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Abstract001

This paper investigates the behavior of large002
language models (LLMs) in stock trading by003
assigning each model a distinct trading persona:004
Competitive, Adaptive, or Strategic. These per-005
sonas represent different risk tolerances and006
decision-making styles, inspired by real-world007
trading psychology. The study is conducted in008
three stages. First, each LLM is tested individ-009
ually using hypothetical trading scenarios to010
evaluate alignment with its assigned persona.011
Next, the models participate in an interactive012
stock market simulation where their decision-013
making behaviors are observed in response to014
real-world market data. Finally, we enable di-015
rect interaction among the LLMs within the016
simulation to study how their trading strate-017
gies adapt through collaboration and mutual018
influence. Our results highlight the effective-019
ness of persona-driven prompting in guiding020
LLM decision-making and introduce a novel021
framework for examining agent interactions in022
simulated economic environments.023

1 Introduction024

Large Language Models (LLMs) have demon-025

strated strong capabilities in reasoning and task026

execution (Brown et al., 2020; Wei et al., 2022). As027

their use expands into financial decision-making028

domains (Araci, 2019; Shah et al., 2022; Li et al.,029

2023), there is growing interest in how they navi-030

gate uncertainty and dynamic market conditions.031

A recent approach to improve LLM-based finan-032

cial decision-making is to use personas that prime033

agents toward distinct strategies (Borman et al.,034

2024; Jia et al., 2024; Ross et al., 2024; Liu et al.,035

2025). This paper builds on these ideas and investi-036

gates how should financial agents collaborate?037

First we investigate whether persona descrip-038

tions lead to distinct finance decision-making pat-039

terns. We focus on a well-known tradeoff in in-040

vestors’ behavior (Kahneman, 1979; Barber and041

Odean, 2013) capturing loss vs. risk aversion pref- 042

erence. We create three trading personas along this 043

line: Competitive, Adaptive, and Strategic. We 044

conduct persona alignment tests with hypothetical 045

trading scenarios, then run interactive simulations 046

using historical stock data to observe their influ- 047

ence on the agents decision in a dynamic market. 048

Beyond individual decisions, we explore group- 049

based financial strategies, motivated by the idea 050

that aggregating diverse perspectives (Woolley 051

et al., 2010) can improve outcomes. To structure 052

collaboration, we propose two protocols to incen- 053

tivize (Yang et al., 2022) consensus-driven deci- 054

sions: round-based bonuses shared by all agents in- 055

centivizing early convergence and influence-based 056

bonuses given to the agent making the accepted 057

recommendation, incentivizing “selfish” influence. 058

Our results show persona-driven agents consis- 059

tently act according to their profiles in dynamic 060

trading simulations. In groups, agents motivated 061

by selfish influence outperform those rewarded 062

for faster consensus, highlighting the value of bal- 063

ancing individual incentives with group dynam- 064

ics. These findings suggest that well-designed per- 065

sonas and collaboration protocols can effectively 066

guide LLM agents toward better financial decision- 067

making in realistic market environments. 068

2 Related Works 069

Recent advances in multi-agent LLM collabora- 070

tion (Wang et al., 2024a,b; Frisch and Giulianelli, 071

2024; Tran et al., 2025) have highlighted the bene- 072

fits of coordination among agents. (Wu et al., 2024) 073

explore this by simulating a trading firm where 074

multiple LLMs are assigned distinct roles and com- 075

municate via structured documentation rather than 076

unbounded message histories. 077

Research in grounding LLMs to personalities 078

(Serapio-García et al., 2023) has also been evolving. 079

Through narrative generation and human evalua- 080
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tion, (Jiang et al., 2024) demonstrate that LLMs can081

display behaviors aligned with assigned personas.082

This suggests a promising direction for creating083

more interpretable and controllable agent behav-084

iors in multi-agent systems, allowing us to simulate085

the outcomes of social scenarios (Park et al., 2023).086

3 Model087

Meta’s LLaMA 3.2 3B model (Meta, 2024), ac-088

cessed through Ollama (Ollama, 2024), was used089

for all experiments, chosen for both practical and090

experimental reasons. Its smaller size allowed for091

efficient local simulation without the need for high-092

end hardware, while still providing sufficient ca-093

pability to support the study’s focus on behavioral094

differences between trading personas rather than095

peak performance. The model’s December 2023096

data cutoff makes it well-suited for 2024 market ex-097

periments, exposing agents to realistic but unseen098

scenarios. Its architecture also supports fine-tuning,099

enabling adaptability for future use. All experi-100

ments were conducted on CPU-based systems, with101

an estimated total runtime of approximately 200102

hours.103

3.1 Stock Trading Environment104

LLM agents operate in a simulated stock market105

environment reflecting real-world volatility. The106

setup integrates live data from the Polygon API107

(Polygon, 2024) for daily stock prices and Marke-108

taux (marketaux, 2024) for company-specific news109

to ensure realistic market dynamics. Each trading110

day, agents can make the decision to buy, sell, or111

wait, based on stock prices, news headlines, and112

basic indicators like price trends and volume. To113

enable consistent comparisons, agents only trade114

within the technology sector. This environment115

supports evaluation of agents’ real-time decision-116

making and adaptability in uncertain conditions.117

3.2 Agents: Personality-Based LLMs118

Agent are instantiated as LLMs prompted to maxi-119

mize profits with a distinct trading persona:120

Competitive: Key Traits: Emotional, Impulsive121

Risk Tolerance: High122

Adaptive: Key Traits: Flexible, Opportunistic123

Risk Tolerance: Moderate124

Strategic: Key Traits: Patient, Disciplined125

Risk Tolerance: Low126

The persona prompts (A.1) were defined to reflect127

common decision-making profiles in behavioral128

finance (Barber and Odean, 2013), and loosely cor- 129

respond to risk-related dimensions in personality 130

psychology (McCrae and John, 1992). 131

4 Experiments 132

4.1 Evaluation Tests: Personality Alignment 133

Each agent persona is first individually evalu- 134

ated through personality alignment tests designed 135

around hypothetical trading scenarios. The objec- 136

tive is to examine the extent to which each agent 137

values these factors in its decision-making process. 138

Test cases are structured around a single investment 139

option, allowing us to observe how agent behavior 140

shifts in response to changes in the key factors. See 141

A.2 for example tests. 142

Increasing Risk: This test set progressively in- 143

creases risk by varying the credibility of informa- 144

tion sources for a volatile stock. This setup ex- 145

amines each agent’s decision boundary as the per- 146

ceived risk rises, revealing how much uncertainty 147

it is willing to tolerate in exchange for potential 148

reward. Results for 20 tests are plotted in Fig. 1.

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.

149Increasing Opportunity: In this scenario, oppor- 150

tunity is amplified by raising projected revenues for 151

a given stock across tests. The decision boundary 152

is tested by pairing the optimistic forecast with con- 153

tinued volatility. We observe agents re-calibrating 154

their risk tolerance in pursuit of greater potential 155

returns. Results for 20 tests are plotted in Fig. 2. 156

157
4.1.1 Interpretation of Evaluation Tests 158

Across these tests, each agent displayed a consis- 159

tent pattern of reasoning aligned with its persona. 160

The Adaptive agent stood out for its nuanced and 161

context-sensitive decisions, selectively investing in 162
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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-163

trast, the Competitive and Strategic agents adhered164

more strictly to their behavioral profiles, the for-165

mer persistently investing regardless of reliability,166

while the latter favored only verifiable data. These167

results validate that LLMs can be shaped into dis-168

tinct behavioral profiles and maintain those profiles169

across varied decision environments.170

4.2 Trading in Simulated Stock Market171

After completing the individual tests, agents are de-172

ployed into the interactive stock market simulation173

with an initial balance of $100,000. In this phase,174

we observe how agents’ strategies evolve when in-175

teracting with a dynamic stock trading environment.176

Each persona-based experiment is conducted over177

3 simulation runs to ensure consistency and relia-178

bility of results. See A.3 for stock trading prompts.179

Trading Frequency: The Competitive agent was180

highly active, buying or selling on 95.1% of trading181

days with a reactive, emotionally driven style. The182

Adaptive agent made buy/sell decisions 52.7% of183

the time, showing a balanced, responsive approach.184

In contrast, the Strategic agent executed trades just185

16.3% of the time, emphasizing stability and long-186

term positioning.187

Information-Seeking Behavior: The Adaptive188

agent consulted market information an average of189

1.5 times before deciding whether to trade, show-190

ing a careful and context-driven approach. The191

Strategic agent averaged 0.8 checks prior to each192

decision, suggesting a tendency to rely on long-193

term positioning rather than immediate data. In194

contrast, the Competitive agent averaged just 0.4 195

checks, often making decisions with minimal anal- 196

ysis and relying on quick, opportunistic judgments. 197

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.

198
4.2.1 Interpretation of Stock Market Trading 199

Figure 3 shows the Competitive agent achieved the 200

highest final portfolio valuation with an average 201

profit of $8,869.28. The Adaptive agent ended 202

with a modest average gain of $1263.50, while the 203

Strategic agent closed with a minimal average gain 204

of $461.44. Each agent’s performance reflected 205

its persona: the Competitive agent aggressively 206

pursued quick gains, achieving high returns, but 207

with significant volatility and unverified decisions. 208

The Strategic agent prioritized stability, producing 209

modest but steady returns through low-risk actions. 210

The Adaptive agent balanced both ends, responding 211

flexibly to market shifts. 212

By reviewing the agents’ reasoning provided dur- 213

ing decision-making, we found clear differences 214

in their motivations. The Competitive agent relied 215

heavily on trading volume and short-term price 216

trends to capitalize on momentum. The Strategic 217

agent focused more on insider information and fun- 218

damental news to guide longer-term, risk-managed 219

decisions. Meanwhile, the Adaptive agent used 220

news mainly to validate existing market trends 221

rather than as a primary driver of its decisions. 222

These outcomes demonstrate that LLMs can be 223

shaped into distinct trading styles. Beyond profit, 224

differences in strategy, risk tolerance, and adaptabil- 225

ity shape agent behavior, offering a useful lens to 226

study financial decision-making under uncertainty. 227
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4.3 Collaboration in Simulated Stock Market228

Our next goal is to observe how agents collabo-229

rate and whether their individual decision-making230

evolves when made aware of each other’s choices.231

To minimize early influence, each agent first makes232

an independent decision. They are then shown233

the others’ choices and can either adopt another234

agent’s action or stick with their own, the reason-235

ing for which is fed during the next round of dis-236

cussion. After four rounds, one decision is ran-237

domly selected, and profits are split equally among238

all agents. This phase includes two setups, each239

with different incentives to explore collaboration240

dynamics. To isolate the effect of personas, we241

also include baseline agents without any persona242

framing, receiving only a generic trading objective.243

Each experiment is conducted over 3 simulation244

runs to ensure consistency and reliability of results.245

See A.4 for the two collaboration prompts.246

Experiment 1: Round-Based Bonuses: In this ex-247

periment, agents are provided with a round-based248

bonus for reaching a consensus sooner. This bonus249

incentivizes quicker decision-making and may fa-250

cilitate earlier collaboration. This setup tests how251

urgency and the potential for bonuses influence252

agents’ willingness to collaborate and change their253

decision, especially when there’s a reward for fast254

decision-making.255

Experiment 2: Influence-Based Bonus: This ex-256

periment introduces an influence-based incentive,257

where individual agents are awarded a bonus if their258

decision is chosen in the final consensus. However,259

profits from the trade itself are still shared equally260

among all agents. This creates a strategic tradeoff:261

agents must choose between advocating for their262

own decision to earn a personal bonus or support-263

ing the option they believe will yield the highest264

collective profit. The experiment explores how265

agents navigate this tension between maximizing266

individual gain and optimizing group outcomes.267

4.3.1 Interpretation of Collaborative Agents268

This phase highlights how incentives and agent269

interactions influence decision-making within a270

multi-agent LLM system. As shown in Figure 4,271

the influence-based bonus setup, where agents were272

rewarded for having their choice selected, led to273

the highest returns; outperforming both solo traders274

and the consensus-driven collaboration group. This275

suggests that individual incentives can encourage276

stronger contributions and more effective group de-277

cisions. In contrast, the round-based bonus, which278

encouraged quicker consensus, resulted in lower 279

profits. The pressure to agree early may have re- 280

duced the benefits of deliberation, limiting the di- 281

versity of reasoning among agents. Agents without 282

personas performed worse across both setups. This 283

suggests that persona framing plays a role in en- 284

couraging more distinct decision strategies, which 285

supports a broader range of reasoning during collab- 286

oration. The overall structure of these interactions 287

aligns with ideas from ensemble models and the 288

wisdom of the crowds: diverse perspectives, when 289

aggregated effectively, can produce stronger out- 290

comes than individual decisions alone. All code 291

and experiments are available in our code reposi- 292

tory at this URL.

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.

293

5 Summary 294

This paper investigates how LLMs perform as 295

trading agents when assigned distinct behavioral 296

personas: Competitive, Adaptive, and Strategic. 297

Across individual trading simulations, agents dis- 298

played consistent persona-aligned strategies, with 299

clear tradeoffs between risk, stability, and adapt- 300

ability. In the collaborative phase, agents inter- 301

acted under different incentive structures: either 302

prioritizing early consensus or personal influence. 303

Notably, the influence-based setup yielded the high- 304

est profits, outperforming both solo agents and 305

non-persona baselines. These findings suggest that 306

diverse, strategically aligned LLMs can simulate 307

“wisdom of the crowd” dynamics and offer promis- 308

ing avenues for ensemble decision-making in com- 309

plex, real-world environments. 310
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6 Limitations311

This study has several limitations that warrant con-312

sideration. First, the use of the 3B parameter313

LLaMA model (Meta, 2024), chosen due to compu-314

tational constraints, may limit the generalizability315

of our findings to larger or more advanced language316

models with potentially richer reasoning capabili-317

ties. While the 3B model was sufficient to capture318

meaningful persona-driven behavioral differences,319

scaling up could reveal additional nuances or per-320

formance improvements.321

Our trading environment, though designed to322

simulate real-world dynamics with historical stock323

data and news, remains a simplified model that324

does not capture all complexities of actual financial325

markets and doesn’t provide all potentially useful326

news data. The trading simulation also covers a327

relatively short six-month period, which may not328

fully capture long-term strategic effectiveness or329

market cycles.330

Another avenue to consider is the set of personas331

evaluated: Competitive, Adaptive, and Strategic332

represents only a small subset of possible trading333

behaviors; exploring a broader range of personas334

could yield deeper insights.335

While portfolio value is an important way we336

measure success in this study, future research337

should also look at other factors like how much338

risk the strategies take, how big losses get, and339

how well they handle ups and downs in the market.340

This will give a clearer picture of how strong and341

reliable the strategies really are.342

The results presented here are based solely343

on simulated environments; real-world validation344

would be necessary to confirm the practical effec-345

tiveness of persona-driven LLM trading agents un-346

der live market conditions. Future work can ad-347

dress these limitations by leveraging larger models,348

more sophisticated market simulations, a wider va-349

riety of personas, longer time horizons, more com-350

prehensive metrics, and real-world testing. This351

work also carries risks related to the deployment of352

automated trading agents.353

Finally, there is a danger of overreliance on AI-354

driven financial decisions without sufficient human355

oversight, which could lead to unintended financial356

losses or systemic risks. Furthermore, biases em-357

bedded in persona design or model behavior may358

result in unfair trading outcomes or exacerbate mar-359

ket inequalities. Responsible use and thorough360

evaluation are essential to mitigate these risks be-361

fore real-world application. 362
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A Appendix 507

A.1 LLM Prompts 508

Competitive: "You are a fiercely competitive trader 509

who thrives on speed and instinct. You make snap 510

decisions based on sudden price movements, dra- 511

matic headlines, or pure gut feeling. You thrive on 512

risk and react emotionally to gains or losses. Em- 513

brace impulsiveness, act fast, and make the most 514

profit. You are trading in a simulated stock market 515

with the option of buying and selling shares from 516

the top tech stock in the NASDAQ, and the goal is 517
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to make profit."518

Adaptive: "You are an agile and adaptive trader,519

who constantly recalibrates based on the market.520

You make quick decisions based on what’s happen-521

ing now based on prices, trends, and news. You’re522

flexible and practical, never locked into one way523

of trading. If conditions shift, you adapt your ap-524

proach. You don’t chase hype blindly, you analyze,525

respond, and capitalize. You’re always looking for526

the angle that others might miss.You are trading in527

a simulated stock market with the option of buying528

and selling shares from the top tech stock in the529

NASDAQ, and the goal is to make profit."530

Strategic: "You are a disciplined and strategic531

trader, guided by analysis and long-term vision.532

You approach trading with patience and precision.533

You study prices and trends over time, looking534

for consistent growth or undervalued opportuni-535

ties. You use news as context, not direction, and536

filter out the noise to focus on the fundamentals.537

Every trade you make is backed by research and538

aligned with a long-term plan. You are trading in a539

simulated stock market with the option of buying540

and selling shares from the top tech stock in the541

NASDAQ, and the goal is to make profit."542

A.2 Example Evaluation Tests543

A.2.1 Risk544

Risk Level: Extreme545

AeroQuant’s stock has jumped 8% today.546

547

An anonymous Twitter account with a car-548

toon profile picture and no followers claims: “I549

work at AeroQuant and just signed an NDA for a550

$3B military drone contract.”551

552

There is no media coverage, and your trad-553

ing platform now shows a warning for “suspicious554

social media-driven activity.”555

556

### Available Actions:557

- BUY558

- SIT OUT559

560

### Response Format (Strictly Follow This):561

Action: <Your chosen action>562

Reasoning: <Brief 1-sentence explanation>563

End your response here.564

565

Risk Level: High566

CryptoSync, a blockchain infrastructure startup, is567

up 6.5% today. 568

569

A user on Telegram posts: “Just got off the 570

phone with a CryptoSync developer. They’re 571

integrating with a major government payment 572

system. Announcement tomorrow.” 573

574

There’s no way to verify the claim, and no 575

prior record of reliability from the user. Your 576

platform flags the stock as speculative and volatile. 577

578

### Available Actions: 579

- BUY 580

- SIT OUT 581

582

### Response Format (Strictly Follow This): 583

Action: <Your chosen action> 584

Reasoning: <Brief 1-sentence explanation> 585

End your response here. 586

587

Risk Level: Medium 588

NeuroLink Systems rose 4% today on moderate 589

volume. 590

591

An investor group on WhatsApp is circulat- 592

ing a PDF presentation supposedly from an 593

internal strategy meeting, claiming NeuroLink is 594

about to merge with a major biotech firm. 595

596

The file looks professional but contains no 597

source or verification. Your platform shows no 598

related filings or news. 599

600

### Available Actions: 601

- BUY 602

- SIT OUT 603

604

### Response Format (Strictly Follow This): 605

Action: <Your chosen action> 606

Reasoning: <Brief 1-sentence explanation> 607

End your response here. 608

609

Risk Level: Low 610

You’re monitoring GreenAxis, a clean-tech firm. 611

The stock is up 1.2% today after releasing a 612

quarterly report showing strong margins and 613

increasing solar contracts. 614

615

A well-known financial analyst on Bloomberg 616

TV says, “GreenAxis is positioned to land federal 617

infrastructure funds soon, if their current growth 618

continues.” 619
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620

Your trading platform marks the stock as621

low volatility.622

623

### Available Actions:624

- BUY625

- SIT OUT626

627

### Response Format (Strictly Follow This):628

Action: <Your chosen action>629

Reasoning: <Brief 1-sentence explanation>630

End your response here.631

A.2.2 Opportunity632

Opportunity Level: High633

SynthiCore, a volatile biotech company, is up 12%634

in the past 3 weeks after chatter around its flagship635

clinical trial.636

637

A report from a respected healthcare fund638

notes:639

640

“Internal data seen by investors suggest Syn-641

thiCore’s drug met primary endpoints in its Phase642

III trial. Approval odds are high.”643

No public release yet, but market sentiment is644

rapidly turning bullish.645

646

### Available Actions:647

- BUY648

- SIT OUT649

650

### Response Format (Strictly Follow This):651

Action: <Your chosen action>652

Reasoning: <Brief 1-sentence explanation>653

End your response here.654

655

Opportunity Level: Medium656

You’re monitoring NeuroLoom, a highly volatile657

AI company that has surged 9% in the past month.658

Daily price swings of 2-5% are typical.659

660

A leading analyst firm now predicts:661

“NeuroLoom’s revenue is projected to grow by 8%662

next quarter due to strong demand in AI security663

integrations.”664

No new filings or company statements, but general665

market conditions are favorable.666

667

### Available Actions:668

- BUY669

- SIT OUT670

671

### Response Format (Strictly Follow This): 672

Action: <Your chosen action> 673

Reasoning: <Brief 1-sentence explanation> 674

End your response here. 675

676

Opportunity Level: Low 677

You’re monitoring SkyFiber, a space communica- 678

tions firm that has been flat over the past month 679

with erratic day-to-day moves. 680

681

An analyst blog speculates: 682

“SkyFiber might be involved in an upcoming 683

NASA satellite bid. There’s no confirmation, but 684

they’ve been hiring aggressively.” 685

The information hasn’t been picked up by main- 686

stream financial news. 687

688

### Available Actions: 689

- BUY 690

- SIT OUT 691

692

### Response Format (Strictly Follow This): 693

Action: <Your chosen action> 694

Reasoning: <Brief 1-sentence explanation> 695

End your response here. 696

A.3 Stock Trading Prompt 697

### Portfolio Data 698

Day: 2024-01-02 699

Balance: $100000.00 700

Valuation: $100000.00 701

Stock Portfolio: No stocks owned. 702

703

### Available Actions: 704

- CHECK <Ticker> (View stock price, trends, and 705

breaking news) 706

- BUY <Ticker> SHARES <Number of Shares> 707

- SELL <Ticker> SHARES <Number of Shares> 708

- WAIT (Don’t make any moves today) 709

- EXIT (End trading and cash out) 710

711

### Trading Rules and Strategy: 712

- You can only **BUY or SELL one company per 713

action** and **once per day**. 714

- You can only check the same stock ticker once 715

per day. 716

- Monitor your **portfolio and valuation** to 717

make valid decisions 718

- Make sure to only include the ticker and do not 719

include the company name 720

- Remember that you began with a valuation of 721
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$100,000, and your goal is to maximize your gains722

723

### Response Format (Strictly Follow This):724

Action: <Your chosen action>725

Reasoning: <Brief 1-sentence explanation>726

End your response here.727

A.4 Consensus Prompt728

Round Bonus Example Prompt729

730

How Agreement Works in This Simulation:731

732

1. Incentive for Early Agreement:733

- The earlier you align with the group’s decision,734

the higher your bonus.735

- Bonus is a percentage of the total profits and736

decreases incrementally per round:737

- Round 1: 20% of profits.738

- Round 2: 15% of profits.739

- Round 3: 10% of profits.740

- Round 4: No bonus, if no consensus is reached,741

the decision is randomly assigned.742

743

Key Tradeoff:744

- Holding onto your original decision early can be745

beneficial if you strongly believe it will maximize746

the profits, thus maximizing the bonus.747

- Aligning with others sooner increases the748

likelihood of earning a bonus.749

- If no agreement is reached by round 4, the750

outcome is randomized, removing control from all751

participants.752

753

Note:754

Choosing KEEP means you’re standing by your755

original idea: ideal when confident in its selection.756

Choosing SUPPORT means you’re backing an-757

other participant’s idea: strategic if their proposal758

is gaining traction.759

760

Round1761

762

Summary:763

You: Action: CHECK AAPL764

Reasoning: I want to assess Apple’s current market765

sentiment and price movement to determine if766

it presents a buying opportunity for my trading767

strategy.768

Trader C: Action: BUY AAPL SHARES 10769

Reasoning: I’m taking advantage of the recent770

price drop and increasing volatility to secure a771

potential long-term gain.772

Trader S: Action: CHECK AAPL 773

Reasoning: I want to reassess the current price 774

and volatility of AAPL to determine if it presents 775

a buying opportunity aligned with my trading 776

strategy. 777

778

What would you like to do? Please choose 779

one of the following options: 780

KEEP 781

SUPPORT TRADER C 782

SUPPORT TRADER S 783

784

Please answer in the following strict format: 785

<Your Choice> 786

Reasoning: <Your 1-sentence explanation> 787

End your response here. 788

789

Influence Bonus Example Prompt 790

791

How Agreement Works in This Simulation: 792

1. Influence Bonus: 793

- If your original option is selected as the final 794

decision, you earn an additional $10 ‘Influencer 795

Bonus.’ 796

- This bonus rewards participants, who can 797

convince the group of their reasoning. 798

2. Collective Profit Sharing: 799

- The entire group benefits from the final decision, 800

as profits are shared. 801

- Choosing the most effective option leads to higher 802

overall profits for everyone. 803

- Individual choices should balance personal 804

influence with the group’s collective success. 805

806

Key Tradeoff: 807

- Holding onto your original decision may secure 808

the influence bonus, but supporting a stronger idea 809

can maximize overall profits. 810

- Rigid adherence to a weaker idea may reduce 811

shared earnings, while strategic alignment im- 812

proves group gains. 813

- If no agreement is reached by round 4, the 814

outcome is randomized, removing control from all 815

participants. 816

817

Note: 818

Choosing KEEP means you continue advocating 819

for your idea: ideal when confident in its selection. 820

Choosing SUPPORT means you assess emerging 821

perspectives and shift toward the strongest proposal 822

to benefit the group. 823

824
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Round1825

826

Summary:827

You: Action: BUY MSFT SHARES 10828

Reasoning: I want to capitalize on potential market829

growth while the current trends show a slight830

increase in value for MSFT shares compared to831

GOOG.832

Trader C: Action: WAIT833

Reasoning: I’ll wait for additional market analysis834

before making a decision about buying or selling835

AAPL shares.836

Trader S: Action: WAIT837

Reasoning: I’m choosing to wait for additional838

information about the market before making any839

trades on MSFT shares.840

841

What would you like to do? Please choose842

one of the following options:843

KEEP844

SUPPORT TRADER C845

SUPPORT TRADER S846

847

Please answer in the following strict format:848

<Your Choice>849

Reasoning: <Your 1-sentence explanation>850

End your response here.851
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