
Can Finetuing LLMs on Small Human Samples Increase Heterogeneity,
Alignment, and Belief-Action Coherence?

Anonymous ACL submission

January 5, 2026

Abstract001

There is ongoing debate about whether large002
language models (LLMs) can serve as sub-003
stitutes for human participants in survey and004
experimental research. While recent work in005
fields such as marketing and psychology has ex-006
plored the potential of LLM-based simulation,007
a growing body of evidence cautions against008
this practice: LLMs often fail to align with009
real human behavior, exhibiting limited diver-010
sity, systematic misalignment for minority sub-011
groups, insufficient within-group variance, and012
discrepancies between stated beliefs and ac-013
tions. This study examines an important and014
distinct question in this domain: whether fine-015
tuning on a small subset of human survey data,016
such as that obtainable from a pilot study, can017
mitigate these issues and yield realistic sim-018
ulated outcomes. Using a behavioral experi-019
ment on information disclosure, we compare020
human and LLM-generated responses across021
multiple dimensions, including distributional022
divergence, subgroup alignment, belief–action023
coherence, and the recovery of regression co-024
efficients. We find that finetuning on small025
human samples substantially improves hetero-026
geneity, alignment, and belief–action coher-027
ence relative to the base model. However, even028
the best-performing finetuned models fail to re-029
produce the regression coefficients of the origi-030
nal study, suggesting that LLM-generated data031
remain unsuitable for replacing human partici-032
pants in formal inferential analyses.033

1 Introduction034

With the rapid advancement of reasoning and035

language capabilities in large language models036

(LLMs), researchers have increasingly explored037

their use as human surrogates to simulate survey038

and experimental responses. One of the earliest039

works in this direction is by Argyle et al. (2023),040

who used GPT-3 to model public opinion patterns041

in political science. Since then, the use of LLMs042

as proxies for human participants has expanded043

across a range of disciplines, including marketing,044

economics, and psychology (e.g. Brand et al., 2023; 045

Aher et al., 2023), as well as in natural language 046

processing (NLP) tasks traditionally performed by 047

humans, such as text quality evaluation and data 048

annotation (Chiang and Lee, 2023; He et al., 2024). 049

In parallel, another line of work has focused on 050

finetuning open-source LLMs with human experi- 051

mental data to better align model predictions with 052

real behavioral distributions. For example, Cen- 053

taur (Binz et al., 2025) is an LLM finetuned on a 054

large-scale psychology dataset to more accurately 055

mimic differences in human behavior, while Sub- 056

POP (Suh et al., 2025) leverages real survey data 057

to model subpopulation opinion distributions. To- 058

gether, these developments have spurred growing 059

interest in whether LLMs can serve not only as 060

reasoning systems but also as credible simulators 061

of human heterogeneity and social behavior. 062

On the other hand, a growing body of research 063

urges caution in using LLMs as substitutes for hu- 064

man participants. The central critique is that LLM- 065

generated responses lack heterogeneity, tending to 066

reproduce human averages while underrepresent- 067

ing the diversity found in real populations (Bis- 068

bee et al., 2024; Wang et al., 2025a; Wu et al., 069

2025). This issue is most pronounced under default 070

prompting conditions, where LLMs do not behave 071

like an “average” respondent but instead reflect the 072

perspectives of the WEIRD demographic (Western, 073

Educated, Industrialized, Rich, and Democratic) 074

that dominates their training data (Liu et al., 2022). 075

To address this limitation, researchers have experi- 076

mented with persona and context-based prompting, 077

embedding demographic cues such as gender, race, 078

or age to encourage more varied responses. While 079

these methods introduce some between-group dif- 080

ferences, they remain imperfect. Studies have also 081

documented the phenomenon of identity flatten- 082

ing, where LLMs exhibit variation across demo- 083

graphic subgroups but not within them, portray- 084

ing each subgroup as internally homogeneous (Lin, 085

2025; Wang et al., 2025a). This behavior often 086
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mirrors out-group stereotyping, where the model087

reproduces what outsiders might expect a given088

group to believe, rather than authentic in-group di-089

versity, reflecting biases inherent in online text cor-090

pora. Even finetuned models designed specifically091

for psychological realism face similar challenges.092

For example, Centaur (Binz et al., 2025) has been093

found to deviate systematically from human rat-094

ings of moral judgment (Schröder et al., 2025) and095

behavioral study data (Gao et al., 2025), suggest-096

ing limited generalizability to out-of-distribution097

behavioral contexts.098

The aim of this study is not to enter the discourse099

of whether off-the-shelf or pre-finetuned LLMs can100

fully substitute for human respondents, but rather to101

examine whether finetuning on a small subset of hu-102

man data, such as that obtainable from a pilot study,103

can mitigate the limitations documented in prior104

work. For reasons detailed below, we base our sim-105

ulations on the behavioral experiment of Hunt et al.106

(2025), which investigates how information disclo-107

sure shapes attackers’ judgments and decisions in108

a security scenario. Our findings show that LLMs109

finetuned on small fractions of the human dataset110

can substantially improve heterogeneity, distribu-111

tional alignment, and value–action coherence rela-112

tive to the base LLM. However, despite these im-113

provements, none of the finetuned models reliably114

reproduce the original regression coefficients or115

underlying hypothesis tests, indicating that replac-116

ing human participants with LLMs remains risky117

and may introduce non-negligible bias into conclu-118

sions. Hence, we caution against the naive use of119

base models for experimental design and simula-120

tion, even when augmented with sociodemographic121

prompting, they tend to produce overly tight vari-122

ance. Such compression can yield overconfident123

power analyses and lead to underpowered stud-124

ies. In contrast, we show that finetuning on as few125

as 30 human observations substantially improves126

distributional alignment, producing variation that127

more closely resembles human data and yielding128

more realistic simulated responses. This makes129

finetuned models better suited for certain stages130

of survey design and pretesting than base LLMs.131

In sum, we contribute to the literature by showing132

that finetuning on a small sample of human data133

(30 observations) can substantially mitigate several134

issues identified in prior work, including the lack135

of heterogeneity, distributional misalignment, and136

the value–action gap. Both the original and simu-137

lated data will be released for future research upon138

acceptance. 139

2 Related Literature 140

2.1 Limitations of LLMs in Replicating 141

Human Behavior 142

A growing body of research shows that LLMs of- 143

ten fail to capture the full heterogeneity of human 144

responses when used to simulate survey partic- 145

ipants (Wang et al., 2025a; Hewitt et al., 2024; 146

Dominguez-Olmedo et al., 2024; Wu et al., 2025; 147

Bisbee et al., 2024; Giorgi et al., 2024). Bisbee et al. 148

(2024) examine this limitation within political sci- 149

ence using simulations based on the American Na- 150

tional Election Study. They find that while LLMs 151

can accurately reproduce mean responses, they are 152

systematically biased, overconfident, and display 153

artificially low variance. Wang et al. (2025a) ex- 154

tend this line of research across multiple policy 155

domains, such as health care, gun regulation, im- 156

migration, and criminal justice, using prompts that 157

represent sixteen demographic identities. Their re- 158

sults reveal a pronounced lack of within-group vari- 159

ance: responses generated for each demographic 160

subgroup are strikingly homogeneous. The au- 161

thors describe this as identity flattening, whereby 162

the model constructs one-dimensional, stereotyped 163

“personalities” for each demographic. Gao et al. 164

(2025) examine the alignment between human par- 165

ticipants and LLM-simulated responses through 166

controlled experiments. They report that this lack 167

of heterogeneity and behavioral misalignment per- 168

sists even after applying various mitigation strate- 169

gies, including few-shot prompting, role or persona 170

assignment, multilingual prompting, and retrieval- 171

augmented generation (RAG) (Lewis et al., 2020). 172

Shen et al. (2025) draw on the concept of the 173

value–action gap from the social science literature 174

(Blake, 1999; Godin et al., 2005; Chung and Leung, 175

2007), which refers to the discrepancy between 176

individuals’ stated values and their actual behav- 177

iors. They apply this framework to examine the 178

gap between an LLM’s expressed inclinations and 179

its subsequent decisions. Collectively, these studies 180

demonstrate that while LLMs can replicate aver- 181

age human judgments with reasonable accuracy, 182

they systematically underrepresent the variance and 183

contextual diversity that characterize real human 184

populations. 185
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2.2 Attempts to Enhance the Behavioral186

Realism of LLMs187

Aiming to generate more diverse and contextually188

grounded outputs, researchers have increasingly in-189

corporated persona or role-based prompting when190

simulating human responses (Argyle et al., 2023;191

Dillion et al., 2023). On standard reasoning and192

coding benchmarks, persona prompts (e.g., “act193

as a math teacher/engineer”) and more advanced194

steering frameworks have shown modest but con-195

sistent improvements in performance, suggesting196

that explicit role framing can increase reasoning197

and improve alignment with task goals (Wang et al.,198

2025b; Kim et al., 2024; Kong et al., 2024). How-199

ever, when applied to survey or opinion-elicitation200

settings, often referred to as sociodemographic201

prompting, these techniques produce mixed or neg-202

ative results. Studies find that large language mod-203

els tend to misrepresent marginalized groups and204

align more closely with white or majority iden-205

tities than with minority participants, generating206

stereotyped or homogenized responses that fail to207

capture genuine within-group heterogeneity (Lutz208

et al., 2025; Sun et al., 2025; Wang et al., 2025a).209

2.3 Gaps in Existing Work210

Despite substantial work documenting the limita-211

tions of LLMs as simulated survey respondents,212

very little research has explored whether these is-213

sues can be mitigated through targeted finetuning214

on small samples of human data. Existing studies215

typically evaluate base models or rely on prompt216

engineering, or persona conditioning, but do not ex-217

amine whether a small, realistic amount of human218

data such as that obtainable from a pilot study can219

meaningfully improve heterogeneity, alignment,220

and behavioral coherence. This gap leaves open221

the critical question of whether modest finetuning222

can address the flaws identified in earlier research,223

or whether these limitations are inherent to current224

LLM architectures.225

3 Data226

This study builds on a large behavioral experiment227

by Hunt et al. (2025), which examined the effects228

of information disclosure on attackers’ judgments229

and decisions in a security setting. We selected this230

experiment for use in the current research for three231

main reasons. First, the design of the experiment,232

which elicited both beliefs and decisions from the233

participants, enables us to assess the coherence be-234

tween LLMs’ stated beliefs and their subsequent 235

actions. Second, we obtained the original data di- 236

rectly from the authors of the experiment, with 237

confirmation that the data had not yet been publicly 238

released or fed into any LLM prior to the analysis 239

presented herein. Ensuring that the model had not 240

previously seen the dataset is critical, as prior work 241

demonstrates that LLMs can memorize training 242

data, including personally identifiable information, 243

and reproduce it verbatim with only one related 244

document in the training corpus (Zhou et al., 2024; 245

Carlini et al., 2021, 2022). Such data contamina- 246

tion undermines the validity of LLM evaluations 247

by producing spuriously high or unreliable perfor- 248

mance estimates (Sainz et al., 2023; Li et al., 2024; 249

Ranaldi et al., 2024). Third, the experiments in 250

Hunt et al. (2025) focused on information disclo- 251

sure in a high-stakes, strategic environment (i.e., 252

security and defense), a domain that has not been 253

studied in the context of LLMs and behavioral real- 254

ism. 255

The sample we analyze consists of behavioral 256

data from 929 U.S. adults 1 who played the role 257

of attackers deciding whether to attack either of 258

two targets that were defended by a centralized de- 259

fender. In the experiment, the defender released 260

one of four disclosures related to the deployment 261

of new security measures to protect her assets at 262

the targets. Participants (i.e., attackers) were also 263

informed of the defender’s relative valuations of 264

both targets, where the differences between her val- 265

uations of each target could be large or small. Ap- 266

pendix B outlines the manipulations in more detail. 267

This 2 x 4 design created a total of eight treatment 268

groups (i.e., two levels of the valuation factor, and 269

four levels of the disclosure factor). After receiving 270

the experimental manipulations, participants then 271

reported their beliefs regarding where the technol- 272

ogy was deployed – expressed as probabilities that 273

the new security measures were deployed at Target 274

1, Target 2, or both, and then made a final deci- 275

sion on whether to attack Target 1, attack Target 2, 276

or not attack. Participants were incentivized with 277

base pay for completing the study and potential 278

bonus payments based on the outcomes of their 279

attacks. The full experimental script can be found 280

in Appendix A. 281

1The original dataset in Hunt et al. (2025) had 975 re-
sponses, but we exclude data points with missing demographic
information for both finetuning and inference.
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4 Methods282

Our goal is to explore how well various LLM-based283

approaches can predict various results derived from284

this experimental dataset, and in particular how an285

approach finetuned on a subset of this data (e.g.286

that would come from a pilot study) can improve287

these predictions. We consider three different ap-288

proaches, described below. All simulations were289

conducted using GPT-4.1 (Achiam et al., 2023)290

with the default temperature setting of 1.0. The291

finetuned models use the same base architecture292

and temperature configuration to ensure compara-293

bility. We mimic most prior work discussed above294

and first ran simulations using an unfinetuned GPT295

model. We incorporated participant demograph-296

ics as role prompts to approximate more realistic297

responses. For finetuning, we used two sampling298

strategies and three dataset sizes, resulting in six299

models in total. The first strategy uses random sam-300

pling, and the second strategy, which we refer to301

as balanced sampling, draws equal proportions 2302

of responses from each ethnic subgroup in order to303

address the systematic misalignment for minority304

groups noted in prior research. The three dataset305

sizes correspond to the number of treatment groups306

included in finetuning. This design allows us to307

test whether finetuning on only a subset of treat-308

ment groups enables the model to generalize to the309

remaining groups. Specifically, we sample 25% of310

the data from the first treatment group (1a1b), from311

the first four treatment groups, and from all eight312

treatment groups. For the multi group settings, we313

draw 25% from each included group. We name314

each model using its sampling strategy and dataset315

size. For example, the model finetuned on 25% of316

the first treatment group using random sampling is317

labeled Random (1a1b), with parallel naming for318

the remaining random and balanced models.319

As outcomes, we examine how finetuning af-320

fects heterogeneity with just 25 % of the data from321

a single treatment group (the 1a1b treatment group;322

see Appendix B). To quantify distributional align-323

ment, we use the Jensen–Shannon (JS) distance324

(Lin, 2002), a symmetric and bounded measure of325

distributional divergence that has also been applied326

by Gao et al. (2025) to compare LLM and human327

2We use a round-robin sampling strategy in which we ran-
domly draw one sample from each ethnicity group in sequence
until reaching 25% of the dataset. For ethnicity categories with
smaller sample sizes (e.g., Other), we include all available ob-
servations and then continue the round-robin procedure with
the remaining groups to reach the target proportion.

response distributions. For belief–action gap, we 328

measure the conditional proportion of LLMs choos- 329

ing to attack the target that they think has the high- 330

est probability that security is in place and compare 331

it to humans. Lastly, we compute the accuracy 332

of regression coefficient estimates relative to the 333

regression analysis performed on the human data. 334

5 Results 335

In the following subsections, we examine how fine- 336

tuning affects heterogeneity, distributional align- 337

ment, and the belief–action gap, as well as the ac- 338

curacy of regression coefficient estimates relative 339

to the regression analysis performed on the human 340

data. 341

5.1 Heterogeneity 342

We find that even a small number of finetuned sam- 343

ples can drastically improve diversity and mitigate 344

homogeneity issues relative to the unfinetuned base- 345

line. Figure 1 shows the distribution of beliefs re- 346

garding the likelihood that the defender’s security 347

measures were deployed at Target 1 and both Tar- 348

gets. The analysis of Target 2’s beliefs and the 349

results from all models are presented in Appendix 350

C, and support findings discussed here. In analyz- 351

ing Target 1 (left panel) in Figure 1, the unfinetuned 352

baseline exhibits a highly concentrated distribution, 353

with most responses clustered in the 30–40 % and 354

40–50 % bins. In contrast, human responses follow 355

a more bell-shaped pattern, with probability mass 356

spread across multiple bins. This supports prior 357

findings that base LLMs lack response heterogene- 358

ity. However, when we finetune the model on 25 % 359

of the first treatment group using the random sam- 360

pling strategy, the distribution becomes substan- 361

tially more dispersed, showing probability mass 362

across all bins and modest peaks around 50–70 %, 363

closely resembling human patterns. 364

As shown in Figure 1 (right panel), the human 365

distribution for the belief that technology is de- 366

ployed at both targets is highly right-skewed, with 367

most probability mass clustered near 0–10%. The 368

finetuned models exhibit similar patterns as the 369

human data and capture heterogeneity, but similar 370

to the analysis of Target 1, the unfinetuned base- 371

line suffers from homogeneity, with the probabil- 372

ity mass across all simulation in the 30–50% bins. 373

This suggests that the unfinetuned baseline does 374

not place proper weight on the contextual variables 375

provided in the study (e.g., valuations, disclosure 376
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Figure 1: Distributions of beliefs that security is deployed at Target 1 (left) and at both targets (right) across human
data and LLM simulation conditions. Each panel shows the empirical belief distribution for human participants
alongside models finetuned under different sampling strategies.

Table 1: Number of unique belief structures across hu-
man data and simulation conditions.

Model Num. Unique Beliefs
Human Data 340
Balanced (1a1b) 244
Random (1a1b) 374
Balanced (All Groups) 338
Balanced (4 Groups) 278
Random (All Groups) 308
Random (4 Groups) 291
Unfinetuned Baseline 19

type) and instead relies on a strong, low-variance377

prior across the three belief options. To further378

investigate this, instead of analyzing only one be-379

lief at a time, we also consider the entire belief380

structure, given that each participant in the exper-381

iment, and each LLM simulation, recorded these382

three beliefs as part of a single response. When an-383

alyzing the belief structures elicited by humans and384

LLM, we find that the unfinetuned LLM suffers385

from extreme homogeneity. As shown in Table 1,386

the unfinetuned model produces only 19 unique be-387

lief structure across all 929 simulations, compared388

to 340 in the human data. All finetuned models pro-389

duce at least 200 unique combinations, indicating390

that even limited finetuning substantially increases391

the diversity of belief patterns expressed by the392

model.393

5.2 Alignment394

Given that finetuning on data subsets increases re-395

sponse heterogeneity, we next examine whether396

this added variation reflects meaningful alignment397

with human data or merely introduces random398

noise. Our results show that all finetuned mod-399

els substantially reduce the Jensen–Shannon (JS) 400

distance between LLM-simulated data and human 401

responses. Figure 2 reports the JS distance by eth- 402

nicity and model. The ethnicity categories corre- 403

spond to the default classifications used by Prolific, 404

the participant recruitment platform through which 405

the original data were collected. As expected, the 406

unfinetuned baseline exhibits the largest JS dis- 407

tances, consistent with the patterns observed in the 408

previous section. Across all finetuned variants, the 409

JS distance decreases by at least half, indicating 410

improved alignment with human response distribu- 411

tions. 412

However, the impact of balanced sampling is 413

mixed. Surprisingly, incorporating more demo- 414

graphically diverse data does not necessarily re- 415

duce JS distance for minority groups, even though 416

such sampling increases representation. Notably, 417

the lowest JS distance is consistently observed in 418

the White participant category, even for the bal- 419

anced model, which aligns with prior findings that 420

LLMs most closely reflect the WEIRD population. 421

This pattern emphasizes the persistence of demo- 422

graphic bias in model alignment and highlights the 423

need for more sophisticated sampling or finetuning 424

strategies to achieve equitable representational fi- 425

delity. Indeed, our ablation study (see Appendix E) 426

shows that adding demographic information does 427

not meaningfully increase alignment in our context. 428

Overall, since misalignment decreases across ev- 429

ery subgroup, we infer that finetuning enhances 430

overall alignment between LLM and human re- 431

sponses. Consistent reductions in JS distance at the 432

group level, as presented in Appendix D, further 433

corroborate this improvement. 434
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Figure 2: Jensen–Shannon distance between LLM-simulated and human belief distributions, disaggregated by
ethnicity and finetuning strategy.
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Figure 3: Conditional proportions underlying the value–action gap. Each cell reports the proportion of cases in
which the model (or humans) chooses to attack a target given that it assigns the highest belief to that target being
secured, along with the corresponding sample size. Columns show: P(Attack B1 | B1 highest), P(Attack B2 | B2
highest), and the aggregate weighted proportion.

5.3 Value Action Gap435

While the original value-action gap paper (Shen436

et al., 2025)’s approach is theoretically grounded437

and conceptually novel, the authors do not bench-438

mark their findings against the human value–action439

gap, which is essential for assessing how closely440

LLMs approximate human decision-making. In our441

experimental setting, we define a value–action gap442

as occurring when a participant, human or LLM,443

assigns the highest belief probability to a particu-444

lar target being secured yet still chooses to attack445

that same target. In reality, if an attacker believes446

a target it highly secure, it’s unlikely they would447

attack that target as opposed to selecting a less448

secure target or selecting not to attack. The un-449

finetuned model exhibits the largest value–action 450

gap, almost always choosing to attack the target 451

it assigns the highest probability of being secured. 452

In contrast, all finetuned models display substan- 453

tially smaller gaps. As shown in Figure 3, the 454

value–action gap for the unfinetuned baseline is 455

close to 100%, whereas even models finetuned on 456

only 25% of a single treatment group reduce the 457

gap by more than half. Unlike the alignment re- 458

sults in the previous section, where the relationship 459

between the number of included treatment groups 460

and JS distance was ambiguous, the value–action 461

gap consistently shrinks as more treatment groups 462

are incorporated into finetuning. Models trained 463

on 25% of all eight treatment groups attain discrep- 464

ancy rates that closely match human participants 465
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(23.8% and 24.4% vs. 24.7%).466

Moreover, the gap tends to be smaller for the bal-467

anced subgroup finetuning conditions than for the468

random sampling conditions, a pattern that did not469

emerge for distributional alignment. This suggests470

that while matching full belief distributions may471

require more sophisticated steering, reducing the472

value–action gap is comparatively easier to influ-473

ence through targeted finetuning.474

5.4 Coefficient Estimation475

Given that finetuned models can increase hetero-476

geneity, improve alignment with human data, and477

reduce the value–action gap, the natural next step478

becomes whether these simulated responses can479

recover the same hypothesis tests and coefficient480

estimates as the original human experiment. To481

assess this, we replicate the six regression models482

reported in the original study. These models fall483

into three conceptual categories: the first two exam-484

ine whether beliefs predict an attacker’s decision to485

abort, the next two predict which target attackers486

choose, and the final two assess target choice using487

the normative expected value difference.488

Overall, all models produce inaccurate coeffi-489

cient estimates, with the unfinetuned model and the490

models finetuned on only a single treatment group491

performing the worst. As shown in Table 2, there492

are 22 total coefficients across the six replicated493

regression models, 13 of which are statistically sig-494

nificant in the human data. The unfinetuned model495

yields only 14 coefficients because it never chooses496

the “abort” decision, making it impossible to esti-497

mate Models 1 and 2.498

To evaluate how well each simulated dataset re-499

covers the human regression results, we compute500

F1(Sign), which jointly accounts for false positives501

and false negatives while also requiring that true502

positives have the correct sign. Across all mod-503

els, the F1(Sign) values remain suboptimal. Even504

the best-performing finetuned model achieves an505

F1(Sign) of only ≈ 0.769, and its false positive506

rate (FPR) remains high at ≈ 0.333.507

These results indicate that, although finetuning508

on relatively small subsets of data substantially im-509

proves heterogeneity, alignment, and belief–action510

coherence, the resulting simulated datasets still in-511

troduce non-negligible bias when used for formal512

statistical inference.513

6 Conclusion 514

This study examines whether finetuning on small 515

samples of human participant data can mitigate 516

well-documented limitations of using base LLMs 517

to simulate survey responses (Gao et al., 2025; 518

Wang et al., 2025a; Shen et al., 2025; Bisbee et al., 519

2024), using a behavioral experiment. Our analy- 520

sis focuses on four key constructs: heterogeneity, 521

distributional alignment, the value–action gap, and 522

regression coefficient recovery. We find that fine- 523

tuning on relatively small subsets of data substan- 524

tially increases heterogeneity, improves alignment, 525

and enhances belief–action coherence compared to 526

the unfinetuned model, as demonstrated through 527

both visual inspection and formal divergence met- 528

rics. Notably, heterogeneity can be substantially 529

improved using as little as 25% of a single treat- 530

ment group, approximately 30 observations. Align- 531

ment tends to strengthen as the number of treatment 532

groups used for finetuning increases. Unexpect- 533

edly, however, sampling equal proportions from 534

ethnicity subgroups does not consistently enhance 535

alignment for minority groups relative to random 536

sampling, and misalignment remains lowest for 537

White participants even under balanced sampling. 538

While unexpected, this pattern aligns with prior 539

work showing that LLMs are more closely aligned 540

with the WEIRD population (Liu et al., 2022). In 541

contrast, when examining the value–action gap, bal- 542

anced sampling performs consistently better than 543

random sampling, suggesting that belief–action co- 544

herence may be easier to steer than subgroup-level 545

distributional alignment, which may require more 546

advanced finetuning strategies. 547

Despite successfully mitigating several undesir- 548

able properties of the base model, our findings 549

show that none of the finetuned models accurately 550

replicate the regression results from the original 551

study. This limitation indicates that full replace- 552

ment of human participants remains infeasible and 553

may introduce significant threats to the validity 554

of empirical conclusions. Instead, we argue that 555

LLMs finetuned on small human samples, as few 556

as 30 observations, are better suited for in silico 557

prototyping than base LLMs. Such models can 558

assist researchers in refining survey instruments 559

and conducting power or sample size analyses, but 560

should be viewed as complements to, rather than 561

substitutes for, human subjects (Anthis et al., 2025; 562

Dillion et al., 2023; Binz et al., 2025). 563
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Table 2: Comparison of coefficient recovery metrics across simulation groups.Total Coef is the total number of
coefficients estimated. Reference is the number significant in the human data. Sim is the number significant in the
LLM-generated data. N Match counts coefficients for which both significance and sign are correctly recovered. FPR
and FNR denote false-positive and false-negative rates, and F1 (Sign) is the F1 score incorporating both significance
and sign.

Sim Group Total Coef Reference Sim N Match FPR FNR F1 (Sign)

Balanced (1a1b) 22 13 10 5 0.5555 0.6154 0.4348
Random (1a1b) 22 13 3 0 0.1111 0.8462 0.0000
Balanced (All Groups) 22 13 15 9 0.6667 0.3077 0.6429
Balanced (4 Groups) 22 13 13 10 0.3333 0.2308 0.7692
Random (All Groups) 22 13 12 7 0.4444 0.3846 0.6087
Random (4 Groups) 22 13 13 9 0.4444 0.3077 0.6923
Unfinetuned Baseline 14 8 11 2 0.8333 0.2500 0.3636

7 Discussion564

Several mechanisms may explain the misalign-565

ments between LLM-simulated and human re-566

sponses. Wang et al. (2025a) argue that LLMs often567

engage in misportraying, rather than representing568

the authentic behaviors of a given demographic569

group, models reproduce what out-group members570

believe those in-group members would do. Since571

demographic identity is rarely encoded directly in572

the text on which LLMs are trained, explicit men-573

tions of identity may instead express stereotypes by574

out-group authors. Liu et al. (2024) offer a related575

explanation, and it aligns with the sociolingustic576

theoretical model introduced by Zhou et al. (2025).577

They study LLM performance on datasets involv-578

ing risky decision-making and find that LLMs align579

more closely with people’s expectations of how580

others behave than with how individuals actually581

behave. Since people tend to assume that others582

are more rational than themselves, LLMs may en-583

code these perceptions rather than genuine human584

behavior. These findings suggest that LLM de-585

cisions may be shaped less by representations of586

actual in-group behavior and more by culturally587

shared beliefs about what “typical” behavior should588

look like. Additional factors may also contribute to589

misalignment. The training data themselves may590

contain survey responses affected by social desir-591

ability bias (Crowne and Marlowe, 1960), meaning592

that models learn socially acceptable patterns of593

responding rather than authentic responses. More594

directly, reinforcement learning from human feed-595

back (RLHF) (Ouyang et al., 2022) optimizes mod-596

els to behave in ways that humans prefer LLMs597

to behave (Dahlgren Lindström et al., 2025), not598

necessarily in ways that mirror empirical human599

data.600

A concurrent work by Krsteski et al. (2025) also601

examines finetuning on a small human survey sam- 602

ple, but in a different setting. They study panel 603

surveys and use earlier waves as historical data to 604

finetune or prompt LLMs and generate synthetic 605

responses for a later target wave. A small subsam- 606

ple of human responses from that target wave is 607

then used for statistical rectification of the model- 608

based estimates, and their main focus is how to op- 609

timally allocate limited human responses between 610

finetuning and post-hoc correction to reduce bias 611

in LLM-based survey simulations. By contrast, 612

our study does not focus on bias correction, rather, 613

we evaluate whether finetuning on small samples 614

can recover key behavioral constructs within a con- 615

trolled experimental setting. 616

8 Limitations 617

This study has several limitations. First, we rely 618

on a single case study from one behavioral domain, 619

and our findings may not generalize to other ex- 620

perimental settings or survey contexts. Second, 621

since finetuning was performed multiple times, all 622

comparisons were conducted using a single base 623

model. Future work could assess whether our re- 624

sults hold across different model families or archi- 625

tectures. Third, due to imbalance in the original 626

dataset, our balanced finetuning sets could only 627

include up to 25% of the data without serious vi- 628

olation of the equal-proportion constraint, which 629

may limit the sample points available for minor- 630

ity subgroups. Finally, to remain faithful to the 631

original experimental design, we did not system- 632

atically explore the sensitivity of LLMs to prompt 633

phrasing, format, or ordering (Tjuatja et al., 2024; 634

Dominguez-Olmedo et al., 2024), factors that could 635

meaningfully influence model behavior and should 636

be examined in future research. 637
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9 Ethics Statement638

Although this study explores the simulation of hu-639

man responses using LLMs, we do not advocate640

replacing human participants with LLMs for in-641

forming policy, healthcare, or other high-stakes de-642

cisions, particularly those affecting disadvantaged643

or marginalized populations, given the limitations644

identified in this work and in numerous prior stud-645

ies. We adhere to the ACL Code of Ethics through-646

out the research process and comply with OpenAI’s647

usage policies when using GPT models and fine-648

tuning tools. We ensured that the data from the649

original experiment contain no harmful or stereo-650

typical content. We also confirmed with the orig-651

inal author that the study received IRB approval652

from their institution. All datasets and code will653

be released for academic use in accordance with654

ethical research guidelines.655
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A Prompt885

A.1 Prompt 1886

{Background Info} Based on your preliminary887

surveillance, you have identified the following in-888

formation: The value you place on the treasure889

at Beach 1: {Your Valuation 1} coins The value890

you place on the treasure at Beach 2: {Your Val-891

uation 1} coins The value Queen Katrina places892

on the treasure at Beach 1: {Queen’s Valuation893

1} coins The value Queen Katrina places on the894

treasure at Beach 2: {Queen’s Valuation 2} coins895

Therefore, if you successfully rob either beach, you896

would have {Reward Value} coins worth of trea-897

sure. There will a fixed cost for you to rob the898

beaches given that you will need to travel to Gold899

Island and execute the robbery. These costs are as900

follows: Cost to rob Beach 1: {Cost 1} coins Cost901

to rob Beach 2: {Cost 2} coins As you were watch-902

ing the news today, you learned that Queen Katrina903

would be making a big announcement later this904

afternoon. You have decided to wait until you hear905

what she has to say before planning and executing906

your big robbery. Based on this initial information,907

which beach would you choose to rob? Output your908

choice (beach 1 or beach 2) inside square brackets909

(array 1) Final output should only contain array910

one.911

A.2 Prompt 2912

At this point, you will read Queen Katrina’s an-913

nouncement. Her announcement is in regards to914

new security measures that have been deployed to915

protect the treasure. You know that the new secu-916

rity measures could be deployed only at Beach 1,917

only at Beach 2, or at both beaches. If the new918

security measures are actually deployed at Beach919

1, then the chance of a robbery being successful920

there is 30%. Similarly, if the new security mea-921

sures are actually deployed at Beach 2, then the922

chance of a robbery being successful there is also923

30%. The problem is that only Queen Katrina924

knows exactly where the new security measures925

are deployed. Furthermore, the information she926

releases could be totally true, totally false, or par-927

tially false (i.e., some parts of her announcement928

could be true, while other parts could be false). Af-929

ter reading her announcement, you will be asked930

a series of questions regarding your beliefs about931

the security measures, and your plans for the rob-932

bery. Queen Katrina’s announcement: {Queen’s933

Announcement} treasure. Reminder (data from934

previous page): The value Queen Katrina places 935

on the treasure at Beach 1: {Queen’s Valuation 1} 936

coins The value Queen Katrina places on the trea- 937

sure at Beach 2: {Queen’s Valuation 2} coins What 938

is the chance (in your belief) that the new security 939

is deployed only at Beach 1, only at Beach 2, or 940

both? Choose a value between 0–100% (note: the 941

sum of all 3 prompts must equal 100%): Output 942

your beliefs (3 percentages that add up to 100%) 943

inside square brackets (array 2) 944

What influenced your responses to the question? 945

Choose all options that apply: Option 1: The in- 946

formation that Queen Katrina released in her an- 947

nouncement Option 2: Queen Katrina’s values of 948

the treasure at the different beaches Output your 949

answer inside square brackets (array 3) 950

Aside from the base pay for this study, you are 951

now receiving more money which you can use to 952

fund your robbery. In specific, 1 coin in the game 953

is equivalent to 0.000001 USD (United States dol- 954

lars). For example, it costs 150,000 coins to rob 955

Beach 2 in this game, which is equivalent to $0.15. 956

You now have $0.15 that you can use to fund your 957

robbery. If you choose not to rob either beach, you 958

keep the $0.15. If you choose to rob Beach 1, you 959

will spend $0.10 of the $0.15, and you keep the re- 960

maining $0.05. If you succeed in robbing Beach 1, 961

you will receive $0.80 in additional money. If you 962

fail, you will receive $0.00 in additional money. If 963

you choose to rob Beach 2, you will spend the total 964

$0.15. If you succeed in robbing Beach 2, you will 965

receive $0.80 in additional money. If you fail, you 966

will receive $0.00 in additional money. Reminders 967

The probability of successfully robbing a beach if 968

the new security measures are deployed is 30%, 969

and the probability of successfully robbing a beach 970

if the new security measures are not deployed is 971

80The value you place on the treasure at Beach 1: 972

{Your Valuation 1} coins The value you place on 973

the treasure at Beach 2: {Your Valuation 2} coins 974

Cost to rob Beach 1: {Cost 1} coins Cost to rob 975

Beach 2: {Cost 2} coins The value Queen Katrina 976

places on the treasure at Beach 1: {Queen’s Val- 977

uation 1} coins The value Queen Katrina places 978

on the treasure at Beach 2: {Queen’s Valuation 2} 979

coins What will be your final plan for the robbery? 980

Choose one of the following responses: Option 1: 981

Attempt to steal the treasure from Beach 1 Option 2: 982

Attempt to steal the treasure from Beach 2 Option 983

3: Abort the heist altogether and do not attempt to 984

steal treasure from either beach Output your deci- 985

sion (only 1, 2, or 3) inside square brackets (array 986
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4) Briefly explain your response to the previous987

question (50 words maximum) Output your expla-988

nation inside square brackets (array 5) Final output989

should only contain array 2, 3, 4, 5, separated by a990

comma.991

B Experimental Manipulations992

Table 3: Manipulations from the experiments in Hunt
et al. (2025)

Notation Explanation
V1 Large difference in the defender’s target valua-

tions ($1.2 million vs. $400,000)
V2 Small difference in the defender’s target valua-

tions ($850,000 vs. $750,000)
A1 Information released regarding the deployment

of the new defense measures; no target-level
information released

A2 Information released regarding the deployment
of the new defense measures and that the defense
measures are deployed at Target 1

A3 Information released regarding the deployment
of the new defense measures and that the defense
measures are deployed at Target 2

A4 Information released regarding the deployment
of the new defense measures and that the defense
measures are deployed at Targets 1 and 2

C Belief993

As shown in Figure 4, expanding finetuning to include ran-994
domly sampled data from four treatment groups ("Random995
(4 Groups)") and all eight groups ("Random (All Groups)")996
further improves diversity. The balanced variants, "Balanced997
(1a1b)," "Balanced (4 Groups)," and "Balanced (All Groups),"998
also show similarly enhanced diversity and alignment.999

The distributions of the finetuned models for Targets 21000
closely resemble the human data. As shown in Figure 5, they1001
are right-skewed, with most probability mass concentrated in1002
the lower ranges of the distribution. In contrast, the unfine-1003
tuned baseline shows a highly concentrated pattern, placing1004
nearly all probability mass in the 20–40% range and assigning1005
no probability beyond 40%. Compared to the belief distribu-1006
tions for Targets 1 and Both Targets, the peak of the unfine-1007
tuned model for Targets 2 is actually closer to the human data.1008
Both the human data and the unfinetuned model place their1009
highest probability mass in the 30–40% range. The human dis-1010
tribution is bimodal, with a secondary peak in the 0–10% bin.1011
In contrast, most of the finetuned models exhibit a Gaussian-1012
like, unimodal distribution centered around the middle bins.1013
The exception is Random (1a1b), which remains noticeably1014
right-skewed.1015

D Group-Level JS1016

At the group level, the unfinetuned model continues to show1017
the largest divergence from the human data, whereas all fine-1018
tuned models achieve at least roughly half the JS distance1019
of the baseline. As shown in Figure 6, the reduction in JS1020
distance is mildly correlated with the number of treatment1021
groups included in the finetuning data: models finetuned on1022
all eight groups perform slightly better than those trained on1023
four groups, which in turn outperform the one-group models.1024
The models finetuned on the first four groups exhibit some-1025
what lower divergence within those same groups—an expected1026

pattern given their training data, but the differences are small. 1027
This suggests that the finetuned models retain a reasonable de- 1028
gree of generalizability beyond the specific treatment groups 1029
they were trained on. 1030

E Ablation JS 1031

Figure 7 presents an ablation study conducted on one of our 1032
finetuned models. Random – No Demographic refers to a 1033
variant trained without participants’ background information. 1034
Random – No Decision and Random – No Belief refer to 1035
variants that exclude participants’ reported final decisions 1036
and belief responses, respectively, during finetuning. Due 1037
to budget constraints, we perform this ablation on a single 1038
representative model (Random (4 Groups)) rather than across 1039
all finetuned models in the manuscript. As shown in Fig- 1040
ure 7, the Jensen–Shannon (JS) distances for Random – No 1041
Demographic are similar to those of the original finetuned 1042
model across ethnic subgroups, suggesting that including de- 1043
mographic background information alone does not meaning- 1044
fully reduce subgroup misalignment in belief distributions. In 1045
contrast, Random – No Belief exhibits larger JS distances than 1046
the other finetuned variants, indicating increased misalign- 1047
ment when decision information is excluded, nevertheless, its 1048
performance remains substantially better than that of the un- 1049
finetuned baseline. Finally, Random – No Decision performs 1050
comparably to the original model, implying that adding deci- 1051
sion information does not indirectly improve belief alignment 1052
when belief data themselves are omitted during finetuning. 1053
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Figure 4: Distributions of beliefs that security is deployed at Target 1 (left) and at both targets (right) across human
data and LLM simulation conditions. Each panel shows the empirical belief distribution for human participants
alongside models finetuned under different sampling strategies.
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Figure 5: Distribution of beliefs for Targets 2 across human data and LLM simulation conditions. Each panel
shows the empirical belief distribution for human participants alongside models finetuned under different sampling
strategies.
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Figure 6: Jensen–Shannon (JS) distance between LLM-simulated and human belief distributions by treatment group
and finetuning strategy.
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Figure 7: Ablation study of a finetuned LLM showing Jensen–Shannon (JS) distances between simulated and
human belief distributions by ethnicity (lower values indicate closer alignment). “Random – No Demographic,”
“Random – No Decision,” and “Random – No Belief” exclude demographic background, decision responses, and
belief responses, respectively, during finetuning. The unfinetuned baseline is shown for comparison.
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