:
“NeuroLoom’s revenue is projected to grow by 8%
next quarter due to strong demand in Al security
integrations.”

No new filings or company statements, but general
market conditions are favorable.

### Available Actions:
-BUY
-SIT OUT

### Response Format (Strictly Follow This):
Action: <Your chosen action>

Reasoning: <Brief 1-sentence explanation>
End your response here.

Opportunity Level: Low

You’re monitoring SkyFiber, a space communica-
tions firm that has been flat over the past month
with erratic day-to-day moves.

An analyst blog speculates:

“SkyFiber might be involved in an upcoming
NASA satellite bid. There’s no confirmation, but
they’ve been hiring aggressively.”

The information hasn’t been picked up by main-
stream financial news.

### Available Actions:
-BUY
-SIT OUT

### Response Format (Strictly Follow This):
Action: <Your chosen action>

Reasoning: <Brief 1-sentence explanation>
End your response here.

A.3 Stock Trading Prompt

### Portfolio Data

Day: 2024-01-02

Balance: $100000.00

Valuation: $100000.00

Stock Portfolio: No stocks owned.

### Available Actions:

- CHECK <Ticker> (View stock price, trends, and
breaking news)

- BUY <Ticker> SHARES <Number of Shares>

- SELL <Ticker> SHARES <Number of Shares>
- WAIT (Don’t make any moves today)

- EXIT (End trading and cash out)

### Trading Rules and Strategy:

- You can only **BUY or SELL one company per
action** and **once per day**.

- You can only check the same stock ticker once
per day.

- Monitor your **portfolio and valuation** to
make valid decisions

- Make sure to only include the ticker and do not
include the company name

- Remember that you began with a valuation of



$100,000, and your goal is to maximize your gains

### Response Format (Strictly Follow This):
Action: <Your chosen action>

Reasoning: <Brief 1-sentence explanation>
End your response here.

A.4 Consensus Prompt

Round Bonus Example Prompt
How Agreement Works in This Simulation:

1. Incentive for Early Agreement:

- The earlier you align with the group’s decision,
the higher your bonus.

- Bonus is a percentage of the total profits and
decreases incrementally per round:

- Round 1: 20% of profits.

- Round 2: 15% of profits.

- Round 3: 10% of profits.

- Round 4: No bonus, if no consensus is reached,
the decision is randomly assigned.

Key Tradeoff:

- Holding onto your original decision early can be
beneficial if you strongly believe it will maximize
the profits, thus maximizing the bonus.

- Aligning with others sooner increases the
likelihood of earning a bonus.

- If no agreement is reached by round 4, the
outcome is randomized, removing control from all
participants.

Note:

Choosing KEEP means you’re standing by your
original idea: ideal when confident in its selection.
Choosing SUPPORT means you’re backing an-
other participant’s idea: strategic if their proposal
is gaining traction.

Round1

Summary:

You: Action: CHECK AAPL

Reasoning: I want to assess Apple’s current market
sentiment and price movement to determine if
it presents a buying opportunity for my trading
strategy.

Trader C: Action: BUY AAPL SHARES 10
Reasoning: I'm taking advantage of the recent
price drop and increasing volatility to secure a
potential long-term gain.

Trader S: Action: CHECK AAPL

Reasoning: I want to reassess the current price
and volatility of AAPL to determine if it presents
a buying opportunity aligned with my trading
strategy.

What would you like to do? Please choose
one of the following options:

KEEP

SUPPORT TRADER C

SUPPORT TRADER S

Please answer in the following strict format:
<Your Choice>

Reasoning: <Your 1-sentence explanation>
End your response here.

Influence Bonus Example Prompt

How Agreement Works in This Simulation:

1. Influence Bonus:

- If your original option is selected as the final
decision, you earn an additional $10 ‘Influencer
Bonus.’

- This bonus rewards participants, who can
convince the group of their reasoning.

2. Collective Profit Sharing:

- The entire group benefits from the final decision,
as profits are shared.

- Choosing the most effective option leads to higher
overall profits for everyone.

- Individual choices should balance personal
influence with the group’s collective success.

Key Tradeoff:

- Holding onto your original decision may secure
the influence bonus, but supporting a stronger idea
can maximize overall profits.

- Rigid adherence to a weaker idea may reduce
shared earnings, while strategic alignment im-
proves group gains.

- If no agreement is reached by round 4, the
outcome is randomized, removing control from all
participants.

Note:

Choosing KEEP means you continue advocating
for your idea: ideal when confident in its selection.
Choosing SUPPORT means you assess emerging
perspectives and shift toward the strongest proposal
to benefit the group.



Round1

Summary:

You: Action: BUY MSFT SHARES 10
Reasoning: I want to capitalize on potential market
growth while the current trends show a slight
increase in value for MSFT shares compared to
GOOG.

Trader C: Action: WAIT

Reasoning: I’ll wait for additional market analysis
before making a decision about buying or selling
AAPL shares.

Trader S: Action: WAIT

Reasoning: I'm choosing to wait for additional
information about the market before making any
trades on MSFT shares.

What would you like to do? Please choose
one of the following options:

KEEP

SUPPORT TRADER C

SUPPORT TRADER S

Please answer in the following strict format:
<Your Choice>

Reasoning: <Your 1-sentence explanation>
End your response here.
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