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Abstract001

Synthetic personas are widely used to condition002
large language models (LLMs) for social simu-003
lation, yet most personas are still constructed004
from coarse sociodemographic attributes or005
summaries. We revisit persona creation by in-006
troducing SCOPE, a socially grounded frame-007
work for persona construction and evaluation,008
built from a 141-item, two-hour sociopsycho-009
logical protocol collected from 124 U.S.-based010
participants. Across seven models, we find that011
demographic-only personas are a structural bot-012
tleneck: demographics explain only ∼1.5% of013
variance in human response similarity. Adding014
sociopsychological facets improves behavioral015
prediction and reduces over-accentuation, and016
non-demographic personas based on values017
and identity achieve strong alignment with sub-018
stantially lower bias. These trends generalize019
to SimBench (441 aligned questions), where020
SCOPE personas outperform default prompting021
and NVIDIA Nemotron personas, and SCOPE022
augmentation improves Nemotron-based per-023
sonas. Our results indicate that persona quality024
depends on sociopsychological structure rather025
than demographic templates or summaries.026

1 Introduction027

LLMs and agentic AI systems are increasingly de-028

ployed in settings where they must reason about,029

simulate, or stand in for human behavior (Batzner030

et al., 2025; Gui and Toubia, 2023). These include031

conversational assistants, recommender systems,032

safety and fairness evaluation, policy analysis, and033

agent-based social simulation (Mullick et al., 2024;034

Benary et al., 2023; Qiu et al., 2025). To execute035

these tasks, recent work has adopted synthetic per-036

sonas: structured representations of hypothetical037

individuals used to condition model outputs toward038

particular traits, identities, or behavioral tenden-039

cies (Zhang et al., 2018; Park et al., 2023). Despite040

their growing importance, the construction of per-041

sonas in NLP and AI has remained narrow and042

under-theorized (Gupta et al., 2023). As summa- 043

rized in Table 1, most existing approaches rely on 044

short free-text descriptions, small sets of sociode- 045

mographic attributes, or model-written summaries 046

(Batzner et al., 2025; Venkit et al., 2025b). Even 047

large-scale persona resources such as PersonaHub 048

(Ge et al., 2024), Nemotron (Meyer and Corneil, 049

2025), and related systems treat demographics or 050

brief identity cues as proxies for human individu- 051

ality (Kane and Schubert, 2023). Table 2 further 052

shows that these frameworks capture only limited 053

slices of sociopsychological structure, typically 054

omitting psychological traits, values, and behav- 055

ioral patterns that social science research identify 056

as central drivers of behavior (Turner and Reynolds, 057

2012; Costa Jr and McCrae, 2000). This reliance on 058

demographic-centric abstractions persists despite 059

evidence that demography alone are weak predic- 060

tors of individual-level behavior (Salminen et al., 061

2019; Khan et al., 2024). 062

We therefore revisit persona creation to 063

address both gaps by introducing SCOPE 064

(Sociopsychological Construct of Persona 065

Evaluation), a human-grounded framework for 066

constructing and evaluating synthetic personas. 067

Motivated by the limitations of existing paradigms 068

(Table 1), SCOPE models personas as multidi- 069

mensional sociopsychological profiles rather than 070

demographic templates or narrative summaries. 071

We collect rich persona data from 124 U.S.-based 072

participants using a two-hour, 141-item protocol 073

spanning eight facets: demographics, sociode- 074

mographic behavior, values and motivations, 075

personality traits, behavioral patterns, identity 076

narratives, professional identity, and creativity. 077

Importantly, SCOPE also introduces an evaluation 078

paradigm centered on structural fidelity. Instead of 079

asking whether a persona reproduces individual 080

answers verbatim, we ask whether it reproduces 081

the pattern of human responses. We perform 082

this using correlation-based alignment metrics, 083
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complemented by exact-match accuracy and a084

formal measure of demographic bias accentuation.085

Across seven model families1 and a broad set086

of persona construction strategies, our results re-087

veal a consistent pattern. First, demographic-088

only personas constitute a structural bottleneck:089

although demographic similarity explains only090

∼1.5% of behavioral variance among humans,091

demographic-only prompting often more than dou-092

bles this signal in model behavior, indicating sys-093

tematic overgeneralization. Second, adding so-094

ciopsychological grounding steadily improves be-095

havioral alignment while reducing demographic096

over-accentuation, with full SCOPE conditioning097

achieving the strongest overall correlation. Third,098

non-demographic personas based on values and099

identity alone can match or exceed fully condi-100

tioned personas while substantially reducing demo-101

graphic bias. Finally, longer or more fluent model-102

written summaries do not substitute for structured,103

human-grounded facets, demonstrating that per-104

sona structure matters as much as information105

quantity. We further validate these findings on106

SimBench (Hu et al., 2025), a large external bench-107

mark of social and behavioral questions, where108

SCOPE personas outperform default prompting109

and NVIDIA Nemotron personas, and SCOPE-110

based augmentation improves Nemotron’s perfor-111

mance. By grounding persona construction and112

evaluation in human data, SCOPE provides a foun-113

dation for building personas that are more behav-114

iorally realistic, less demographically stereotyped,115

and better suited for sociotechnical NLP systems116

(Venkit et al., 2025a). SCOPE also acts as an aug-117

mentation pipeline to existing frameworks making118

it immediately actionable for practitioners who rely119

on large-scale persona generation pipelines.120

2 Related Work121

2.1 What Constitutes a Persona?122

In research fields of sociology and psychology, a123

persona is not reducible to a demographic profile124

or a short narrative description. Instead, human125

behavior is understood as emerging from interact-126

ing layers of social, psychological, and contextual127

structure. Social Identity Theory emphasizes that128

individuals derive meaning and norms from group129

memberships (e.g., race, gender, profession), but130

does not treat demographic categories as determin-131

1GPT4o, GPT5.1, Claude 3.5-Sonnet, Gemini 2.0 Flash,
Gemini 2.5 Pro Thinking, DeepSeek R1, Qwen3

istic predictors of individual behavior (Tajfel et al., 132

2001; Turner and Reynolds, 2012). Personality 133

psychology further demonstrates that stable traits, 134

most prominently the Big Five to predict consistent 135

patterns of cognition, affect, and behavior across 136

contexts (Costa Jr and McCrae, 2000; Costa and 137

McCrae, 1992). Complementing traits, value the- 138

ories such as Schwartz’s universal values frame- 139

work show that motivational priorities systemati- 140

cally shape moral judgments, preferences, and life 141

choices as well (Schwartz, 1992). Beyond traits 142

and values, narrative identity theory shows that indi- 143

viduals organize their experiences through internal- 144

ized life stories, which provide meaning, and a goal 145

structure (McAdams, 1995, 2001). These narra- 146

tives influence how people interpret situations and 147

decisions, particularly in ambiguous or moral do- 148

mains. Finally, person–situation interaction models 149

emphasize that behavior is best when structured pat- 150

terns across situations rather than single responses 151

in isolation (Mischel and Shoda, 1995). 152

2.2 Persona Construction in NLP 153

Recent work constructs personas as short textual 154

profiles or self-descriptive sentences appended 155

to dialogue, popularized by PersonaChat-style 156

datasets and models (Zhang et al., 2018). More 157

recent persona resources extend this approach by 158

generating personas from sociodemographic at- 159

tributes, often aligned with census statistics. Ex- 160

amples include Persona Hub (Ge et al., 2024) and 161

NVIDIA’s Nemotron Persona (Meyer and Corneil, 162

2025), which provides millions of fully synthetic 163

U.S. personas. While effective for scale, these ap- 164

proaches largely treat personas as demographic or 165

lightly behavioral templates. Empirical analyses 166

increasingly show that such representations risk 167

collapsing behavioral diversity into demographic 168

stereotypes (Venkit et al., 2025b; Cheng et al., 169

2023; Guo et al., 2025). 170

A growing body of work also argues that per- 171

sona quality depends on psychologically meaning- 172

ful structure. SPeCtrum models identity as a com- 173

position of social identity, personal identity, and 174

life context (Lee et al., 2025). PB&J incorporates 175

psychologically grounded rationales to improve 176

preference and judgment prediction (Joshi et al., 177

2025). ValueSim focuses on simulating individual 178

value systems via structured backstories (Du et al., 179

2025). However, with an increasingly diverse ap- 180

proach in persona creation, there is less clarity on 181

what facets or approaches actually represent users. 182
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Paradigm Description Captured Dimensions Representative
Example

Text-Based
Descriptions

Short free-text summaries describing
personality, background, or preferences.

Low: narrative-only;
limited demographic
grounding.

Ge et al. (2024)

Sociodemographic
Inputs

Personas constructed from attributes
such as age, race, gender, etc

Low–medium:
demographic-only.

Meyer and Corneil
(2025)

Demographic +
Identity Signals

Adds identity questions, cultural
background, or identity markers on top
of demographic variables.

Medium: demographics +
self-identity cues.

Lee et al. (2025)

Interview-Based
Personas

Personas formed from interview
transcripts or long-form questionnaire
responses.

Medium–high: narrative
+ behavioral profiles.

Park et al. (2023)

Our Framework Personas from sociopsychological data
across eight facets.

Facet sociopsychological
profiles.

This work

Table 1: Overview of major persona construction frameworks in current LLM research. Example of each of the
framework is present in Table 10–11 in the Appendix.

Synthetic personas are also increasingly used as183

virtual participants in social science, policy analy-184

sis, and system evaluation. SimBench aggregates185

large-scale social and behavioral datasets to bench-186

mark whether LLMs can reproduce population-187

level response patterns (Hu et al., 2025). Other188

work evaluates LLMs as substitutes for human sur-189

vey respondents, highlighting their promise and190

limitations (Argyle et al., 2023; Kolluri et al., 2025).191

In recommender systems, persona-based modeling192

has been shown to improve preference prediction193

when grounded in psychologically meaningful fea-194

tures rather than demographics alone (Joshi et al.,195

2025; Ketipov et al., 2023).196

3 Socially Grounded Persona Framework197

Synthetic personas are widely used in NLP and198

AI for conversational agents, recommender sys-199

tems, and social simulation, yet their construction200

remains under-theorized and weakly grounded in201

empirical social science. Prior work in computa-202

tional personality and behavior modeling shows203

that psychological traits and values are substan-204

tially more predictive of behavior than sociodemo-205

graphic variables alone, a distinction largely ab-206

sent from current persona construction practices207

(Ketipov et al., 2023; Joshi et al., 2025).208

To address this gap, we introduce SCOPE: So-209

ciopsychological Construct of Persona Evalua-210

tion. SCOPE is a sociopsychologically informed211

framework for constructing rich, multidimensional212

persona representations.213

3.1 The SCOPE Framework214

To move beyond demographic-only personas,215

SCOPE introduces a multidimensional sociopsy-216

chological architecture grounded in established 217

findings from social psychology, personality sci- 218

ence, narrative identity theory, and computational 219

behavior modeling. SCOPE defines a structured 220

persona representation consisting of eight facets 221

(Table 8). Each facet is defined through struc- 222

tured questions and free-text inputs. SCOPE distin- 223

guishes between two categories of facets: 224

Conditioning Facets (used for persona construc- 225

tion). These include Demographics, Sociodemo- 226

graphic Behavior, Personality Traits, and Identity 227

Narratives, which provide the social, psychologi- 228

cal, and narrative grounding for persona generation. 229

Evaluation Facets (held out during construction). 230

These include Values & Motivations, Behavioral 231

Patterns, Professional Identity, and Creativity & In- 232

novation, which serve as behavioral and attitudinal 233

targets for evaluating persona coherence. 234

Each facet is grounded in established sociologi- 235

cal and psychological frameworks. Table 1 details 236

the content for each facet. This partitioning reflects 237

a core principle of sociopsychological modeling: 238

identity is partly observable (e.g., demographics 239

and personality traits) and partly inferential (e.g., 240

values, motivations, and creative expression). Ac- 241

cordingly, SCOPE provides both (1) a mechanism 242

for constructing multidimensional LLM personas 243

(2) a framework for evaluating their behavioral 244

grounding. In total, SCOPE comprises 141 cu- 245

rated attributes for all facets (Appendix A.4). 246

3.2 Data Collection Design 247

To establish a socially grounded foundation for 248

SCOPE, we designed a two-hour survey capturing 249

detailed sociopsychological data across the eight 250

facets in Table 8. This enables direct compari- 251

son with real human responses, unlike prior work 252
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Persona Data Type / Facet Persona Hub Nemotron SPeCtrum Stanford 1000 SCOPE (Ours)
Demographic Information • • • • •
Sociodemographic Behavior × × ◦ ◦ •
Values & Motivations × × × ◦ •
Personality Traits (Big Five) × × × × •
Behavioral Patterns & Preferences × × ◦ ◦ •
Identity Narratives • × • • •
Professional Identity × × × ◦ •
Creativity & Cognitive Flexibility × × × × •
Grounding in Human Data × × × • •
Sociopsychological Structure × × × × •
Designed for Evaluation × • × × •

• = information present; × = information absent; ◦ = partially or implicitly supported.

Table 2: Comparison of major persona construction approaches (Persona Hub (Ge et al., 2024), Nemotron (Meyer
and Corneil, 2025), SPeCtrum (Lee et al., 2025) & Standford 1000 (Park et al., 2024)). SCOPE is the only framework
that integrates all eight sociopsychological facets and explicitly separates conditioning versus evaluation dimensions.

that relies primarily on fully synthetic data. The253

final instrument contains 141 items administered254

via Typeform2 and spans nominal, ordinal, and255

free-text formats. Participants completed 51 Likert-256

scale items, 37 single-choice dropdown questions,257

20 multiple-choice questions, 3 short free-text in-258

puts, and 30 narrative or creative prompts (e.g.,259

life stories, identity reflections, and hypothetical260

reasoning tasks) (Appendix A.3-A.43).261

Each facet was informed by established social-262

science frameworks. Personality items followed263

the BFI-2-S, value items drew on Schwartz’s value264

theory, and behavioral items were aligned with265

large-scale surveys such as Pew Internet & Tech-266

nology, the General Social Survey (GSS), and the267

World Values Survey (WVS) (Smith et al., 2023;268

Pew Research Center, 2024; Inglehart et al., 2014).269

All items were written as an original composite270

survey rather than directly reproducing any sin-271

gle instrument. We recruited a U.S.-based sam-272

ple guided by Census-like proportions, with ex-273

plicit emphasis on racial diversity. Recruitment274

occurred in two stages: (1) outreach via Twitter/X,275

LinkedIn, and professional Slack groups; and (2)276

stratified sampling through a commercial research277

platform (User Interviews). The study protocol was278

approved by the institution’s Ethics Office.279

To ensure authentic responses, we employed280

instructional deterrents and automated screening281

(Zhang et al., 2024; Christoforou et al., 2024).282

GPTZero was used as a coarse AI-authorship fil-283

ter, supplemented by manual review (Brown and284

Jensen, 2023; gpt, 2025). Participants were com-285

pensated $50; 124 completed the survey with ver-286

2https://www.typeform.com/
3The complete survey is in the Supplementary Materials

ified human-authored responses, yielding 17,484 287

total responses (124 × 141). The final sample com- 288

prised 33.0% White (41), 19.3% African Ameri- 289

can or Black (24), 20.1% Hispanic or Latino (25), 290

14.5% Asian (18), 7.2% American Indian or Alaska 291

Native (9), 2.4% Native Hawaiian or Pacific Is- 292

lander (3), and 2.2% Other (4). This closely aligns 293

with U.S. Census distributions while modestly over- 294

sampling underrepresented groups. Dataset statis- 295

tics, question-type distributions, response-option 296

frequencies are in Appendix A.4. 297

3.3 Synthetic Persona Construction 298

Given the human-grounded SCOPE profiles, we 299

next construct synthetic personas that can be cre- 300

ated in an LLM and systematically varied in rep- 301

resentational richness. For each of the 124 par- 302

ticipants, we serialize their SCOPE profile into a 303

structured “persona scaffold” using only the condi- 304

tioning facets (Demographic Information, Sociode- 305

mographic Behavior, Personality Traits, Identity 306

Narratives, Table 8), while holding out the remain- 307

ing facets as evaluation targets. We define facet- 308

ablation variants that differ only in which parts of 309

the human profile are exposed to the model: 310

Case 0: No Personas. Baseline case that contains 311

no persona informaiton. This case shows the im- 312

provement of using personas. 313

Case 1: Demography-Only. Personas are con- 314

structed from basic sociodemographic attributes. 315

This resembles how most works construct personas. 316

Case 2: Demography + Narratives. Adds per- 317

sonal and professional identity narratives on top of 318

demographics. 319

Case 3: Demography + Traits. Demographics 320

with Big Five traits derived from the BFI-2-S. 321

Case 4: Full Conditioning (Demography + 322
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Traits + Narratives + Sociodemographic Behav-323

ior). Uses all conditioning facets..324

We additionally introduce three LLM-centric325

variants to mirror current practices in automated326

persona generation:327

Case 5: LLM Narrative Summaries. The LLM328

receives a condensed persona summary generated329

by the model itself from the full SCOPE profile.330

This compresses response into a single narrative331

persona as seen in Nemotron.332

Case 6: LLM Facet Completion. The model is333

given only partial information (e.g., demographics334

or demographics+identity) and instructed to infer335

the missing facets. Multiple ablation of what infor-336

mation is used will create case 6 subsets.337

Case 7: Non-Demographic Personas. Personas338

that omit demographics entirely (e.g., identity-only339

or values+identity personas). These variants evalu-340

ate whether non-demographic cues alone can sup-341

port behavioral simulation.342

Each variant is paired with the same set of held-343

out SCOPE questions and external task. We show344

examples of each case in Table 11 in the Appendix.345

4 Evaluation Framework346

Our evaluation intends to address a central question347

in persona modeling: rather than asking whether348

model responses match human answers, we ask349

whether synthetic personas exhibit the same be-350

havioral structure. This distinction is essential as351

humans rarely provide identical responses, but they352

often display stable patterns across related ques-353

tions (Kambhatla et al., 2022; Venkit et al., 2025b).354

Given that humans themselves disagree item-by-355

item, we emphasize structure-preserving similarity:356

when a human answers relatively high on some357

questions and low on others, does the synthetic358

persona vary in parallel? We therefore evaluate359

personas along three axes:360

A. Behavioral correlation: pattern similarity be-361

tween human and model responses.362

B. Accuracy: exact agreement on social-attribute363

labels and Likert responses.364

C. Bias: extent to which a persona over- or under-365

accentuates demographic differences relative to366

real group responses.367

We first analyze these metrics on our SCOPE368

persona ablations (Cases 1–7), then evaluate gener-369

alization on SimBench (Hu et al., 2025), and finally370

study demographic bias.371

4.1 Baseline Persona Comparisons 372

For each participant i, persona case c, and model 373

m, let yhuman
i ∈ RK denote that participant’s vector 374

of held-out SCOPE answers (across K evaluation 375

questions), and ymodel
m,c,i ∈ RK the answers generated 376

by model m when instantiated with case-c persona 377

information. We construct a golden standard text 378

set consisting of questions from sociodemographic 379

behaviours, personal values and motivations, and 380

behavioral patterns to understand how each case 381

is able to predict and replicate these facets. This 382

leads to a total MCQ set of 72 questions which is 383

used as the first baseline of evaluation. 384

Correlation. We measure behavioral alignment 385

using the Pearson correlation coefficient 386

rm,c,i = corr
(
yhuman
i , ymodel

m,c,i

)
, (1) 387

and report the participant-level mean 388

r̄m,c =
1

N

N∑
i=1

rm,c,i. (2) 389

Intuitively, r̄m,c answers: does this persona repro- 390

duce the similar response characteristics as its hu- 391

man counterpart, up to a linear transformation? 392

Accuracy. For completeness, we also compute 393

an exact-match accuracy over all evaluation items: 394

Accm,c =
1

NK

N∑
i=1

K∑
k=1

1
[
ymodel
m,c,i,k = yhuman

i,k

]
, (3) 395

where equality is defined at the level of the discrete 396

response option (Likert rating, multiple-choice op- 397

tion, or categorical label). 398

Do richer personas help? Figure 1 shows the 399

correlation results across all the models used and 400

Table 3 and 4 summarizes GPT-4o performance4 401

across the most informative persona cases; the 402

full 7-model breakdown appears in Table 12 – 13. 403

Three trends emerge across all the model perfor- 404

mance: 405

I. Demographics alone are insufficient. 406

Demography-only personas (Case 1) achieve only 407

moderate correlation (r̄ = 0.624) and the lowest 408

accuracy (35.1%), despite being the dominant 409

paradigm in current work. 410

II. Adding sociopsychological facets improves 411

alignment. Sequentially enriching personas with 412

4We show GPT4o results as they are the better performing
of all the models. The complete result is in the Appendix.
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Figure 1: Line graph denotes the correlation score of all seven LLM modes.

identity narratives (Case 2), values (Case 3), and413

full SCOPE conditioning (Case 4) steadily in-414

creases correlation and accuracy, with Case 4 reach-415

ing r̄ = 0.667 and 39.7% accuracy.416

III. Human-grounded facets outperform AI-417

compressed personas. AI-generated narrative418

summaries (Case 5c) slightly improve over demo-419

graphics but never surpass fully grounded repre-420

sentations, even when summaries are long. Non-421

demographic SCOPE personas built only from val-422

ues and identity (Case 7c) match or exceed the best423

full-information case in correlation while avoiding424

direct use of demographic attributes.425

IV. Personas grounded in non-sociodemographic426

information perform better. The greater finding427

show that to understand social behaviours, sociode-428

mographic information is not the most important429

element of a persona. We see that for Case 6 it-430

erations, where personas are created using either431

or both values or identity information tend to per-432

form better, in regards to accuracy, than the ones433

generated by sociodemographic information.434

V. Socially grounded personas are able to simu-435

late sociodemographic and behavioral patters.436

Table 4 also shows how amongst all tasks, per-437

sonas are able to replicate well sociodemographic438

behaviours and personality traits. The results also439

show that unique day to day behaviours are cap-440

turable but harder to replicate. The results show441

that personas can be used well for market specific442

understanding of a group pattern as compared to443

individualistic preferences.444

GPT-4o Persona Case r̄ Acc. Bias %
0: No Persona 0.448 20.47 -
1: Demography only 0.624 35.07 101.23
2: + Identity narratives 0.642 37.74 8.30
3: + Values & motivations 0.656 38.60 75.50
4: Full conditioning 0.667 39.67 -6.40
5c: LLM summary (1500w) 0.649 38.07 -38.42
6f: AI identity+values 0.608 43.42 -40.40
7c: Values + identity only 0.658 39.68 -56.35

Table 3: Behavioral alignment of GPT-4o personas
across key SCOPE cases. r̄ is mean Pearson correlation
with human responses; Acc. is exact-match accuracy
(%). Bias% is defined in Eq. (7). Full results for all
models(1–7a/b/c, 5a–d, 6a–f) are in the appendix.

Across models, we see similar trends: richer, 445

multi-facet personas consistently yield higher cor- 446

relations than demographic-only cases, and non- 447

demographic SCOPE personas (Case 7c) match 448

or exceed full conditioning while remaining more 449

conservative with respect to demographic bias. We 450

additionaly also explore open ended questions in 451

Appendix B.4 where we use framework defined by 452

Venkit et al. (2025b); Chakrabarty et al. (2024) to 453

evaluate writing style and diversity of text based 454

answers. Our findings show how writing styles are 455

very facet dependent and as a task is sensitive. 456

4.2 Task Based Performance Analysis 457

To test whether our findings generalize beyond 458

our internal questionnaire, we evaluate SCOPE 459

personas on SimBench, a composite benchmark 460

built from 20 large-scale social and behavioral 461

datasets (e.g., AfroBarometer, ESS, ISSP, Lati- 462
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Case Socio. Behavioral Traits

Case 1 0.4084 0.2172 0.3356
Case 2 0.4292 0.2206 0.3792
Case 3 0.4299 0.2301 0.3972
Case 4 0.4438 0.2383 0.4051
Case 5a 0.4287 0.2166 0.3858
Case 5b 0.4313 0.2213 0.3866
Case 5c 0.4280 0.2200 0.3897
Case 5d 0.4257 0.2247 0.3957

Table 4: A snippet of facet-level accuracy scores
across persona construction cases for Socio.: sociode-
mographic behavior, Behavioural: behavioral patterns,
and Traits: personality traits.

noBarometro, OpinionQA). This provides a task-463

based understanding of how our persona frame-464

work performs well in behavioral and social tasks.465

We align SimBench questionnaire items with our466

personas created to retain 441 questions whose467

wording, response scale, and sociotechnical context468

are compatible with the sociodemographic groups469

present in our collected data and personas.470

We created GPT-4o personas5 for each human471

participant and persona case, then prompted the472

model to answer the 441 SimBench questions in473

character. For each SimBench question k we aggre-474

gate the human responses for the matching demo-475

graphic group into an empirical distribution pk, and476

treat the persona answer as a degenerate distribu-477

tion qk. We then compute majority-vote accuracy,478

i.e., whether the persona selects the most frequent479

human response for that group (within 3 turns).480

We also compare against personas sampled481

from the NVIDIA Nemotron USA persona dataset482

(Meyer and Corneil, 2025), using their full tex-483

tual persona descriptions and the same GPT-4o484

backend. Illustrated examples of Simbench and485

Nemotron are in Appendix A.7. SCOPE personas486

that include sociopsychological facets (Cases 2–487

4 and 7c) outperform Nemotron personas across488

the 441 SimBench items, while demographic-only489

SCOPE personas perform comparably to or slightly490

better than Nemotron. This supports our central491

claim: one-dimensional sociodemographic per-492

sonas are not sufficient even on external bench-493

marks, whereas multi-facet SCOPE personas does494

better to real-world tasks. This finding is greatly495

also seen where Nemotron personas, augmented496

with SCOPE facets, becomes the best performing497

variant within the Nemotron persona cases. This498

shows that SCOPE framework can be used as an499

5as GPT4o is the current high-performing model

Persona Source Case Description Accuracy

SCOPE (Ours) 4. Full conditioning 0.584
2. Demo. + Identity 0.557
6a. AI profile 0.553
3. Demo. + values 0.531
1. Demographics only 0.518
5d. AI summary 0.494

Nemotron SCOPE augmented 0.533
Persona text only 0.496
All Data 0.446

SimBench Default personas 0.436

Baseline No Persona 0.258

Table 5: Task-based evaluation on SimBench.We report
accuracy using GPT-4o personas under different con-
struction strategies.

augmentation of existing personas to increase their 500

social and behavioral information and attributes 501

to obtain strongly similar predictive behaviors. 502

4.3 Bias and Behavioral Disparities 503

Finally, we assess whether persona prompting am- 504

plifies or attenuates demographic structure relative 505

to human responses. Our aim is not to remove le- 506

gitimate demographic signal, but to detect when 507

personas over-accentuate demographic differences 508

beyond empirical human baselines. 509

Human baseline: We estimate the predictive 510

strength of demographics on behavioral similarity 511

using Nhuman = 117 participants, 13 demographic 512

variables, and 134 evaluation questions. For each 513

participant pair (i, j), we compute demographic 514

similarity dij and response similarity shuman
ij (Pear- 515

son correlation), and define the resulting demo- 516

graphic influence coefficient as: 517

rhuman = corr
(
dij , s

human
ij

)
. (4) 518

Empirically, we obtain 519

rhuman = 0.132 (p < 0.001), 520

implying that demographic similarity explains only 521

r2 ≈ 1.5% of the variance in response similarity. 522

This provides a conservative baseline for how much 523

demographic structure is present in real responses. 524

Demographic accentuation in personas: For 525

each model m and persona construction case c, 526

we compute an analogous coefficient by replacing 527

human response similarity with similarity between 528

the corresponding AI persona answers: 529

rAI
m,c = corr

(
dij , s

AI
m,c,ij

)
. (5) 530
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Demographic accentuation is the difference from531

the human baseline and its normalized percentage:532

∆rm,c = rAI
m,c − rhuman, (6)533

Bias%m,c = 100× ∆rm,c

rhuman . (7)534

Positive values show persona makes demo-535

graphically similar individuals too similar (over-536

accentuation), while negative values indicate that537

the persona underplays demographic structure.538

Results across cases and models: The results in539

Table 3 and Appendix Tables 12–13 show a consis-540

tent pattern. First, demographic-only prompting541

strongly over-accentuates demographic similar-542

ity. For GPT-4o, Case 1 yields Bias% = 101.23543

(Table 3), i.e., more than doubling the demographic544

signal observed in the human baseline. Claude-545

3.5-Sonnet exhibits an even larger effect in Case 1546

(Bias% = 115.67; Table 12). This indicates that,547

when instructed with only demographic variables,548

models tend to collapse behavior toward demo-549

graphic stereotypes.550

Second, adding sociopsychological grounding551

substantially reduces demographic accentua-552

tion, though the magnitude varies by facet. For553

GPT-4o, Case 2 (demographics + identity) reduces554

bias to near-baseline (Bias% = 8.30), whereas555

Case 3 (demographics + values) still shows non-556

trivial over-accentuation (Bias% = 75.50), sug-557

gesting that values alone do not necessarily pre-558

vent demographic clustering when demographics559

remain explicit inputs. In contrast, Case 4 (full con-560

ditioning) slightly under-shoots the human base-561

line for GPT-4o (Bias% = −6.40), indicating that562

SCOPE can preserve behavioral alignment.563

Third, non-demographic personas are the564

most conservative with respect to demographic565

bias. For GPT-4o, Case 7c (values + identity, no de-566

mographics) yields Bias% = −56.35 while main-567

taining high correlation with human response struc-568

ture (r̄ = 0.658; Table 3). A similar pattern ap-569

pears across other models in Appendix Tables 12–570

13, where identity- and values-driven variants tend571

to be negative (or substantially reduced) in Bias%572

relative to demographic-only variants.573

5 Discussion and Conclusion574

Our goal is to re-examine how synthetic per-575

sonas are constructed, evaluated, and interpreted576

in NLP/AI. Although personas are widely used for577

evaluation, and social simulation, our results re- 578

veal a systematic mismatch between demographic- 579

centric persona design and the structure of real hu- 580

man behavior, with implications for persona mod- 581

eling, evaluation, and bias-aware design. 582

Demographic-centric personas are a structural 583

bottleneck. Personas built solely from sociode- 584

mographic attributes (Case 1) consistently under- 585

perform across models, showing lower behavioral 586

correlation, lower accuracy, and the strongest de- 587

mographic bias amplification (Tables 3, 12, 13), a 588

pattern that also holds on SimBench. In human 589

data, demographic similarity explains only ∼1.5 590

Sociopsychological grounding improves align- 591

ment. Adding values, traits, identity narratives, 592

and behavioral signals steadily improves align- 593

ment across models, with full conditioning (Case 4) 594

achieving the highest correlation while reducing 595

demographic bias. These gains are not driven by 596

verbosity: AI-generated summaries (Case 5) are 597

often longer yet underperform structured, human- 598

grounded representations, indicating that persona 599

structure matters as much as information quantity. 600

Consistently, non-demographic personas based on 601

values and identity (Case 7c) match or exceed full 602

conditioning in correlation while substantially re- 603

ducing bias, showing that demographics are neither 604

necessary nor sufficient. 605

Bias emerges from persona design choices. 606

Demographic-only personas systematically over- 607

accentuate demographic clustering, effectively en- 608

coding stereotypes into simulated behavior. In con- 609

trast, SCOPE reduces bias without sacrificing re- 610

alism: full conditioning closely matches the hu- 611

man baseline, while values+identity personas are 612

the most conservative with respect to demographic 613

amplification while maintaining strong alignment. 614

This supports a practical principle: bias reduction 615

is best achieved by replacing coarse demographic 616

proxies with psychologically meaningful structure, 617

rather than removing structure altogether. 618

SCOPE as an augmentation framework. Rather 619

than replacing existing persona systems, SCOPE 620

functions as a modular augmentation layer. 621

Applied to Nemotron personas, SCOPE-based 622

augmentation consistently improves accuracy 623

and alignment on SimBench, outperforming 624

Nemotron’s native representations. This positions 625

SCOPE not merely as a dataset or benchmark, but 626

as a general-purpose framework for enriching per- 627

sona representations without abandoning existing 628

persona corpora. 629
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Ethics Statement630

We collected a two-hour sociopsychological ques-631

tionnaire from U.S.-based adult participants under632

review by the institution’s Ethics Office. Partici-633

pants provided informed consent and were compen-634

sated $50 for completion. To reduce privacy risk,635

we avoided collecting and removed direct identi-636

fiers (e.g., legal names, email addresses, phone637

numbers, street addresses). Free-text responses638

were stored under anonymized participant IDs and639

screened to remove accidental disclosure of sensi-640

tive personal information. Because persona condi-641

tioning can amplify stereotypes, we explicitly mea-642

sure demographic accentuation (Section 4.3) and643

report persona variants that achieve strong behav-644

ioral alignment while reducing demographic clus-645

tering. We release only the Nemotron augmented646

data and AI profile materials, and report aggregate647

statistics to omit any re-identification risk. This can648

be found in our Supplementary Materials.649

The full study protocol underwent internal eth-650

ical review prior to deployment. The review651

examined risks associated with collecting so-652

ciopsychological and narrative data, potential re-653

identification vectors, and the fairness implications654

of using such data for AI persona modeling. To655

protect participants, we intentionally avoided col-656

lecting direct personal identifiers such as names,657

email addresses, street addresses, or phone num-658

bers. All responses were stored under anonymized659

participant identifiers, and raw text responses were660

screened for accidental disclosure of sensitive per-661

sonal information.662

No sensitive protected health information or fi-663

nancial identifiers were collected. The anonymized664

dataset used for modeling contains only aggregated665

demographic categories and de-identified narrative666

text. Access to the full dataset is restricted to the re-667

search team, and all analyses reported in this paper668

were conducted on the de-identified corpus. These669

procedures were designed to provide strong privacy670

protection while enabling rigorous sociotechnical671

research on persona-grounded AI systems. In re-672

gards to AI usage in the paper, we used AI-assisted673

tools solely for grammatical and stylistic correc-674

tions of our writing. All scientific content, analysis,675

and conclusions are the authors’ own.676

Limitations677

Our study acknowledges the following limitations.678

First, the participant pool is U.S.-based; while we679

target Census-like proportions and oversample sev- 680

eral underrepresented groups, behavioral norms 681

and identity narratives are culturally contingent 682

and may not transfer globally. Second, our eval- 683

uation uses a fixed survey instrument; although it 684

spans eight primary facets and multiple response 685

modalities, it cannot cover all drivers of behavior 686

(e.g., longitudinal life events, situational stressors, 687

or fine-grained local context). Third, correlation- 688

based structural evaluation captures relative re- 689

sponse patterns but does not guarantee causal fi- 690

delity or calibration; two systems can correlate 691

similarly while differing in absolute distributions 692

or rationale quality. Finally, our data-quality con- 693

trols for AI-authored responses are imperfect; auto- 694

mated detectors are at best heuristic, and filtering 695

decisions may introduce selection artifacts. Our 696

future work intends to incorporate stronger verifi- 697

cation (e.g., synchronous interviews, response-time 698

features, or multi-signal provenance checks) and 699

broader cross-cultural replications. 700
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Question Type Frequency %

Likert-scale (1–5) 51 36.17
Dropdown (single-choice) 37 26.24
Multiple-choice 20 14.18
Open-ended (narrative/creative) 30 21.28
Short free-text 3 2.13

Total 141 100.00

Table 6: Distribution of question types in the SCOPE
questionnaire. Percentages are computed over the full
141-item survey and illustrate the balance between struc-
tured (Likert, multiple-choice) and expressive (open-
ended) response formats.

Saizheng Zhang, Emily Dinan, Jack Urbanek, Arthur 896
Szlam, Douwe Kiela, and Jason Weston. 2018. Per- 897
sonalizing dialogue agents: I have a dog, do you have 898
pets too? In Proceedings of the 56th Annual Meet- 899
ing of the Association for Computational Linguistics 900
(Volume 1: Long Papers), pages 2204–2213. 901

Simone Zhang, Janet Xu, and A Alvero. 2024. Genera- 902
tive ai meets open-ended survey responses: Partici- 903
pant use of ai and homogenization. 904

A Appendix 905

This appendix provides additional methodologi- 906

cal detail and extended empirical results that sup- 907

port the core claims of the paper but are omitted 908

from the main text for space and clarity. In partic- 909

ular, we present (i) a complete breakdown of the 910

sociopsychological facets underlying SCOPE, (ii) 911

the end-to-end persona construction and evaluation 912

pipeline, and (iii) full model-level results across all 913

persona construction cases. 914

A.1 Facet-level grounding and coverage. 915

Table 8 details the eight sociopsychological facets 916

that constitute the SCOPE framework, including 917

their behavioral motivation, question counts, and 918

theoretical grounding. As discussed in the main pa- 919

per, SCOPE explicitly distinguishes between facets 920

used for persona conditioning (observable or self- 921

reported attributes such as demographics, person- 922

ality traits, and identity narratives) and facets re- 923

served for evaluation (values, behavioral patterns, 924

professional identity, and creativity). 925

A.2 End-to-end Pipeline. 926

Figure 3 visualizes the complete SCOPE workflow, 927

from human data collection to persona construc- 928

tion, evaluation, and aggregation. The pipeline 929

highlights how human-grounded sociopsycholog- 930

ical data are serialized into multiple persona vari- 931

ants, evaluated against held-out behavioral targets, 932
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SCOPE Facet Freq %

Demographic Information 13 9.22
Sociodemographic Behavior 37 26.24
Values & Motivations 22 15.60
Personality Traits (Big Five) 30 21.28
Behavioral Patterns & Preferences 13 9.22
Identity Narratives 10 7.09
Professional Identity 10 7.09
Creativity & Innovation 6 4.26

Total 141 100.00

Table 7: Distribution of questions across the eight so-
ciopsychological facets in the SCOPE questionnaire.
Percentages are computed over the full 141-item instru-
ment.

Figure 2: Figure illustrates the facet used for construct-
ing the persona to the ones used for evaluation as a
baseline in creating better personas.

and summarized through correlation, accuracy, and933

bias metrics.934

A.3 Survey instrument Overview935

We used a 141-item sociopsychological question-936

naire spanning eight facets: Demographic Informa-937

tion (13), Sociodemographic Behavior (37), Values938

Motivations (22), Personality Traits (30), Behav-939

ioral Patterns Preferences (13), Personal Identity940

Life Narratives (10), Professional Identity Career941

(10), and Creativity Innovation (6). The instrument942

mixes discrete-choice and scale-based items with943

longer narrative prompts to capture both structured944

attitudes and expressive self-narratives. For space,945

we do not reproduce the full questionnaire; instead,946

Table 9 provides one illustrative example item per947

facet along with response formats.948

A.4 Survey Statistics949

Our survey contains 141 questions across eight950

facets (Table 8). The question-type composition951

is intentionally mixed to support both structured952

evaluation and open-ended behavioral analysis: 51953

opinion-scale items (1–5 Likert), 37 dropdown-954

scale items, 30 multi-format narrative prompts,955

20 multiple-choice items, and 3 short-text items. 956

Facet-wise, the instrument includes 13 de- 957

mographic items, 37 sociodemographic-behavior 958

items, 22 values/motivations items, 30 Big Five 959

trait items, 13 behavioral-pattern items, 20 iden- 960

tity prompts (10 identity narrative prompts, 10 961

professional-identity prompts), and 6 creativity 962

prompts. Table 6–7 shows the frequency distri- 963

bution of the types of questions. 964

For narrative responses, we report (i) 965

token/word-count distributions by facet (identity, 966

professional, creativity), including median and 967

interquartile range, (ii) missingness rates (items 968

answered as “N/A” or left blank), and (iii) 969

per-participant completion time statistics. These 970

summaries are included to support reproducibility 971

and to contextualize model performance on facets 972

with substantially different response entropy and 973

annotation density. 974

A.5 Framework Examples 975

We show how each of the persona framework dif- 976

fers by showcasing examples of each framework 977

in Table 10. We see how our framework con- 978

tains more details and information to process be- 979

havioural and social tasks better. 980

A.6 Complete model-level results. 981

Tables 12 and 13 report the full set of experimen- 982

tal results across all seven model families and all 983

persona construction cases. These tables expand 984

on the summarized findings in Section 4, show- 985

ing that the same qualitative trends, demographic 986

over-accentuation, gains from sociopsychological 987

grounding, and the robustness of non-demographic 988

personas, hold consistently across models with very 989

different architectures and training regimes. 990

A.7 External Data Formats: Nemotron 991

Personas and SimBench Instances 992

To contextualize our SimBench evaluation and 993

Nemotron comparisons, we summarize the data 994

record formats used by each external resource. 995

Nemotron-Personas-USA (persona text + struc- 996

tured attributes). The NVIDIA NEMOTRON- 997

PERSONAS-USA (Meyer and Corneil, 2025) 998

dataset6 consists of fully synthetic U.S. per- 999

sonas generated to mirror census-grounded de- 1000

mographic distributions and provide diverse, non- 1001

6https://huggingface.co/datasets/nvidia/
Nemotron-Personas-USA

12

https://huggingface.co/datasets/nvidia/Nemotron-Personas-USA
https://huggingface.co/datasets/nvidia/Nemotron-Personas-USA


Facet Description # Source / References
Demographic In-
formation

Captures foundational sociodemographic attributes (e.g., age,
gender, race/ethnicity, education, income, political orienta-
tion). Although insufficient to explain behavior on their own,
such variables ground broader identity, social context, and
structural constraints.

13 Source: Social Identity (Demo-
graphics)
Refs: Park et al. (2023)

Sociodemographic
Behavior

Measures group-conditioned behavioral tendencies such as
media use, digital access, civic engagement, community be-
longing, and trust in institutions. These behaviors reflect
cultural, structural, and lived-experience influences not re-
coverable from static demographic labels. This facet draws
conceptually on Pew Internet & Technology surveys, GSS
behavioral modules, and WVS civic participation items.

37 Source: Sociodemographic Indi-
cators
Refs: Park et al. (2023), Pew
Research Center (2024), Smith
et al. (2023), Inglehart et al.
(2014)

Values & Motiva-
tions

Derived from established value frameworks (Schwartz), this
facet captures benevolence, tradition, achievement, risk-
taking, moral orientation, and long-term goals. Values
strongly predict social judgments, moral reasoning, prefer-
ence formation, and life choices.

22 Source: Fundamental Human
Values
Refs: Schwartz (1992), Joshi
et al. (2025)

Personality
Traits (Big Five)

Encodes stable psychological dispositions, openness, consci-
entiousness, extraversion, agreeableness, neuroticism, that
predict interpersonal behavior, communication style, prefer-
ence structure, and emotional tendencies. These traits offer
robust explanatory power over individual variation.

30 Source: Psychological Traits
(BFI-2-S)
Refs: Costa and McCrae (1992),
Joshi et al. (2025)

Behavioral Pat-
terns & Prefer-
ences

Captures lifestyle habits, emotional responses, motivational
strategies, and social tendencies that provide fine-grained
behavioral texture. These behaviors emerge from identity,
personality, environment, and values, not recoverable from
demographic or trait-level information alone.

13 Source: Behavioral Patterns
Refs: Park et al. (2023)

Identity Narra-
tives

Short open-ended reflections on personal history, identity
formation, relationships, formative events, professional and
self-description. Narrative identity theory suggests that peo-
ple enact behavior through internalized life stories that shape
goals, meaning-making, and social interaction.

10 Source: Identity Narrative
Refs: McAdams (1995), Park
et al. (2023)

Professional
Identity

Represents occupational roles, work habits, domain knowl-
edge, responsibilities, and career motivations. This facet
enables personas to generate domain-relevant reasoning and
simulate realistic professional behavior.

10 Source: Professional Identity
Refs: Joshi et al. (2025)

Creativity & In-
novation

Assesses expressive flexibility, hypothetical reasoning, nar-
rative originality, and creative decision-making. Creative
outputs reflect openness, cognitive flexibility, and a persona’s
interpretive worldview—providing unique behavioral nuance
beyond structured survey items.

6 Source: Creativity Tasks
Refs: Joshi et al. (2025), Cheng
et al. (2023), Venkit et al.
(2025b)

Table 8: The eight sociopsychological facets of the SCOPE framework. Facets 1–4 form the conditioning inputs
used for synthetic persona construction; facets 5–8 serve as held-out evaluation dimensions to assess behavioral
grounding, generalization, and fidelity. Question counts derive from the 141-item persona dataset, and facet
categories follow the internal persona taxonomy.

PII persona descriptions.7 Each row contains1002

(i) multiple domain-specific persona paragraphs1003

(e.g., professional, travel, arts), (ii) a general1004

persona summary, and (iii) structured demo-1005

graphic and location attributes (e.g., age, sex,1006

education, occupation, state). Concretely, the1007

dataset viewer exposes fields including: uuid,1008

persona, professional_persona, sports_persona,1009

arts_persona, travel_persona, culinary_persona,1010

cultural_background, skills_and_expertise (and list1011

variant), hobbies_and_interests (and list variant),1012

career_goals_and_ambitions, along with sex, age,1013

7The dataset card notes the exclusion of direct identifiers
such as names/addresses and describes the generation pipeline
via NeMo Data Designer.

marital_status, education_level, bachelors_field, 1014

occupation, city, state, zipcode, country. 1015

SimBench (group prompt template + response 1016

distribution). SIMBENCH (Hu et al., 2025) is a 1017

benchmark of group-level human response distribu- 1018

tions compiled from multiple social and behavioral 1019

datasets into a unified format. Each instance pro- 1020

vides: (i) a persona/group prompt template that 1021

describes the respondent group (population-level 1022

or demographically grouped), (ii) a variable map 1023

used to fill template placeholders (empty for pop- 1024

ulation templates), (iii) the question text, and (iv) 1025

an aggregated human answer distribution over dis- 1026

crete options. Specifically, the dataset lists primary 1027
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Facet What it measures Primary
response
format(s)

Example item (one per facet)

Demographic Infor-
mation

Baseline social position and structural
context (e.g., age, gender, education,
race/ethnicity, political orientation).

Multiple
choice; short
text.

“Select Your Age” (10 bins: Less
than 20 . . . 65 or older).

Sociodemographic
Behavior

Digitally mediated access and civic/media
behaviors (internet/AI use, privacy concern,
voting importance, institutional trust, cultural
belonging).

Dropdown
scales (fre-
quency /
agreement);
some categor-
ical.

“How often do you use AI tools
like ChatGPT or Midjourney?”
(frequency scale: Several times a
day . . . Never).

Values & Motiva-
tions

Motivational priorities and moral/social goals
(Schwartz-style value statements; short-/long-
term goals).

Likert (1–5)
+ multi-select
goals.

“It’s very important to me to help
the people around me. I want to
care for others.” (1=Very Inaccu-
rate . . . 5=Very Accurate).

Personality Traits
(Big Five)

Stable dispositions across the Big Five (short-
form trait statements; mixture of positively
and negatively keyed items).

Likert (1–5). “I am organized. I like to keep
things in order.” (1=Very Inaccu-
rate . . . 5=Very Accurate).

Behavioral Patterns
& Preferences

Everyday routines and social/goal regulation
(motivation under setbacks, recognition re-
sponse, weekend routines, social comfort).

Mixed: nar-
rative (min
word count)
+ multiple
choice.

“How do you stay motivated when
things don’t go as planned?”
(open response; 20+ words).

Personal Identity &
Life Narratives

Narrative identity: autobiographical self-
concept, turning points, relationships, neigh-
borhood context, identity change.

Narrative
prompts (min
word count).

Crossroads prompt: “Was there
a moment. . . where multiple
paths were available. . . ? Tell the
whole story.” (open response; 50+
words).

Professional Iden-
tity & Career

Occupational self-concept and work ecol-
ogy (workday structure, success criteria,
tools/platforms, time sinks, AI/automation
impacts).

Narrative
prompts (min
word count)
+ one Likert
item.

“Walk me through a typical
workday, highlighting your most
critical responsibilities and pri-
mary goals.” (open response; 50+
words).

Creativity & Innova-
tion

Expressive flexibility and generative ideation
(creative pride, hypothetical projects, in-
vented traditions/holidays, metaphorical
self).

Long-form
creative
prompts (min
word count).

“Invent a holiday and describe
how people would celebrate it.”
(open response; 100+ words).

Table 9: Questionnaire summary with one illustrative example item per SCOPE facet. The table is intended to
communicate the construct coverage and the response modalities used for modeling and evaluation.

fields: dataset_name, group_prompt_template,1028

group_prompt_variable_map, input_template, hu-1029

man_answer, and group_size.1030

Examples: Nemotron records typically provide1031

multiple topical paragraphs that can be concate-1032

nated into a single persona prompt (as done in our1033

Nemotron baseline), e.g.:1034

professional_persona: [paragraph describing1035
job, work style, responsibilities]1036
travel_persona: [paragraph describing travel1037
preferences and aspirations]1038
persona: [compact overall persona summary]1039
attributes: sex=female, age=28,1040
education_level=high_school,1041
occupation=... , state=WI1042

SimBench instances, in contrast, are centered on a1043

group prompt plus a distributional target:1044

group_prompt_template: “You are a 38 year1045
old Amazon Mechanical Turk worker from the1046

United States.” 1047
input_template: [question stem + options] 1048
human_answer: {A:0.04, B:0.08, C:0.03, 1049
D:0.81, E:0.04} 1050

A.8 From structured behavior to expressive 1051

behavior. 1052

While the main paper focuses on structured behav- 1053

ioral alignment (multiple-choice, Likert, and cate- 1054

gorical responses), SCOPE also includes a small 1055

but important set of open-ended prompts designed 1056

to probe narrative expression, creativity, and writ- 1057

ing style. These prompts capture aspects of hu- 1058

man behavior that are not easily reduced to discrete 1059

labels, such as expressive flexibility, originality, 1060

and narrative coherence. In the following section, 1061

we analyze these open-ended responses using es- 1062

tablished computational creativity metrics, com- 1063

plementing our correlation-based evaluation and 1064

further illustrating how persona structure shapes 1065

14



Persona Paradigm Description & Illustrative Example Representative Work
Text-Based Descriptions Short free-text persona summaries used to condition model behavior.

Example: “I am a friendly and curious person who enjoys learning
new things and helping others. I value honesty and creativity, and I
like discussing technology and everyday life.”

Ge et al. (2024)

Sociodemographic
Inputs

Personas defined as structured demographic attribute vectors, often
aligned with census statistics.
Example: Age: 34; Gender: Female; Race: Hispanic; Education:
Bachelor’s degree; Income: $50k–$75k; Region: Southwest U.S.

Meyer and Corneil (2025)

Demographic + Identity
Signals

Extends demographic personas with explicit self-identity or cultural
identification statements.
Example: Age: 29; Gender: Male; Race: Asian American. Identity:
“I see myself as both American and strongly connected to my
family’s cultural traditions. I value collaboration and community
belonging.”

Lee et al. (2025)

Interview-Based
Personas

Personas derived from interview transcripts or long-form
questionnaires capturing lived experience.
Example: “I work as a mid-level software engineer maintaining
legacy systems. I prefer stability but feel drawn to more creative
work. I avoid conflict but speak up on technical issues.”

Park et al. (2023)

SCOPE (Ours) Personas constructed from structured sociopsychological facets with
explicit conditioning and evaluation separation.
Example: Demographics (32-year-old Black woman, urban
Midwest); Sociodemographic behavior (high civic engagement);
Personality traits (high conscientiousness, moderate openness);
Identity narrative (“I view my career as a way to support my
community”). Evaluation facets (values, behavioral patterns,
professional identity, creativity) held out.

This work

Table 10: Illustrative persona examples across major persona construction paradigms. Examples are schematic and
intended to highlight differences in representational structure.

model behavior across different response modali-1066

ties.1067

B Analysis of Open-ended and1068

Writing-style based Questions1069

In addition to structured multiple-choice and Likert-1070

style evaluation, SCOPE includes a small set of1071

open-ended prompts intended to elicit narrative ex-1072

pression and creative reasoning (Facet 8: Creativity1073

& Innovation). These prompts are qualitatively1074

important because they test whether persona con-1075

ditioning preserves style and narrative structure1076

rather than only discrete response choices. Follow-1077

ing prior parameterized creativity evaluation work1078

(Venkit et al., 2025b; Chakrabarty et al., 2024), we1079

quantify differences between human-authored and1080

persona-conditioned LLM narratives along four1081

computational axes inspired by Torrance-style cre-1082

ativity dimensions (flexibility, originality, elabora-1083

tion, and coherence).1084

B.1 Creativity metric definitions1085

Let a group of responses (e.g., a persona case,1086

model, or question group) contain n narratives, and1087

let ei denote the Sentence-BERT embedding for1088

narrative i.1089

Semantic Diversity (Flexibility). We measure 1090

within-group thematic breadth as the average pair- 1091

wise semantic distance: 1092

Diversity =
2

n(n− 1)

n−1∑
i=1

n∑
j=i+1

(1− cos(ei, ej)) . (8) 1093

Higher values indicate broader variation in themes 1094

and expression. 1095

Semantic Novelty (Originality). We measure 1096

how much a group’s average internal distance devi- 1097

ates from the corpus norm: 1098

Novelty = 2× |dgroup − dcorpus| , (9) 1099

where dgroup is the group’s average pairwise seman- 1100

tic distance and dcorpus is the corpus-wide average 1101

distance. Higher values indicate greater deviation 1102

from expected narrative patterns. 1103

Semantic Complexity (Elaboration). We oper- 1104

ationalize elaboration via a composite of lexical 1105

rarity (TF-IDF) and semantic spread (Word2Vec): 1106

C(s) = 0.5× CTFIDF(s)
max(CTFIDF)

+ 0.5× CW2V(s)

max(CW2V)
. (10) 1107

Higher values indicate more intricate narratives in 1108

both vocabulary and concept dispersion. 1109
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Figure 3: End-to-end pipeline of our persona construction and evaluation framework. The process consists of
four major stages: (1) Rich Persona Collection: a two-hour, 141-item sociopsychological survey capturing eight
behavioral facets across 100 participants; (2) Persona Construction Cases: eight structured persona representations
generated by selectively combining demographic, behavioral, psychological, and narrative facets, as well as AI-
generated summaries; (3) Synthetic Persona Evaluation: measuring accuracy, similarity to human responses, and
bias; and (4) Safety Score Card: aggregating evaluation metrics into a standardized benchmark for persona quality.
This workflow provides a unified, human-grounded framework for constructing and assessing synthetic personas
compatible with modern LLM systems.

Surprisal (Narrative Coherence). We measure1110

narrative coherence by the average semantic dis-1111

tance between consecutive sentence embeddings1112

within each response:1113

Surprisal =
2

n− 1

n∑
i=2

(1− cos(ei−1, ei)) , (11)1114

where here ei denotes the embedding of the i-th1115

sentence. Lower surprisal corresponds to smoother1116

semantic progression (more coherent flow).1117

B.2 Experimental setup1118

We evaluate creativity on six open-ended SCOPE1119

prompts (Facet 8), comparing human-written re-1120

sponses to LLM-generated responses conditioned1121

on the same persona construction cases used in the1122

main study. We report aggregate comparisons (Hu-1123

man vs. AI) and case-level patterns using the four1124

metrics above.1125

B.3 Human vs. AI: aggregate findings1126

Table 14 summarizes aggregate creativity gaps.1127

Consistent with the broader theme of this paper,1128

persona structure affects behavioral outputs, we1129

observe that open-ended narrative behavior differs1130

from structured answering behavior: LLM outputs1131

tend to be more elaborative and more deviant from1132

the corpus norm, but less varied across personas1133

and less coherent in narrative flow.1134

B.4 Persona-case effects: a 1135

creativity–constraint trade-off 1136

To understand how persona construction affects 1137

narrative-style realism, we compare persona cases 1138

by measuring distance from human creativity pat- 1139

terns across the four normalized metrics (equal 1140

weight). Interestingly, the most human-like cre- 1141

ativity behavior is achieved by Case 1 (Demo- 1142

graphics Only) (Table 15), suggesting a “creativ- 1143

ity–constraint trade-off”: richer persona scaffolds 1144

that improve structured behavioral fidelity (Sec- 1145

tions 4–4.3) may over-constrain open-ended narra- 1146

tive generation and reduce natural variation. This 1147

complements our main finding that persona quality 1148

is facet-dependent: the optimal conditioning strat- 1149

egy for structured behavioral prediction is not nec- 1150

essarily optimal for open-ended expressive tasks. 1151

Interpretation. These results indicate that (i) 1152

demographic-only personas can preserve a sur- 1153

prisingly human-like balance of novelty and di- 1154

versity in unconstrained narrative tasks, while (ii) 1155

richer sociopsychological scaffolds (full condi- 1156

tioning and long summaries) tend to increase elab- 1157

oration but may compress persona-to-persona vari- 1158

ability, reducing diversity. Practically, this suggests 1159

a deployment guideline: for creative, narrative, 1160

or story-style user simulation, minimal persona 1161
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constraints may produce more human-like stylistic1162

variation; for structured behavior prediction and1163

bias-sensitive simulation, multi-facet grounding re-1164

mains preferable (Sections 4–4.3).1165
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SCOPE Case Description & Synthetic Persona Example (Illustrative) Included Facets
Case 0: No Persona Baseline: no persona conditioning text is provided to the model.

Example: (No persona preamble; model answers questions with default
behavior.)

None

Case 1:
Demographics Only

Structured demographic attribute vector.
Example:
Select Your Age: 40–44; Gender: Male; Education: Associate degree;
Occupation: Logistics Supervisor; Country: USA; Race/Ethnicity: Black;
Nationality: American; Relationship: Married; Political Orientation:
Moderate; Income Category: $50k–$75k; Religion: Christian
(non-denominational).

Demographics

Case 2:
Demographics +
Identity Narratives

Demographics plus short interview-style identity narratives (personal +
professional) that contextualize lived experience.
Example:
(Demographics) 27–29, Female, Bachelor’s, USA, Latina, single, left-leaning.
Professional Identity (snippet): “I’m a public health coordinator. My day is split
between community outreach, planning clinics, and writing reports. I measure
success by whether residents actually show up and feel respected.”
Personal Identity (snippet): “I grew up translating for my parents, which made
me independent early. A turning point was choosing a local college so I could
support my family while studying.”

Demographics +
Professional Identity
+ Personal Identity

Case 3:
Demographics +
Values & Goals

Demographics plus structured value items and goal statements (Likert-style),
emphasizing motivational priorities.
Example:
(Demographics) 33–39, Nonbinary, Master’s, USA, White, partnered, center-left.
Values/Goals (snippet): “Helping people around me”=5; “Being rich”=2; “Equal
opportunities”=5; “Taking risks/adventures”=3; “Secure surroundings”=4;
“Thinking up new ideas/being creative”=4.
Short-term goals: “Pay down debt; build healthier routines; deepen friendships.”
Long-term goals: “Financial stability; meaningful work; more
freedom/flexibility.”

Demographics +
Values/Goals

Case 4: Full
Conditioning

Combined structured persona: demographics + values/goals + professional
identity + personal identity narratives.
Example:
(Demographics) 50–54, Male, Bachelor’s, USA, Asian American, divorced,
moderate.
Values/Goals (snippet): “Environmental protection”=5; “Tradition”=2;
“Achievement/recognition”=3; “Independence”=5.
Professional Identity (snippet): “I manage IT operations at a mid-sized hospital.
The most time-consuming part is incident response and coordinating vendors. I
worry about outages and compliance.”
Personal Identity (snippet): “I moved often as a kid, which made me adaptable.
A crossroads moment was leaving a stable job to retrain in tech after my first
layoff.”

Demographics +
Values/Goals +
Professional Identity
+ Personal Identity

Case 5c: LLM
Narrative Summary
(1000-1500 words)

Single first-person narrative persona written by the model (compressed, fluent
biography-style).
Example (shortened): “I’m a 38-year-old single father living in the Midwest.
I’ve built my career in customer support and learned to stay calm under pressure.
I care about fairness and try to treat people with respect, even when politics get
heated. Lately, I’ve been thinking about stability, saving more, and finding work
that feels meaningful rather than just busy.”

AI Narrative Only

Case 6: LLM Facet
Completion

Model is given partial inputs and instructed to infer missing facets to complete a
persona profile (ablations vary by what is provided).
Example (given only demographics): “Age 22–24, Male, some college, USA,
Asian.” Model infers: plausible values, goals, identity narrative, and work context
consistent with the partial seed.

Varies (partial seed +
inferred facets)

Case 7:
Non-Demographic
Persona

Persona excludes demographics entirely; conditioning uses non-demographic
signals (e.g., identity-only, values-only, or values+identity).
Example (values+identity only):
Identity (snippet): “I see myself as a caretaker in my community, but I’m private
about my personal life. I’m drawn to groups where people look out for each
other.”
Values/Goals (snippet): “Equality”=5; “Loyalty to friends”=5; “Tradition”=2;
“Independence”=4; “Creativity”=3.
Long-term goals: “Build a stable life; contribute to others; keep autonomy.”

Values and/or
Identity (no
demographics)

Table 11: SCOPE persona case examples used in our experiments. All examples are synthetic and included to
illustrate the format and information structure of each case.
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Metric Human AI Persona Direction

Semantic Complexity ↑ 0.6933 0.7924 AI higher (more elaboration)
Surprisal (Coherence) ↓ 0.9571 1.1384 AI worse (more semantic jumps)
Semantic Diversity ↑ 0.1910 0.1685 Human higher (more variation)
Semantic Novelty ↑ 0.0181 0.0329 AI higher (more deviation)

Table 14: Aggregate creativity and narrative-style comparison between human-authored responses and persona-
conditioned across all 7 model responses across the creativity prompts. Arrows indicate preferred direction for
human-like narrative quality: higher diversity/complexity/novelty, and lower surprisal.

Rank Case Distance to Human (lower is better)

1 Case_1 (Demographics only) 0.5473
2 Case_2D (Identity only; no demographics) 0.5763
3 Case_2 (Demographics + identity) 0.5868
4 Case_4 (Full conditioning) 0.6010
5 Case_2S (Identity augmented) 0.6181

Table 15: Top creativity-aligned persona cases under a normalized, equal-weight distance over semantic complexity,
surprisal, semantic diversity, and semantic novelty across all 7 models. Lower distance indicates closer alignment to
human creativity patterns.
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