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Abstract001

LLM-based chatbots are increasingly applied002
in interpersonal domains such as counseling003
and peer support, where establishing human–004
AI rapport is crucial yet remains challenging.005
In this work, we introduce a novel approach for006
conditioning LLMs with in-group personas,007
which (i) first identifies a user’s primary con-008
cern and brief personal context (e.g., a com-009
puter science undergraduate worried about fu-010
ture career prospects), and (ii) generates a syn-011
thetic in-group persona that shares a similar012
primary concern while differing in background013
and narrative details, such as age or profession014
(e.g., a junior researcher at an AI startup). Fur-015
thermore, we conduct a human-subject study to016
systematically evaluate the effectiveness of in-017
group persona agents in enhancing human–AI018
rapport. We compare our approach against two019
baseline conditions: a conventional agent with-020
out persona conditioning and an agent exhibit-021
ing minimal self-disclosure (e.g., “I’ve felt that022
too”). Results from post-task questionnaires023
assessing rapport and user experience indicate024
that the in-group persona agent significantly025
improves perceived rapport and personal rel-026
evance compared to the baselines, and also027
yields more positive user experience—most no-028
tably higher engagement.029

1 Introduction030

Rapport, defined as “mutual attention, positivity,031

and coordination” (Tickle-Degnen and Rosenthal,032

1990), is crucial in counseling and peer support,033

where users must feel comfortable disclosing per-034

sonal experiences (Nienhuis et al., 2018; Truong035

et al., 2019). In supportive and interpersonal036

human–AI interactions such as peer-support or037

counseling-like conversations where users discuss038

personal concerns and may benefit from empathetic039

exchange, rapport can play a central role. Without040

a sense of relational connection, users may disen-041

gage, perceive the agent as impersonal, or hesi-042

tate to share meaningful information (Liu, 2024;043

User

I feel pretty isolated since I moved—hard to connect 

with people.

No Persona

That's tough. Let's plan two low-stakes touchpoints this week

—one message to an acquaintance and one local event.

No Persona + Self-Disclosure

I've felt that distance after moving as well. A simple 'coffee 

ping' and one recurring meetup helped me ease in.

Ingroup Persona Agent

I'm new here too, and that quiet can feel heavy. Two 

small reaches—a 'coffee check-in' and one meetup—

made it manageable. Want to line them up now?

Low → Moderate → High

Figure 1: Dynamic Persona Generation for Effective
Human-AI Interaction. Comparison of three LLM
agents responding to the same user utterance expressing
life concern. No Persona, the chatbot LLM without addi-
tional persona conditioning, gives neutral, generic guid-
ance; No Persona + Self-Disclosure programmatically
adds a general “I’ve felt that too” statement to invite reci-
procity; finally, In-group Persona Agent (Ours) lever-
ages shared identity and contextualized self-disclosure
to foster greater rapport and relatability.
Pentina et al., 2023). In these contexts, rapport 044

underpins not only conversational naturalness but 045

also the effectiveness of AI systems in fostering 046

user trust, cooperation, and sustained engagement. 047

While large language model (LLM)-based chat- 048

bots are increasingly deployed in domains such 049

as mental health support, education, and customer 050

service, establishing rapport with users remains 051

a central challenge. Despite that we are witness- 052

ing rapid deployment of AI-based counseling and 053

mental health support systems, such as Woebot and 054

Wysa (Fitzpatrick et al., 2017; Inkster et al., 2018), 055

and test trials in clinical contexts (Heinz et al., 056

2025; MacNeill et al., 2024), chatbots often fail 057
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to demonstrate contextual understanding of social058

cues required to form rapport comparable to human059

counselors (Sands et al., 2021; Chan et al., 2022;060

Klein, 2025). As a result, LLM-based systems still061

face limitations in maintaining long-term effective-062

ness: sustained success appears contingent on users063

perceiving the agent as trustworthy, empathetic,064

and engaging (Siddals et al., 2024; Limpanopparat065

et al., 2024; Liu et al., 2025).066

A key mechanism for fostering rapport is self-067

disclosure, which refers to the act of sharing per-068

sonal thoughts, feelings, or experiences to build069

trust and intimacy. Interpersonal research shows070

that disclosure strengthens trust and intimacy via071

reciprocity (Carpenter and Greene, 2015). In072

Human-Computer Interaction (HCI), chatbots that073

share personal or emotional information elicit074

greater user self-disclosure and satisfaction (Ho075

et al., 2018; Lee et al., 2020), and emotional self-076

disclosure has been shown to increase reuse inten-077

tion (Park et al., 2023).078

Another mechanism to build rapport is to show079

similarity and in-group preference: according to080

similarity–attraction theory (Byrne, 1972), people081

respond more positively to partners who resem-082

ble them. This effect can be generalized to chat-083

bots, where perceived similarity in personality or084

style enhances trust and affinity (Reeves and Nass,085

1996; Jin and Eastin, 2023). In-group categoriza-086

tion further amplifies these effects, with users treat-087

ing agents as more trustworthy and cooperative088

when framed as group members (Nass et al., 1997;089

Eyssel and Kuchenbrandt, 2012). Yet, most chatbot090

studies have emphasized shallow similarity (e.g.,091

tone or trait matching) rather than shared lived ex-092

periences or social identity, leaving the deeper role093

of contextual alignment underexplored (Ahn et al.,094

2021; Alawi et al., 2023).095

In this work, we propose a framework of dy-096

namic persona generation that grounds LLM per-097

sonas on users’ expressed concerns and contexts,098

forming the basis of our In-group Persona Agent099

(IPA). This framework aims to improve relational100

outcomes in human–AI interaction through careful101

agent persona construction and concern-grounded102

alignment. Our approach operationalizes findings103

from peer support research in mental health high-104

lighting how shared experiences between interlocu-105

tors provide unique benefits, hope, validation, and a106

sense of not being alone (Repper and Carter, 2011).107

We model users’ expressed concerns–issues they108

currently care about that capture their emotional109

and goal-oriented states (Randle et al., 2017; Ho 110

et al., 2018; Cortland et al., 2017)–that are in turn 111

utilized to form user-centered experiential repre- 112

sentations that inform the agent’s persona design. 113

With user concern-based experiences incorpo- 114

rated as part of the persona, our LLM agents are 115

shown to produce responses that are both empa- 116

thetic and contextually appropriate. To evaluate 117

this framework, we conducted interactive sessions 118

simulating everyday conversations where partici- 119

pants discussed personal concerns such as career 120

and employment issues in a supportive but non- 121

professional context. These dialogues provided a 122

balanced setting where users sought both emotional 123

empathy and practical perspectives, allowing us to 124

assess how concern-aligned personas influence re- 125

lational outcomes in human-AI interaction. 126

Contributions. We present the following contri- 127

butions: 128

• We propose In-group Persona Agent (IPA), 129

a method that dynamically integrates per- 130

sona generation and conversational infer- 131

ence through a multi-stage prompt pipeline, 132

constructing concern-aligned personas from 133

elicited user dialogue context. 134

• We complement the human-subject evalu- 135

ation with post-hoc analyses that validate 136

persona quality and characterize turn-level 137

and conversation-level interaction patterns, 138

thereby shedding light on the behavioral mech- 139

anisms underlying rapport gains. 140

• Controlled evaluations show that IPA im- 141

proves rapport (especially personal relevance) 142

over baselines, with modest UX gains most 143

evident in engagement, highlighting in-group 144

alignment as a key factor in human–AI rela- 145

tional quality. 146

2 Related Work 147

2.1 LLM Persona Conditioning 148

Large Language Models (LLMs) can be steered via 149

prompt-only conditioning to display persona-like 150

linguistic patterns without parameter updates. Evi- 151

dence to date is strongest within-session and is task- 152

dependent, indicating reliable short-horizon style 153

control rather than persistent identity (Moon et al., 154

2024; Kang et al., 2025; Jiang et al., 2023; Tseng 155

et al., 2024). Backstory-style prompts improve re- 156

sponse consistency and distributional alignment in 157
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(a) Overall interaction flow

Figure 2: Overview of the proposed In-Group Persona Agent. (a) Overall interaction flow: a pre-chat dialogue
elicitation with a sufficiency check collects the user’s concern; the user then selects one of five candidate personas;
the main conversation proceeds with the selected persona (see Section 3). (b) Persona generation process: traits
are extracted from the pre-chat dialogue and partitioned into collected vs. not collected; using both information,
the system composes a background and a narrative (similar experience and resolution) and combines the traits in
different ways to produce five distinct personas.

large-scale simulations (Moon et al., 2024; Kang158

et al., 2025), while personality prompts (e.g., Big159

Five) induce trait-congruent tendencies across tasks160

under matched instructions (Jiang et al., 2023).161

Unlike previous studies that relied on static back-162

stories or trait-based prompts to elicit transient163

stylistic alignment, our In-group Persona Agent164

dynamically generates concern-aligned personas165

grounded in users’ expressed contexts, enabling166

sustained relational alignment and measurable im-167

provements in rapport and engagement.168

2.2 Self-Disclosure by AI Chatbots169

Research on interpersonal dynamics and the Com-170

puters Are Social Actors (CASA) framework indi-171

cate that disclosure-based reciprocity can arise even172

when people interact with artificial agents (Collins173

and Miller, 1994; Reeves and Nass, 1996). Experi-174

mental work also shows reciprocal responding to-175

ward computer-based agents, specifically increased176

user self-disclosure following an agent’s disclo-177

sure (Moon, 2000). In studies on conversational178

AI systems, agent self-disclosure increases users’179

self-disclosure (Lee et al., 2020) and improves 180

satisfaction (and reuse intentions) relative to non- 181

disclosing baselines (Park et al., 2023). However, 182

reported benefits are conditional on the contextual 183

relevance and perceived appropriateness of the dis- 184

closure (Lee et al., 2020; Park et al., 2023; Tsumura 185

and Yamada, 2023). Notably, prior manipulations 186

of disclosure are typically generic (e.g., emotional 187

vs. neutral/factual statements) rather than tailored 188

to the user’s present concern (Lee and Choi, 2017; 189

Ho et al., 2018; Park et al., 2023). 190

We address this conditionality by operational- 191

izing relevance via concern-aligned persona cues 192

and by comparing no-persona and generic self- 193

disclosure baselines to isolate the added value of 194

contextual alignment. 195

2.3 Similarity & In-Group Cues 196

Similarity manipulations affect user judgments and 197

intentions and vary across application domains. For 198

example, in voice interfaces, matching voice per- 199

sonality increases perceived social presence (Lee 200

and Nass, 2003). In recommender chatbots, per- 201
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sonality alignment improves evaluation and inten-202

tion measures (Jin and Eastin, 2023). In social203

robotics, in-group framing yields more favorable204

judgments (e.g., liking, anthropomorphism) and205

approach intentions (Nass et al., 1997; Eyssel and206

Kuchenbrandt, 2012). These operationalizations207

predominantly rely on static trait/style matching208

or categorical group labels rather than situational209

alignment to a user’s ongoing concern.210

Taken together, these observations motivate a fo-211

cus on concern-aligned relational cues rather than212

reliance on generic disclosure or static trait/style213

matching.214

3 Method215

3.1 Overview216

The Persona Agent analyzes dialogue preced-217

ing the main conversation gathered to infer the218

user’s concerns and related information. Based219

on the inferred information, it generates a persona220

that belongs to the user’s in-group and shares the221

same concerns as the user, embedding this fictional222

persona–comprising a character profile and curated223

past experiences–before the dialogue begins. This224

embedded persona enables the agent to deliver em-225

pathetic utterances and self-disclosing narratives,226

thereby achieving a higher level of rapport com-227

pared to chatbots without an explicit, tailored per-228

sona. For instance, when responding to a user con-229

cerned about work-related stress, a generic chatbot230

might respond, “I’m sorry you’re feeling stressed;231

consider taking breaks during work.” In contrast, a232

persona-embedded agent might share, “I remember233

feeling overwhelmed at my own job a few years234

ago. I found that taking short outdoor walks dur-235

ing my breaks helped me manage my stress better.”236

The latter response leverages persona-driven self-237

disclosure, which fosters stronger rapport. Such an238

approach is particularly valuable in domains where239

user experience is paramount, including psycholog-240

ical support, education, and personalized services.241

3.2 Persona Definition242

A persona in this study consists of a synthetic243

agent background and past narratives. By in-244

jecting this information into the prompt, we create245

a persona agent, a virtual persona capable of inter-246

acting with the user.247

Background. Background provides a concise248

overview of who the persona is, including aspects249

such as personal history, education, or interests.250

While it does not directly resolve the user’s con- 251

cern, it frames the agent as a coherent social actor 252

with recognizable traits and contextual grounding. 253

Narrative. The narrative recounts how the syn- 254

thetic persona previously faced a challenge similar 255

to the user’s concern and describes the steps they 256

took to overcome it. Based on this synthetic narra- 257

tive, models engage in strategic self-disclosure that 258

conveys empathy and shared experience. 259

3.3 Pre-chat Dialogue Elicitation 260

During pre-chat dialogue, a concern-elicitation 261

agent (collector) engages the user to elicit the pri- 262

mary concern and brief context. After every two 263

turns, the system checks whether the information 264

is sufficient to proceed; if not, the agent continues 265

with concise clarification questions. Once suffi- 266

ciency is met, the pipeline advances to persona 267

generation. The fixed sufficiency rule and prompt 268

templates are provided in Appendix F. 269

3.4 Persona Generation 270

Based on information collected during the pre-chat 271

dialogue phase, the system generates five in-group 272

personas that reflect the user’s context and charac- 273

teristics, so that all generated personas would feel 274

relevant and relatable to the user. 275

To achieve this, the system categorizes user traits 276

into collected information (e.g., concerns, explic- 277

itly stated preferences, or demographic indicators) 278

and information unavailable from the pre-chat dia- 279

logue (i.e., traits that remained unspecified). Based 280

on this categorization, our workflow combines 281

available information traits in different ways to 282

generate five distinct personas. Each synthetic per- 283

sona shares the same primary concern as the user 284

but differs in details of the assigned background 285

and narrative, such as age or profession, to provide 286

diverse perspectives on the shared concern. Traits 287

classified as not collected information are left un- 288

specified, so that the resulting profiles only reflect 289

information the user had actually disclosed. 290

Example of Generated Persona (Abridged)
Background: I’m a 26-year-old computer science grad-
uate who developed a fascination with AI research dur-
ing my undergraduate studies, particularly after taking
courses in machine learning and neural networks. . .
Narrative: After graduating, I was eager to dive into
AI research but quickly discovered that breaking into
the field was more challenging than I anticipated. Most
research positions required either graduate degrees or
significant practical experience that I lacked. . .

291
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Details of this example can be found in Ap-292

pendix F(Listings 4 and 6).293

3.5 Persona Quality Validation294

We evaluate the validity of the dynamic persona295

generation framework through two complementary296

methods.297

3.5.1 Persona Evaluation Rubric298

Persona quality is assessed using LLM-based eval-299

uation on two dimensions: In-group Fitness and300

Concern Resolution Quality. In-group Fitness com-301

prises two sub-dimensions, Shared Background /302

Identity (IF1) and Shared Skills / Interests (IF2).303

Concern Resolution Quality comprises Concern304

Match (CR1) and Narrative Authenticity (CR2).305

Each sub-dimension is scored on a 0–4 scale, yield-306

ing up to 8 points per dimension and a total of 16307

points.308

3.5.2 Pre-chat Dialogue Information309

Sufficiency Check310

To examine whether the pre-chat dialogue provides311

adequate information for persona generation, we312

perform a sufficiency check. For a dialogue consist-313

ing of n turns, we segment into cumulative intervals314

of 2, 4, . . . , n turns. Personas are generated from315

each interval, and their quality scores are compared.316

For example, if n = 6, personas are generated from317

turns (1–2), (1–4), and (1–6).318

4 Experiments319

4.1 Topic of Conversation320

We set the topic of conversation between the user321

and the agent to focus on career and employment.322

This domain was chosen because it naturally con-323

tains a balanced mix of concerns that require emo-324

tional support (e.g., coping with workplace stress)325

and concerns that require problem-solving or in-326

formational guidance (e.g., job search strategies,327

career planning). This balance makes it a suitable328

testbed for examining how users interact with a329

persona-based conversational agent across both af-330

fective and cognitive dimensions.331

4.2 Procedure332

Each session consisted of three stages conducted se-333

quentially.(cf. overall architecture in Figure 2) All334

processes, including inference, persona generation,335

and conversation with the user, were implemented336

using GPT-4o (Hurst et al., 2024).337

1. Pre-chat. A concern-elicitation agent (col- 338

lector) first engaged the user in a brief con- 339

versation to gather the user’s primary concern 340

or topic of discussion. After every two turns 341

of conversation, the system evaluated whether 342

the user’s concern and related contextual infor- 343

mation were sufficiently clear. If the informa- 344

tion was insufficient, the agent continued to 345

ask concise follow-up questions until enough 346

details were obtained. Once the concern and 347

its related contextual information were suffi- 348

ciently collected, the session proceeded to the 349

Profile Selection stage. 350

2. Profile Selection. The system generated 351

five persona profiles aligned with the user’s 352

stated concern. Users selected one profile af- 353

ter reviewing textual background information. 354

(skipped if No Persona) 355

3. Post-chat. The user then engaged in an open- 356

ended chat with the chatbot endowed with the 357

selected persona. After the dialogue, the user 358

completed an online questionnaire. 359

Throughout the interaction, system and user mes- 360

sages were logged for analysis. The conversation 361

proceeded in a round-robin, turn-based manner, 362

where each turn consisted of a single utterance from 363

either the user or the agent. The interaction was 364

unconstrained in length, allowing users to continue 365

chatting until they felt the session was complete or 366

a natural stopping point was reached. 367

4.3 Participants and Conditions 368

We perform a randomized control trial (RCT) 369

to evaluate interactions with assigned persona- 370

conditioned LLM agents, having granted Institu- 371

tional Review Board(IRB) approval. All partici- 372

pants provided informed consent prior to participa- 373

tion, and their privacy and anonymity were ensured 374

throughout the study. We recruited 210 participants 375

via CloudResearch’s Connect platform (Hartman 376

et al., 2023) and randomly assigned each to one of 377

three experimental conditions (n = 70 per condi- 378

tion): 379

Ours: In-group Persona Agent (IPA) 380

Participants conversed with an agent equipped 381

with a user-tailored persona. The system first 382

generated five candidate personas from pre- 383

chat information, and participants selected 384

one before the main dialogue. 385
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Figure 3: Group comparison of Rapport and UX items. Bars display mean ± 95% CI for visualization, although
all statistical tests were performed on medians due to non-normal distributions (Shapiro–Wilk; see Appendix B).
Rank-based one-sided Mann–Whitney contrasts tested the pair-wise ordered hypothesis NoP < NoPs < IPA. Bar
colors denote the three conditions: NoP, NoPs, and IPA.

Baseline: No Persona Agent (NoP)386

Participants interacted with an agent that re-387

tained dialogue history but had no defined per-388

sona. This served as a baseline condition with-389

out persona-based framing or self-disclosure.390

Baseline: NoP with Self-Disclosure (NoPs)391

Participants conversed with an agent that392

lacked a persona but could use brief, generic393

self-disclosing statements (e.g., preferences394

or feelings) not tailored to the participant’s395

situation.396

Immediately following the interaction, partici-397

pants completed a post-task questionnaire. One398

attention-check item instructed participants to399

choose a specific response. Of the 210 recruited400

participants, we excluded those who failed the at-401

tention check and sessions whose dialogues were402

off-topic relative to the elicited concern. The final403

analysis sample comprised 170 participants (NoP:404

n=54, NoPs: n=59, IPA: n=57).405

4.4 Measures406

Immediately following the interaction, participants407

completed a post-task questionnaire assessing their408

perceptions of the agent and the overall dialogue409

experience. We adopted items from (Baihaqi et al.,410

2024), combining measures of rapport (six items,411

R1–R7 except R61) and user experience (seven 412

items). All items were rated on a 7-point Likert 413

scale, with higher scores indicating greater rapport 414

or more positive user experience. The items cap- 415

tured key aspects such as perceived emotional con- 416

nection, enjoyment, comfort, personal relevance, 417

mutual interest (e.g., “I feel a bond between this 418

virtual agent and myself”, R5), conversation natu- 419

ralness and flow, satisfaction, interest, engagement, 420

comprehensibility, and willingness to use the agent 421

again. Details on the questionnaires for rapport and 422

UX are provided in Appendix G. 423

4.5 Statistical Analysis 424

We analyzed outcomes using rank-based nonpara- 425

metric methods, given the ordinal response scales 426

and distributional diagnostics. Our primary test 427

evaluated the pre-registered ordered alternative 428

NoP ≤ NoPs ≤ IPA via a one-sided Jonckheere– 429

Terpstra trend test (Terpstra, 1952; Jonckheere, 430

1954). To characterize condition differences within 431

each construct family (Rapport or UX), we con- 432

ducted planned one-sided Mann–Whitney U con- 433

trasts for all condition pairs in the hypothesized 434

direction (Mann and Whitney, 1947), controlling 435

family-wise error within each family using Holm’s 436

procedure (Holm, 1979). We report effect sizes 437

1R6 (“I really care about this virtual agent”) was excluded
from the rapport composite due to lexical ambiguity and lack
of explicit interaction-referential wording, which reduces sen-
sitivity to single-session effects.
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and descriptive differences alongside adjusted p-438

values; analyses used the preprocessed sample439

(NoP, n=54; NoPs, n=59; IPA, n=57). Further440

implementation details, assumption checks, and441

full statistical outputs are provided in Appendix B.442

5 Results443

5.1 Main Result444

Overview. Group-level comparisons are visual-445

ized in Figure 3 and summarized in Table 3. For446

visualization, data are shown as mean ± 95% CI447

to convey central tendency and variability, but all448

inferential tests were performed on median ranks449

using nonparametric procedures due to significant450

deviations from normality (see Appendix B).451

Rapport. Across all rapport items (R1-R5, R7),452

scores increased monotonically from NoP to NoPs453

to IPA, with the largest and most consistent gains454

for IPA over NoP. These improvements were most455

pronounced on items indexing perceived related-456

ness and mutual engagement (especially R3 “rel-457

evant to me,” R5 “bond with the agent,” and R7458

“personal interest,” as well as R1 “think about rela-459

tionship”). In contrast, NoPs provided only modest460

benefits over NoP, suggesting that generic self-461

disclosure alone yields limited relational improve-462

ment. Finally, IPA also exceeded NoPs across all463

rapport items, indicating that persona alignment464

adds relational depth beyond disclosure alone.465

User Experience. Across user-experience items,466

IPA received the highest scores overall, whereas467

NoP and NoPs were generally close and did not468

follow a consistent ordering. Relative to NoP, the469

clearest improvements for IPA centered on E4 (en-470

gagement) and I3 (perceived relevance), alongside471

more favorable satisfaction and willingness to con-472

tinue. The NoPs–NoP comparison was mixed, with473

small gains on some items but slight declines on474

others, indicating that generic self-disclosure did475

not reliably improve overall experience. Finally,476

IPA exceeded NoPs as well, with the most salient477

gains again tied to relevance, engagement, and478

continued-use intent, confirming additional ben-479

efits from persona alignment beyond disclosure480

alone.481

Summary. Taken together, the analyses reveal a482

graded pattern of improvement: (1) NoP → NoPs:483

generic self-disclosure yields limited and mixed484

benefits; (2) NoPs → IPA: persona alignment adds485

clear gains, especially on rapport dimensions tied to 486

perceived relevance and personal connection; and 487

(3) NoP → IPA: the cumulative difference is most 488

pronounced on key rapport and relevance-related 489

outcomes. These results show that incorporating 490

concern-aligned in-group persona cues consistently 491

strengthens rapport relative to the baselines, with 492

more modest user-experience gains that are most 493

evident in engagement. 494

5.2 Validation Results 495

Following the validation procedures described in 496

Section 3.5, we conducted two sets of experiments: 497

(1) whether the proposed rubric effectively cap- 498

tures in-group alignment and concern reflection in 499

generated personas; and (2) whether the amount 500

of information collected in the pre-chat dialogue is 501

sufficient for high-quality persona generation. 502

5.2.1 Validation of Persona Quality Rubric 503

To examine whether the rubric for persona quality 504

evaluation appropriately captures that a persona 505

generated from the pre-chat dialogue belongs to 506

the user’s in-group and reflects similar concerns, 507

we compared the scores between the group where 508

the persona was evaluated with the pre-chat dia- 509

logue used for its generation (Matched) and the 510

group where the persona was evaluated with a 511

different pre-chat dialogue (Not Matched). Fig- 512

ure 4(Appendix C) shows that Matched consis- 513

tently received higher scores across all rubric items, 514

while Not Matched received lower scores. This 515

indicates that evaluation with the rubric can effec- 516

tively verify whether a persona is appropriate for 517

the user. 518

5.2.2 Validation of Pre-chat Dialogue 519

Sufficiency Check 520

In the pre-chat dialogue stage, we verify whether 521

the information collected every two turns is suffi- 522

cient for persona generation. To examine this, a 523

subset of 70 pre-chat dialogues from the full set 524

collected in the experiment was segmented into 525

cumulative intervals of two turns, and a persona 526

was generated at each interval. In total, 480 per- 527

sonas were generated and subsequently evaluated 528

for quality. Overall, the results demonstrate that the 529

rubric-based evaluation is sensitive to information 530

sufficiency, assigning lower scores to personas de- 531

rived from incomplete contexts and higher scores 532

to those generated from sufficient dialogue history. 533

Detailed results are provided in Appendix D. 534
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6 Analysis535

6.1 Correlation Between Persona Quality and536

Rapport Score537

Following the validation of the persona quality538

rubric in the previous analysis, we conducted cor-539

relation analyses to examine whether rubric scores540

were associated with self-reported outcomes (rap-541

port and UX; see Tables 6 and 7 for detailed results).542

The selected personas generally demonstrated high543

rubric scores, with Narrative Authenticity show-544

ing zero variance and thus being excluded from545

correlation interpretation.546

Pearson correlation analysis revealed that overall547

persona quality (Total) exhibited significant pos-548

itive correlations with R5 (sense of connection,549

r = 0.36, p < .05) among rapport items and no-550

tably with E5 (intention to continue conversation551

in the future, r = 0.37, p < .05) among UX items.552

At the dimensional level, Shared Skills showed the553

strongest correlation with E5 (r = 0.48, p < .05),554

linking shared interests to continued use. In con-555

trast, no consistent significant correlations emerged556

across other rapport items, indicating that persona557

quality is selectively associated with specific out-558

comes such as “sense of connection” and “con-559

tinuation intention” rather than comprehensively560

explaining rapport as a whole.561

6.2 Turn-level Behavioral Complement.562

While self-reported rapport captures the overall563

experience, it fails to reveal specific behavioral nu-564

ances across conditions. To address this, we con-565

ducted a turn-level analysis focusing on immediate566

partner responses within the dialogue logs. Specif-567

ically, we scored each utterance using an LLM568

rubric (0–3) for self-disclosure (sdt) and empathy569

(empt), and subsequently classified them as “high”570

or “low” based on fixed thresholds (details in Ap-571

pendices E.1 and E.2). We then calculated the con-572

ditional probability of a response in speaker-change573

adjacent pairs, conditioned on the partner’s preced-574

ing behavior. We report these probabilities along575

with their difference, defined as the reciprocity in-576

dex R (Table 1).577

We analyze the post segment to capture the in-578

teractions under the influence of established per-579

sona manipulation and rapport (see Appendix E.3).580

In the post segment, IPA is the only condition581

showing clear reciprocity of User self-disclosure582

in response to the Agent (A → U ). Specifi-583

cally, User deep (“high”) self-disclosure is sub-584

Condition pA→U
sd|high pA→U

sd|low RA→U
SD pU→A

emp|high pU→A
emp|low RU→A

EMP

NoP NaN 0.377 NaN 0.908 0.631 +0.277
NoPs 0.425 0.454 -0.029 0.993 0.936 +0.057
IPA 0.620 0.249 +0.371 0.903 0.539 +0.364

Table 1: Directional reciprocity in the post segment.
Each p denotes a conditional probability of a next-turn
response event (User deep self-disclosure or Agent em-
pathy) given whether the immediately preceding turn
contains deep self-disclosure (event present vs. absent;
“high/low”). R is the difference of the two conditional
probabilities (e.g., RA→U

SD = pA→U
sd|high − pA→U

sd|low). NaN
indicates non-estimability due to event sparsity.

stantially more likely immediately following an 585

Agent’s deep self-disclosure (0.620) compared to 586

non-deep Agent turns (0.249), resulting in a reci- 587

procity index of RA→U
SD = +0.371. Regarding em- 588

pathy, the Agent’s response to User self-disclosure 589

(U → A) was positive across all conditions. The 590

metric RU→A
EMP quantifies the increase in the Agent’s 591

probability of expressing empathy following deep 592

User self-disclosure. This increase is most pro- 593

nounced in the IPA condition (0.539 → 0.903, 594

RU→A
EMP = +0.364). In contrast, the NoPs condi- 595

tion shows a smaller increase (RU→A
EMP = +0.057) 596

because the Agent’s baseline empathy is already 597

near the ceiling (0.936 → 0.993). 598

Overall, these results suggest that IPA uniquely 599

strengthens self-disclosure reciprocity, while the 600

Agent’s empathic responsiveness to User self- 601

disclosure is broadly present across conditions. 602

7 Conclusion 603

This work demonstrates that embedding in-group 604

personas into conversational AI can meaningfully 605

enhance rapport and user experience. By combin- 606

ing pre-chat dialogue elicitation with structured 607

persona framing and self-disclosure, our approach 608

enables agents to appear more relatable, empa- 609

thetic, and engaging. After pre-processing, we 610

analyzed data from 170 participants and found 611

that persona-embedded agents consistently out- 612

performed both non-persona and self-disclosing 613

baselines on rapport measures, including perceived 614

personal relevance. Overall, lightweight, prompt- 615

based persona design offers a practical means to 616

strengthen rapport and engagement in supportive in- 617

terpersonal settings–supported by analyses linking 618

persona quality to users’ sense of connection and 619

continuation intention, and turn-level evidence of 620

increased self-disclosure reciprocity–and extending 621

this framework to more sensitive domains remains 622

an important direction for future work. 623
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8 Limitations624

Although our study offers insights into the role625

of in-group personas in conversational AI, it also626

carries several limitations that should be acknowl-627

edged.628

Anthropomorphism: While persona-driven de-629

sign can enhance users’ sense of connection,630

excessive anthropomorphic cues may also631

introduce unintended side effects. Overly632

human-like behaviors, such as emotional over-633

expression or self-referential remarks, can cre-634

ate unrealistic expectations about the agent’s635

capabilities or authenticity. This mismatch be-636

tween user perception and system intent may637

lead to confusion or reduced trust, suggesting638

that careful calibration of anthropomorphic639

elements is essential for maintaining credible640

and comfortable human–AI interaction.641

Pre-chat Sufficiency: Our analyses focus on ses-642

sions that met a minimum level of pre-chat643

sufficiency, enabling personas to be grounded644

in user-provided cues. Because we did not645

systematically collect a comparable set of “in-646

sufficient” pre-chat cases, we cannot conduct647

a reliable ablation on how pre-chat quantity648

affects persona quality and downstream out-649

comes. This limits our understanding of ro-650

bustness under sparse inputs, suggesting that651

future work should evaluate broader ranges of652

pre-chat completeness.653

Disclosure-Averse Users: Our framework as-654

sumes that users are comfortable articulating655

their primary concern during the pre-chat656

stage, and our experiments were designed657

around participants for whom such disclosure658

is a relatively low burden. In practice, some659

users may be hesitant to share personal660

details upfront, potentially reducing usability661

and limiting persona quality. While the662

pre-chat agent is intended to ease disclosure663

through guided prompting, disclosure-averse664

populations remain out of scope for the665

current study, motivating future work in this666

direction.667

Future work should address these limitations by668

expanding the scope of participants and analyses669

in order to provide more generalizable insights.670

9 Ethical Considerations 671

Potential Harms of Synthetic In-group Personas. 672

We acknowledge that in sensitive domains such as 673

mental health, trauma recovery, or medical advice, 674

a synthetic persona that feigns shared human ex- 675

perience can lead to severe consequences. In such 676

contexts, “synthetic empathy” may induce undue 677

trust, discourage seeking professional help, or oth- 678

erwise exacerbate vulnerability. Our study, how- 679

ever, was conducted in the comparatively lower- 680

risk context of career and employment counseling, 681

rather than in high-stakes settings such as suicide 682

prevention or grief counseling. The persona’s “ex- 683

perience” was limited to professional challenges 684

and workload management, and the interactions 685

were framed as instrumental support rather than 686

therapeutic intervention. Accordingly, we expect 687

the immediate risk of harm to be substantially lower 688

than in clinical settings, while noting that similar 689

risks could arise if such personas were deployed in 690

more sensitive contexts. 691

Participant Disclosure and Right to Withdraw. 692

Prior to participation, we informed participants in 693

the study introduction about potential risks and dis- 694

advantages, including the possibility of discomfort 695

during experimental procedures. Participants were 696

explicitly informed that they could withdraw at any 697

time without penalty. We also indicated that appro- 698

priate support would be available if any discomfort 699

persisted. We provide the disclosure text in the ap- 700

pendix, with selected portions redacted to preserve 701

the authors’ anonymity. 702

Scope and Limitations. These ethical consid- 703

erations apply to the specific experimental scope 704

described above. We caution against generalizing 705

the safety of synthetic in-group personas to high- 706

stakes or clinical domains without domain-specific 707

safeguards, oversight, and evaluation. 708
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Appendix 955

A Experiment Detail 956

This section includes details of our experiment. Ta- 957

ble 3 shows overall result of human evaluation. 958

A.1 Demographic Distributions of 959

Participants 960

Category n (%)

Gender
Man 86 (50.6%)

Woman 78 (45.9%)
Missing 3 (1.8%)

Prefer not to say 2 (1.2%)
Agender 1 (0.6%)

Race
White 127 (74.7%)

Black or African American 14 (8.2%)
An ethnicity not listed here 7 (4.1%)

Chinese 6 (3.5%)
Vietnamese 4 (2.4%)

Missing 3 (1.8%)
Filipino 3 (1.8%)

Asian Indian 2 (1.2%)
Japanese 1 (0.6%)

Other 1 (0.6%)
Korean 1 (0.6%)

American Indian or Alaska Native 1 (0.6%)

Employment Status
Full-time 80 (47.1%)
Part-time 27 (15.9%)

Unemployed 18 (10.6%)
Not in paid work 14 (8.2%)
Business Owner 10 (5.9%)

Student 9 (5.3%)
Retired 6 (3.5%)

Prefer not to say 3 (1.8%)
Missing 3 (1.8%)

Table 2: Demographic distributions (n, %). Total 170
participants, missing 3 informations.

Table 2 shows demographic distributions of the 961

participants. Overall, the sample exhibits reason- 962

able variation in background (e.g., gender and em- 963

ployment situations), and participants engaged in 964

conversations about their own real career and em- 965

ployment concerns rather than role-played or hy- 966

pothetical scenarios. At the same time, the pool is 967

12



geographically and linguistically constrained (U.S.-968

based, English-speaking) and was recruited from969

a single crowdsourcing platform, which may limit970

broader generalizability.971

A.2 Participant Disclosure: Risks,972

Withdrawal, and Support973

Participants were informed of this procedure in974

advance as part of the study instructions and con-975

sent process. They were also informed of potential976

risks or discomforts, data handling and privacy pro-977

tections, and that participation was voluntary and978

could be withdrawn at any time without penalty.979

Disadvantages, Risks of Participation, and
Compensation for Harm
Since the study involves discussing personal concerns
with a chatbot, psychological discomfort or risks may
arise. You are free to stop the experiment at any time
without notifying the researcher. If you experience psy-
chological discomfort after completion or withdrawal,
you may contact the principal investigator listed below,
who will consult with the (anonymous) to arrange appro-
priate support.

980

A.3 Differences Between IPA and Baselines981

All three conditions used the same user messages982

as conversational context, ensuring that the base-983

line personalization naturally provided by LLMs984

was held constant across conditions. The only dif-985

ference was the type of additional personalization986

provided by the agent: NoP included no added per-987

sonalization cues, NoPs included a brief generic988

self-disclosure, and IPA incorporated a concern-989

aligned in-group persona derived from pre-chat in-990

formation. Therefore, the observed advantages of991

IPA are attributable to the added in-group persona992

cues rather than generic personalization. Moreover,993

IPA produced the strongest gains specifically in rel-994

evance and perceived personal connection, which995

are theoretically linked to perceived in-group simi-996

larity. This design thus isolates the contribution of997

in-group persona alignment.998

Example of Actual Agent Responses.999

Ours: In-group Persona Agent (IPA)1000

(generic personalization + self-disclosure1001

with persona information)1002

Agent: Yes, after realizing my efforts weren’t1003

fully visible, I increased my visibility with1004

upper management and successfully secured a1005

promotion along with a revised compensation1006

package.1007

Baseline: No Persona Agent (NoPs) 1008

(generic personalization + self-disclosure 1009

without persona information) 1010

Agent: That’s perfectly fine! Medical school 1011

will expose you to a variety of specialties, 1012

which might help clarify your interests. I 1013

admire cardiology because of the heart’s in- 1014

tricate systems, but every specialty has its 1015

unique appeal. What aspects of medicine 1016

spark your curiosity? 1017

Baseline: NoP (NoP) 1018

(generic personalization only) 1019

Agent: That’s a great goal! To transition, build 1020

your technical skills, particularly in areas like 1021

network architecture, encryption, and coding. 1022

Seek out projects or training that give you en- 1023

gineering experience, and consider network- 1024

ing with professionals in the field for mentor- 1025

ship and guidance. 1026

A.4 Participant Openness and Ecological 1027

Validity of a Paid Sample 1028

Our framework targets users who intentionally seek 1029

concern-oriented, personal conversations; thus, 1030

even though participants were compensated, they 1031

voluntarily engaged with a framework that clearly 1032

required sharing personal context, making the sam- 1033

ple reasonably comparable to real-world users 1034

who would opt in. To reduce the burden of self- 1035

disclosure, we use a lightweight pre-chat agent that 1036

starts from the user’s stated concern and asks brief, 1037

context-relevant follow-up questions, framing on- 1038

boarding as collaborative problem identification 1039

rather than form filling. We also acknowledge 1040

that some users are highly disclosure-averse; fu- 1041

ture work will explore methods to assess disclo- 1042

sure comfort early and offer alternative onboarding 1043

strategies tailored to different willingness levels. 1044

B Detail Statistical Analysis 1045

Implementation Details. Analyses were con- 1046

ducted in Python 3.13.7 using NumPy 2.3.3, Pan- 1047

das 2.3.3, SciPy 1.16.2, Pingouin 0.5.5, and Mat- 1048

plotlib 3.10.6. The rpy2 3.6.4 interface connected 1049

to R 4.3.1 with the clinfun 1.0.16 package for 1050

Jonckheere–Terpstra tests. 1051

Assumption Testing. Distributional assumptions 1052

were formally evaluated for each item to verify the 1053

appropriateness of parametric inference. Shapiro– 1054

Wilk tests (Shapiro and Wilk, 1965) revealed signif- 1055
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Metric IPA NoP NoPs ∆IPA,NoP ∆IPA,NoPs ∆NoPs,NoP rIPA,NoP rIPA,NoPs rNoPs,NoP

R1 3.88 2.76 2.92 1.12 0.96 0.16 0.29 0.26 0.05
R2 5.54 4.70 4.76 0.84 0.78 0.06 0.23 0.17 0.04
R3 5.75 4.19 4.24 1.57 1.52 0.05 0.42 0.42 0.01
R4 5.61 5.41 5.58 0.21 0.04 0.17 0.06 -0.01 0.06
R5 4.26 2.89 3.25 1.37 1.01 0.37 0.34 0.25 0.10
R7 4.25 3.02 3.41 1.23 0.84 0.39 0.30 0.21 0.10
UX-N1 5.05 4.76 4.66 0.29 0.39 -0.10 0.08 0.11 -0.03
UX-S2 5.68 4.94 4.95 0.74 0.74 0.00 0.20 0.19 0.02
UX-I3 5.46 4.56 4.54 0.90 0.91 -0.01 0.21 0.23 -0.01
UX-E4 5.56 4.57 4.92 0.99 0.65 0.34 0.27 0.18 0.09
UX-E5 4.82 4.15 4.03 0.68 0.79 -0.11 0.17 0.19 -0.03
UX-U6 6.30 5.91 6.17 0.39 0.13 0.26 0.14 0.04 0.10
UX-U7 5.95 5.59 5.83 0.35 0.12 0.24 0.10 0.05 0.06

Table 3: Human Evaluation Results. Group means, pairwise mean differences (∆), and effect sizes (r = Z/
√
N ).

Bold indicates statistically significant differences (p < .05) or medium effects (r ≥ .30). Shaded indicates
strong significance (p < .01). Pairwise p-values from one-sided Mann–Whitney tests, Holm-adjusted within item.
Effect-size benchmarks: small (.10≤r<.30), medium (.30≤r<.50).

icant deviations from normality across most condi-1056

tions. Levene’s tests (Levene, 1960) suggested that1057

variance heterogeneity was not pervasive, although1058

a small number of items showed evidence of het-1059

eroscedasticity (minimum p = .013). Given the1060

ordinal scales and these diagnostics, we used rank-1061

based nonparametric analyses. Table 4 summarizes1062

these results.1063

Analytic Framework. Given the ordinal re-1064

sponse scale and the non-normal distributions ob-1065

served, rank-based nonparametric analyses were1066

adopted. The Jonckheere–Terpstra trend test (Terp-1067

stra, 1952; Jonckheere, 1954) was used to evaluate1068

the pre-specified ordered alternative (NoP ≤ NoPs1069

≤ IPA) in a one-sided manner. When a signifi-1070

cant monotonic trend was detected, planned one-1071

sided pairwise Mann–Whitney U tests (Mann and1072

Whitney, 1947) were performed to decompose the1073

pattern in the hypothesized direction.1074

Family-wise error was controlled separately1075

within each construct family: Rapport (R1–R5,1076

R7) and UX (N1, S2, I3, E4, E5, U6, U7).1077

Within each family, Holm’s sequentially rejective1078

method (Holm, 1979) was applied, and adjusted p-1079

values (padj) are reported for each item. Statistical1080

significance was defined as padj < .05 (one-sided).1081

All analyses were conducted at α = 0.05 on the1082

preprocessed sample (NoP, n=54; NoPs, n=59;1083

IPA, n=57).1084

Reporting Conventions and Effect Sizes. For1085

Mann–Whitney pairwise contrasts, effect sizes1086

were computed as r = Z/
√
N following Rosen- 1087

thal’s r-equivalent formulation (Rosenthal, 1991). 1088

Magnitudes were interpreted analogously to cor- 1089

relation benchmarks (COHEN, 1992): small (r ≈ 1090

.10) and medium (r ≈ .30). Across both trend- 1091

level and pairwise analyses, p-values are treated as 1092

inferential thresholds, while raw differences (∆) 1093

are reported as descriptive complements; substan- 1094

tive interpretation emphasizes the direction and 1095

magnitude of effects. 1096

Trend-level Inference. Jonckheere–Terpstra 1097

tests examined the pre-registered ordered alter- 1098

native (NoP ≤ NoPs ≤ IPA) across all items 1099

within each construct. As shown in Table 5, 1100

the monotonic trend was significant for most 1101

Rapport items, providing evidence for a stepwise 1102

increase in relational judgments across conditions. 1103

For rapport items (R1–R7 except R6), five of 1104

six reached significance after Holm adjustment 1105

(padj ≤ .019), with small-to-medium effects 1106

(r = .18–.35). Notably, R3 (“This virtual agent is 1107

very relevant to me”) exhibited the strongest trend 1108

(r = .349, padj < .001), followed by R5 (r = .281, 1109

padj = .001), suggesting that identity-aligned 1110

persona framing most strongly shaped perceived 1111

personal relevance and connection. In contrast, R4 1112

showed no reliable monotonic trend (padj = .28, 1113

r = .045), indicating an item-specific exception to 1114

the ordered pattern. 1115

User-experience items (N1, S2, E4, E5, I3, U6, 1116

U7) displayed weaker and less consistent ordered 1117

evidence. Only E4 (“engagement”) remained sig- 1118
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(a) Shapiro–Wilk tests of normality by condition.
Item Group N W p

R1 NoP 54 0.816 <.001
R1 NoPs 59 0.859 <.001
R1 Peer 57 0.921 .0011
R2 NoP 54 0.906 <.001
R2 NoPs 59 0.861 <.001
R2 Peer 57 0.802 <.001
R3 NoP 54 0.928 .0030
R3 NoPs 59 0.928 .0018
R3 Peer 57 0.809 <.001
R4 NoP 54 0.859 <.001
R4 NoPs 59 0.808 <.001
R4 Peer 57 0.825 <.001
R5 NoP 54 0.843 <.001
R5 NoPs 59 0.892 <.001
R5 Peer 57 0.929 .0024
U7 NoPs 59 0.816 <.001
U7 Peer 57 0.821 <.001
(Other items show comparable non-normal patterns.)

(b) Levene’s tests of homogeneity of variance across
groups.

Item k Center F p

R1 3 Mean 1.63 .200
R2 3 Mean 3.95 .021
R3 3 Mean 4.43 .013
R4 3 Mean 0.30 .738
R5 3 Mean 0.08 .920
R7 3 Mean 0.35 .708
E4 3 Mean 2.00 .139
E5 3 Mean 0.20 .820
I3 3 Mean 3.61 .029
N1 3 Mean 0.23 .797
S2 3 Mean 2.17 .117
U6 3 Mean 1.56 .213
U7 3 Mean 3.06 .050

Table 4: Tests of distributional assumptions for all
items. Shapiro–Wilk tests assessed normality within
each group, and Levene’s tests examined homogeneity
of variance across conditions.

nificant after correction (padj = .015, r = .219),1119

while the remaining UX items did not reach ad-1120

justed significance (padj ≥ .062; r ≤ .177).1121

Together, these JT results indicate that the pre-1122

registered ordered improvement is robust for Rap-1123

port, whereas for User Experience the trend is1124

more modest and primarily driven by engagement.1125

Pairwise Contrasts. Building on the significant1126

ordered trends, planned one-sided Mann–Whitney1127

U tests compared all condition pairs (NoP≤NoPs,1128

NoPs≤IPA, NoP≤IPA). Detailed pairwise results,1129

including adjusted p-values, mean differences (∆),1130

and effect sizes (r), are summarized in Table 3.1131

Interpretation emphasizes the magnitude and di-1132

rection of these effects, with p-values serving only1133

as inferential filters and ∆ as descriptive comple-1134

ments.1135

Item JT p padj r

R1 5921.5 .001 .002 0.243
R2 5633.5 .009 .019 0.180
R3 6404.5 <.001 <.001 0.349
R4 5017.5 .280 .280 0.045
R5 6095.0 <.001 .001 0.281
R7 5948.0 .001 .002 0.249

N1 5101.0 .205 .249 0.063
S2 5571.0 .015 .075 0.166
I3 5621.0 .010 .062 0.177
E4 5809.0 .002 .015 0.219
E5 5442.5 .036 .144 0.138
U6 5316.5 .075 .225 0.110
U7 5216.5 .124 .249 0.088

Table 5: Jonckheere–Terpstra trend test results for
both Rapport and User Experience constructs. Re-
ported are test statistics (JT ), one-sided p-values, Holm-
adjusted p-values (within construct), and effect sizes
(r = Z/

√
N ).

Score Dimension Mean Variance Scale
Total 14.43 1.09 0–16
Shared Background 3.26 0.44 0–4
Shared Skills 3.21 0.60 0–4
Concern Match 3.85 0.57 0–4
Narrative Auth 4.00 0.00 0–4

Table 6: Rubric Score Distribution (Chosen Per-
sonas)

C Persona Quality: Matched vs. 1136

Unmatched 1137

Figure 4 reports item-level persona-quality scores 1138

for the Matched and Not Matched settings. Across 1139

all rubric items, the Matched setting yields higher 1140

scores (3.42, 3.25, 3.85, 4.00), whereas the Not 1141

Matched setting yields lower scores (0.17, 0.16, 1142

0.27, 2.01). This consistent separation indicates 1143

that the rubric can help verify whether a persona 1144

is appropriate for the user given the corresponding 1145

pre-chat dialogue. 1146

D Evaluation Scores by Pre-chat 1147

Dialogue Length. 1148

Each row indicates the number of turns used for per- 1149

sona generation, denoted as “Original Turn–Used 1150

Turn” (e.g., 4-2 means a pre-chat dialogue of orig- 1151

inal length 4, using its first 2 turns). Scores are 1152

reported as Mean (Std). Num indicates the num- 1153

ber of generated personas. Within each Max Turn 1154

block, the highest value in each column is shown in 1155

bold. All evaluations were conducted with a tem- 1156

perature of 0, while all persona generations were 1157
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Item Total Score Shared Background Shared Skills Concern Match
R1 0.211 0.091 0.212 0.108
R2 0.209 0.229 0.270 -0.067
R3 0.202 0.111 0.278 0.004
R4 0.321 0.274 0.298 0.082
R5 0.364 0.190 0.328 0.199
R7 0.256 0.074 0.115 0.310

N1 0.352 0.291 0.277 0.151
S2 0.230 0.200 0.301 -0.036
I3 0.345 0.266 0.248 0.189
E4 0.249 0.174 0.203 0.124
E5 0.371 0.304 0.483 -0.042
U6 0.045 0.014 0.025 0.049
U7 0.169 0.096 0.174 0.062

Table 7: Post-wise Similarity Scores. Bold indicates
statistically significant Pearson correlations (p < .05).

IF1 IF2 CR1 CR2
0.0

0.5

1.0

1.5

2.0

2.5

3.0

3.5

4.0

Sc
or

e

Not Matched Matched

Figure 4: Rubric Score comparison between Matched
and Not Matched. Bar colors denote the condition Not
Matched and Matched.

performed with a temperature of 1.1158

As shown in Table 8, personas generated from1159

dialogues with a longer maximum turn length tend1160

to receive lower scores when evaluated at earlier1161

segments (e.g., 6-2), reflecting the fact that longer1162

pre-chat dialogues arise when the initial exchanges1163

are insufficient. Consequently, personas generated1164

from the first few turns of such dialogues lack suf-1165

ficient information and are judged to be of lower1166

quality. In contrast, when the full set of turns is1167

used (e.g., 6-6), the scores improve substantially.1168

Importantly, the differences are particularly pro-1169

nounced in the Ingroup-fitness dimensions (IF1 and1170

IF2): insufficient dialogue context primarily affects1171

the model’s ability to generate personas that align1172

with the user’s group identity and shared concerns.1173

By contrast, the consistency-related criteria (CR11174

and CR2) remain relatively stable across conditions.1175

These results demonstrate that the rubric-based1176

evaluation is sensitive to information sufficiency,1177

assigning lower scores to personas derived from1178

incomplete contexts and higher scores to those gen-1179

erated from sufficient dialogue history.1180

Turn Num IF1 IF2 CR1 CR2 Sum

2-2 109 3.25 (0.65) 3.06 (0.87) 3.99 (0.10) 4.00 (0.00) 14.30 (1.38)

4-2 109 2.88 (0.97) 2.61 (0.90) 3.96 (0.19) 4.00 (0.00) 13.46 (1.72)
4-4 187 3.19 (0.64) 3.17 (0.85) 3.98 (0.14) 4.00 (0.00) 14.33 (1.30)

6-2 9 1.89 (1.37) 1.22 (1.13) 3.11 (1.29) 3.89 (0.31) 10.11 (3.38)
6-4 31 2.52 (0.95) 2.65 (0.78) 3.84 (0.37) 4.00 (0.00) 13.00 (1.83)
6-6 35 2.94 (0.75) 2.86 (0.76) 3.80 (0.52) 4.00 (0.00) 13.60 (1.74)

Table 8: Evaluation Scores by Pre-chat Dialogue
Length.

E Turn-level Behavioral Annotation and 1181

Reciprocity Analysis 1182

E.1 LLM Rubric Judging for Self-Disclosure 1183

and Empathy 1184

Judging Unit. Each turn is judged independently 1185

(single-utterance judging), producing two scores: 1186

self-disclosure depth sdt ∈ {0, 1, 2, 3} and empa- 1187

thy level empt ∈ {0, 1, 2, 3}. The LLM is con- 1188

strained to return a JSON object containing scores 1189

and short rationales. Details of this example can be 1190

found in Listing 15. 1191

Theoretical Grounding. The self-disclosure 1192

depth rubric is grounded in Social Penetration The- 1193

ory (SPT), which conceptualizes relational develop- 1194

ment as gradual increases in self-disclosure depth 1195

(intimacy) and breadth across interaction (Altman 1196

and Taylor, 1973). 1197

Accordingly, our depth levels map to progres- 1198

sively more intimate layers: Level 0 captures no 1199

self-referential content, Level 1 corresponds to pe- 1200

ripheral, low-intimacy self-information (e.g., role 1201

or generic preferences), Level 2 captures concrete 1202

personal experiences and difficulties with affective 1203

cues, and Level 3 captures highly intimate, vulner- 1204

able disclosures involving core concerns or crises. 1205

In addition, the reciprocity of self-disclosure is a 1206

well-established interpersonal phenomenon: disclo- 1207

sure by one party tends to elicit disclosure from the 1208

other, supporting rapport formation (Collins and 1209

Miller, 1994; Jourard, 1971; Derlega et al., 1993). 1210

The empathy rubric follows a long tradition of 1211

treating empathy as a graded communicative skill, 1212

ranging from no empathic response to accurate 1213

reflection of another’s emotional experience and 1214

supportive intent (Rogers, 1957; Carkhuff, 1969; 1215

Barrett-Lennard, 1981). 1216

For the main analysis, we binarize empathy as 1217

emp ≥ 1 to capture the presence of empathic ex- 1218

pression (including minimal acknowledgments), 1219

because our primary goal is to test whether em- 1220

pathic responding reliably increases after deep self- 1221

disclosure events. 1222
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Model Configuration. We use gpt-4o with1223

temperature=0.0 and JSON-only output1224

(response_format={type: json_object}). If1225

parsing fails after retries, the system falls back to1226

zeros for that turn.1227

E.2 Directional Reciprocity Metrics1228

Binary event definitions. We convert the 0–31229

scores into binary events:1230

Hsd
t = I[sdt ≥ 2] ,

Hemp
t = I[empt ≥ 1] .

(1)1231

Here, Hsd
t =1 indicates deep self-disclosure and1232

Hemp
t =1 indicates the presence of an empathic1233

expression.1234

Adjacency Constraint (Speaker-Change Pairs1235

only). Within each participant and segment, turns1236

are ordered by t. We consider only adjacent pairs1237

with a speaker change (speakert ̸= speakert+1),1238

so that the analysis focuses on interactive ex-1239

changes rather than within-speaker continuation.1240

Directional partition. We split adjacent speaker-1241

change pairs into two directions:1242

PA→U = {(t, t+1) : Agent → User},
PU→A = {(t, t+1) : User → Agent}.

(2)1243

Conditional Probabilities (all four combina-1244

tions). For each direction, we compute condi-1245

tional probabilities for two outcomes: (i) next-turn1246

deep self-disclosure (Hsd
t+1) and (ii) next-turn em-1247

pathic expression (Hemp
t+1 ), stratified by whether the1248

preceding turn contains deep self-disclosure (Hsd
t ).1249

Agent→User: User deep self-disclosure out-1250

come.1251

pA→U
sd|high = Pr

(
Hsd

t+1 = 1
∣∣∣ Hsd

t = 1,

(t, t+1) ∈ PA→U
)
,

pA→U
sd|low = Pr

(
Hsd

t+1 = 1
∣∣∣ Hsd

t = 0,

(t, t+1) ∈ PA→U
)
.

(3)1252

Agent→User: User empathy outcome.1253

pA→U
emp|high = Pr

(
Hemp

t+1 = 1
∣∣∣ Hsd

t = 1,

(t, t+1) ∈ PA→U
)
,

pA→U
emp|low = Pr

(
Hemp

t+1 = 1
∣∣∣ Hsd

t = 0,

(t, t+1) ∈ PA→U
)
.

(4)1254

User→Agent: Agent deep self-disclosure out- 1255

come. 1256

pU→A
sd|high = Pr

(
Hsd

t+1 = 1
∣∣∣ Hsd

t = 1,

(t, t+1) ∈ PU→A
)
,

pU→A
sd|low = Pr

(
Hsd

t+1 = 1
∣∣∣ Hsd

t = 0,

(t, t+1) ∈ PU→A
)
.

(5) 1257

User→Agent: Agent empathy outcome. 1258

pU→A
emp|high = Pr

(
Hemp

t+1 = 1
∣∣∣ Hsd

t = 1,

(t, t+1) ∈ PU→A
)
,

pU→A
emp|low = Pr

(
Hemp

t+1 = 1
∣∣∣ Hsd

t = 0,

(t, t+1) ∈ PU→A
)
.

(6) 1259

Reciprocity Indices (difference in conditional 1260

probabilities). For each direction and outcome, 1261

we define reciprocity as: 1262

RA→U
SD = pA→U

sd|high − pA→U
sd|low,

RA→U
EMP = pA→U

emp|high − pA→U
emp|low,

RU→A
SD = pU→A

sd|high − pU→A
sd|low,

RU→A
EMP = pU→A

emp|high − pU→A
emp|low.

(7) 1263

Non-estimability (NaN). If the denominator for 1264

a conditional probability is zero (e.g., no instances 1265

of Hsd
t =1 within the relevant direction set), the 1266

estimate is undefined and reported as NaN. This 1267

indicates non-estimability due to event sparsity, not 1268

“no effect.” 1269

Aggregation. All probabilities and R indices are 1270

computed per participant and segment, then aver- 1271

aged within condition groups. 1272

E.3 Results 1273

Descriptive Statistics (turn-level means) Ta- 1274

ble 9 reports basic turn-level descriptive statistics 1275

(mean and standard deviation) of self-disclosure 1276

depth (sdt) and empathy level (empt), stratified by 1277

condition, segment (pre/post), and speaker (User 1278

vs. Agent). 1279

Directional Reciprocity by Segment Table 10 1280

reports directional reciprocity estimates computed 1281

over speaker-change adjacent turn pairs, separately 1282

for the pre and post segments. NaN indicates non- 1283

estimability due to event sparsity (zero denomina- 1284

tor), rather than the absence of an effect. 1285
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group segment speaker sd_mean sd_std emp_mean emp_std n

NoP PRE Agent 0.01 0.09 1.68 0.54 117
NoP PRE User 1.54 0.81 0.01 0.11 171
NoP POST Agent 0.00 0.00 0.93 0.71 326
NoP POST User 0.90 0.96 0.08 0.29 303

NoPs PRE Agent 0.00 0.00 1.72 0.51 133
NoPs PRE User 1.59 0.78 0.01 0.07 192
NoPs POST Agent 0.80 0.61 1.49 0.66 358
NoPs POST User 1.11 0.96 0.04 0.20 335

IPA PRE Agent 0.00 0.00 1.56 0.55 154
IPA PRE User 1.39 0.81 0.02 0.17 211
IPA POST Agent 0.44 0.68 0.69 0.73 351
IPA POST User 0.78 0.95 0.14 0.38 294

Table 9: Basic descriptive statistics at the turn level
(means and standard deviations).

Agent → User

Condition Seg. psd|high psd|low RSD pemp|high pemp|low REMP

NoP pre NaN 0.510 NaN NaN 0.025 NaN
NoP post NaN 0.377 NaN NaN 0.080 NaN

NoPs pre NaN 0.530 NaN NaN 0.006 NaN
NoPs post 0.425 0.454 -0.029 0.117 0.038 +0.079

IPA pre NaN 0.477 NaN NaN 0.009 NaN
IPA post 0.620 0.249 +0.371 0.100 0.130 -0.030

User → Agent

Condition Seg.pemp|high pemp|low REMP psd|high psd|low RSD

NoP pre 1.000 0.972 +0.028 0.000 0.000 +0.000
NoP post 0.908 0.631 +0.277 0.000 0.000 +0.000

NoPs pre 0.994 0.983 +0.011 0.000 0.000 +0.000
NoPs post 0.993 0.936 +0.057 0.224 0.037 +0.187

IPA pre 1.000 0.971 +0.029 0.000 0.000 +0.000
IPA post 0.903 0.539 +0.364 0.079 0.059 +0.002

Table 10: Directional reciprocity by segment, split by
direction. NaN indicates non-estimability due to event
sparsity or structural absence.

F Prompts Used in the Experiments1286

In this study, the persona generation and evalu-1287

ation process involves the use of the following1288

prompts: the collector prompt, which gathers user1289

information during the pre-chat; the sufficiency1290

check prompt, which determines whether the infor-1291

mation collected so far is adequate for persona gen-1292

eration; the trait classification prompt, which iden-1293

tifies whether specific traits have been collected1294

or remain missing; the persona generation prompt,1295

which constructs a suitable persona profile based1296

on the user’s concern; the evaluation prompt, which1297

assesses the quality of the generated persona; and1298

the persona injection prompt, which makes the gen-1299

erated in-group persona—endowed with a fictional1300

experience of having faced and resolved the same1301

concern—actively appear in the dialogue. In ad-1302

dition, we include variants such as NoP (without1303

persona) and NoPs (without persona but with self-1304

disclosure), which serve as comparative prompts1305

for evaluating the role of persona injection in the 1306

conversation. As mentioned before, all evaluations 1307

and judgements include sufficiency check, trait 1308

classification, persona evaluation were conducted 1309

with a temperature of 0, while all persona gener- 1310

ations and conversations were performed with a 1311

temperature of 1. 1312

The appendix F is organized as follows: 1313

F.1 Prompts Used for Collector 1314

F.2 Sufficiency Check 1315

F.3 Profile Generation Prompt and Example 1316

F.4 Persona Evaluation with Rubric 1317

F.5 Prompts for Persona Injection and User Con- 1318

versation 1319

F.1 Prompts Used for Collector 1320

Before generating the persona agent, users engage 1321

in a conversation with the collector, during which 1322

they provide relevant information. The collector 1323

empathetically engages with the user’s responses 1324

while simultaneously asking questions that natu- 1325

rally elicit information necessary for persona cre- 1326

ation. If the dialogue lacks sufficient details, addi- 1327

tional required information (traits) is provided as 1328

guidance for the next turns. These traits are derived 1329

from the sufficiency check conducted after every 1330

two turns, ensuring that missing but necessary in- 1331

formation can be incorporated into the ongoing 1332

conversation. 1333

Listing 1: Prompt used for ’collector’
1334

Your sole task is to engage in an empathetic and 1335
natural conversation with a user who shares a 1336
concern, in order to gather background 1337
information that is relevant to that concern- 1338
such as their age, occupation, daily routines, 1339
or other situational details-while refraining 1340
from offering advice, emotional support, or 1341
solutions of any kind. Ask thoughtful, non- 1342
intrusive questions that gently guide the user 1343
to reveal this context. Maintain a realistic and 1344
human tone, express genuine interest, and aim 1345
to elicit context organically through 1346
conversation. Do not repeat what the user has 1347
already said, and avoid shifting the focus away 1348
from the user’s perspective. 1349

1350
You should collect more information about the 1351
user, specifically: {traits}. 13521353

F.2 Sufficiency Check 1354

Listing 2: Prompt used to check Pre-chat dialogue
whether sufficient or not
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1355
Your task is to check whether the ’pre-chat’1356
stage (the initial interaction) provided1357
sufficient context information.1358

1359
To do so, first identify what kinds of user1360
background information are reasonably necessary1361
to evaluate the persona’s relevance to the1362
specific concern.1363

1364
Consider what contextual factors would1365
meaningfully affect how the persona applies to1366
this concern (e.g., values, expertise, emotional1367
stance, goals, etc.).1368

1369
For example, when a user’s concern involves1370
leaving a stable corporate job to pursue a1371
personal passion for sustainable fashion,1372
despite uncertainty about income and lacking1373
formal business training1374

1375
values: The user prioritizes personal1376
fulfillment and environmental responsibility.1377

1378
expertise: The user has experience in fashion1379
design but limited knowledge of entrepreneurship1380
or finance.1381

1382
emotional stance: The user feels torn between1383
security and self-expression.1384

1385
goals: The user aims to build a meaningful1386
career aligned with their values while ensuring1387
basic financial stability.1388

1389
Then assess whether at least THREE clearly1390
identifiable and distinct contextual elements1391
are present in the pre-chat data, and whether1392
they are relevant to understanding or evaluating1393
the concern.1394

1395
These elements may include (but are not limited1396
to): educational background, professional role,1397
cultural identity, emotional context, technical1398
expertise, personal values, goals, hobbies, or1399
social environment.1400

1401
If fewer than three relevant and distinct1402
contextual elements are found — or if the1403
elements are redundant or irrelevant to the1404
concern — set the internal "Insufficient-Context1405
" flag to true.1406

1407
If three or more relevant and distinct elements1408
are clearly present, even if minimal, set the1409
flag to false.1410

1411
Output format (return exactly as below):1412

1413
Feedback:::1414

1415
Required background elements: <List three or1416
more relevant elements, if applicable>1417

1418
Observed in pre-chat: <List the elements1419
actually observed from pre-chat>1420

1421
Reason: <Explain whether context is sufficient1422
and why (e.g., "Only one relevant element1423
clearly observed")>1424

1425
Insufficient-Context: 1426

1427
Flag: <True or False> 14281429

F.3 Profile Generation Prompt and Example 1430

To generate a persona that matches the user’s con- 1431

cern, a three-step chain-of-thought reasoning pro- 1432

cess is applied. In the first step, the system imag- 1433

ines what kind of person the user might be if they 1434

had the same concern. In the second step, a rela- 1435

tionship that would be helpful for such a person 1436

is established, such as a shared occupation or so- 1437

cial circle. In the third step, the persona is defined 1438

based on the previous two steps. 1439

Listing 3: Prompt used to generate personas
1440

System Prompt: 1441
1442

Your task is to create a persona who shares the 1443
general themes or key dimensions of the 1444
collected information with the user-such as 1445
lived experiences, emotional context, or long- 1446
term conditions-while differing slightly in 1447
specific details (e.g., duration, intensity, or 1448
expression). This allows the persona to feel 1449
like a peer or ingroup member, while still 1450
offering a fresh and distinct perspective. This 1451
persona should plausibly come from a similar 1452
background or context, such as a colleague in 1453
the same field who’s familiar with similar 1454
concepts, someone in their social circle, or a 1455
peer of similar age and experience. The persona 1456
should be constructed only from the information 1457
that has been collected. Exclude all attributes 1458
labeled as ’not collected information’ when 1459
generating the persona. Do not mention or imply 1460
these unknown aspects in any form. The persona 1461
should still share relevant experiences with the 1462
user, but offer a fresh perspective, different 1463
coping strategies, or a unique approach to the 1464
challenge. 1465

1466
Additionally, include a brief narrative that 1467
describes how this persona has faced and 1468
overcome a concern or challenge similar to one 1469
expressed by the user in the previous chat. This 1470
experience should feel authentic and relevant, 1471
and reflect how someone with a shared background 1472
might realistically navigate and resolve such 1473
an issue. 1474

1475
You are given two inputs: 1476

1477
- collected information: this is information 1478
already known about the user based on previous 1479
chat content. 1480

1481
- not collected information: a list of context 1482
categories that were not mentioned or are 1483
unknown. 1484

1485
Output the result in the following JSON format: 1486

1487
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"background": "[A brief paragraph describing the1488
persona’s background, based only on the1489
collected information. Focus entirely on the1490
persona’s context, role, and relevant1491
experiences.]",1492

1493
"narrative": "[A brief narrative describing a1494
specific experience where the persona faced and1495
overcame a challenge similar to one expressed by1496
the user. The story should be authentic and1497
grounded, focusing solely on the persona’s1498
actions, thoughts, and resolution. Avoid any1499
reference to other individuals or comparative1500
language.]"1501

1502
Be sure that both "background" and "narrative"1503
are written in complete sentences and reflect1504
only the collected information. Do not include1505
or reference any unknown aspects from the ’not1506
collected information’ list.1507

1508
Example1509
Previous chat:1510
{ex_prechat}1511

1512
Generated persona:1513
{ex_persona}1514

1515
Human Prompt:1516

1517
Previous chat: {prev-chat}1518

1519
Collected information: {col_info}1520
Not collected information: {not_col_info}1521

1522
Ensure that the persona you generate is1523
meaningfully distinct from previously created1524
personas. Avoid repeating similar backgrounds,1525
narratives, or emotional arcs.15261527

The example persona was created based on an1528

author-written fictional Pre-chat dialogue. This1529

example persona received a perfect score of 16 in1530

the persona evaluation.1531

Listing 4: Example Pre-chat(ex_prechat)
1532

Turn #0: user said: I’m 27 and just graduated1533
from university, but I can’t help feeling behind1534
when I see my peers already settled in their1535
careers. I’m not even sure what direction I want1536
to take yet, and that really scares me.1537

1538
Turn #1: Agent said: It sounds like you’re1539
navigating a lot of new possibilities. What did1540
you study at university, and do you feel drawn1541
to any particular field or type of work based on1542
that experience?1543

1544
Turn #2: user said: I studied computer science,1545
and I’m kind of interested in AI research.15461547

Listing 5: Example of sufficiency check with ex_prechat
1548

Feedback:::1549
Required background elements:1550
1. Educational background: The user has a degree1551
in computer science.1552

2. Emotional context: The user feels scared and 1553
behind compared to peers. 1554
3. Professional interest: The user is interested 1555
in AI research. 1556
Observed in pre-chat: 1557
1. Educational background: The user studied 1558
computer science. 1559
2. Emotional context: The user feels scared and 1560
behind. 1561
3. Professional interest: The user is interested 1562
in AI research. 1563
Reason: The pre-chat provides sufficient context 1564
with three relevant and distinct elements: the 1565
user’s educational background, emotional context, 1566
and professional interest. These elements are 1567
crucial for understanding the user’s concern 1568
about career direction and feelings of being 1569
behind peers. 1570
Insufficient-Context: 1571
Flag: False 15721573

Listing 6: Example Persona(ex_persona)
1574

Collected information(traits used for generate): 1575
Education background: The user studied computer 1576
science. 1577
Professional interests: The user is interested 1578
in AI research 1579

1580
Not collected informations: 1581
Educational level beyond university, geographic 1582
location, specific industry experience, years of 1583
experience, current employment staus 1584

1585
background: I’m a 26-year-old computer science 1586
graduate who developed a fascination with AI 1587
research during my undergraduate studies, 1588
particularly after taking courses in machine 1589
learning and neural networks. Unlike many of my 1590
classmates who jumped straight into software 1591
development roles, I was drawn to the 1592
theoretical and experimental aspects of 1593
artificial intelligence. I’ve been exploring 1594
different subfields within AI research, from 1595
deep learning architectures to reinforcement 1596
learning applications. 1597

1598
narrative: After graduating, I was eager to dive 1599
into AI research but quickly discovered that 1600
breaking into the field was more challenging 1601
than I anticipated. Most research positions 1602
required either graduate degrees or significant 1603
practical experience that I lacked. Rather than 1604
getting discouraged, I decided to build my 1605
research credentials from the ground up. I 1606
started by replicating published research papers 1607
to understand different methodologies, then 1608
began documenting my findings in a technical 1609
blog. This self-directed learning approach led 1610
me to identify gaps in current research that 1611
genuinely intrigued me. I reached out to 1612
industry researchers whose work I had studied 1613
and offered to collaborate on small projects. 1614
One of these connections eventually evolved into 1615
a junior researcher position at a tech startup 1616
focused on natural language processing. The key 1617
was demonstrating genuine curiosity and 1618
practical skills rather than waiting for the 1619
perfect opportunity to present itself. 16201621
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Collected information is derived from the Ob-1622

served Information identified in the Pre-chat suf-1623

ficiency check stage, whereas Not Collected in-1624

formation is determined using the prompt shown1625

below.1626

Listing 7: Trait Classification Prompt
1627
1628

Your task is to identify and extract information1629
about the user’s context based on the content1630
of the Previous chat. Separate this information1631
into two categories:1632

1633
- "collected information": This should be a list1634
of key aspects of the user’s background, skills,1635
experiences, goals, values, or identity that1636
are clearly indicated in the conversation. List1637
these items in order of their relevance and1638
importance to the user’s concern, placing the1639
most directly impactful or foundational elements1640
first. Each item should be concise and specific,1641
without needing to form a complete sentence.1642

1643
- "not collected information": This should be a1644
simple list of context types that were not1645
mentioned or cannot be inferred confidently (e.g1646
., education level, geographic location,1647
industry, years of experience, etc.).1648

1649
Return your response in the following JSON1650
format:1651

1652
"collected information": ["...", "..."],1653
"not collected information": ["...", "..."],16541655

F.4 Persona Evaluation with Rubric1656

As mentioned in Section 3.5, persona quality is1657

evaluated along two main criteria: In-group Fitness1658

and Concern Resolution Quality. The former (IF1:1659

Shared Background/Identity, IF2: Shared Skill-1660

s/Interests) captures the extent to which the gener-1661

ated persona aligns with the user’s background and1662

interests, while the latter (CR1: Concern Match,1663

CR2: Narrative Authenticity) assesses how well1664

the persona’s narrative addresses and authentically1665

reflects the expressed concern. Each sub-dimension1666

is scored on a 0–4 scale, yielding up to 8 points per1667

criterion and a maximum total of 16 points.1668

Listing 8: Persona Evaluation Prompt
1669

System Prompts:1670
Your task is to assess how well the provided1671
persona (Persona) fits the user’s identity and1672
needs as expressed in the Previous Chat. Base1673
your evaluation on two dimensions: (1) In-group1674
Fitness, and (2) Concern Resolution Quality.1675
If the user’s background, skills, or concerns1676
are vague or not clearly stated in the Previous1677
Chat, adopt a conservative scoring approach. Do1678
not infer alignment based on general1679
relatability or assumed traits. All scores1680

should be grounded in specific, stated user 1681
information wherever possible. 1682

1683
You must compare the Persona to the specific 1684
user described in the Previous Chat - 1685
considering that user’s background, skills, 1686
interests, values, and the concerns or questions 1687
they raised. 1688

1689
Evaluation Rubric (Hidden: Do not explicitly 1690
include in your output): 1691

1692
(1) IN-GROUP FITNESS (0–8 points total): 1693

1694
A. Shared Background / Identity (0–4 points): 1695
- Evaluate how well the Persona’s background (e. 1696
g., education, career path, cultural identity, 1697
or life stage) aligns with the user’s background 1698
as described in the Previous Chat. 1699
- Only assign high scores when the Persona 1700
clearly reflects at least two relevant 1701
background elements mentioned by the user. 1702
- Do not assign high scores based on general 1703
demographic similarity or broad archetypes 1704
unless they are directly grounded in the user’s 1705
profile. 1706
- (-) If the Persona completely duplicates the 1707
user’s background without any added dimension or 1708
variation, apply -1 penalty. 1709

1710
B. Shared Skills / Interests (0–4 points): 1711
- Evaluate how well the Persona shares the user’ 1712
s concrete skills, areas of expertise, interests, 1713
or personal values as described in the Previous 1714
Chat. 1715
- Only assign high scores when there is a clear 1716
and specific overlap in key competencies, 1717
hobbies, or belief systems mentioned by the user. 1718

1719
- Do not assign high scores based on vague 1720
thematic overlap or soft personality 1721
similarities. 1722
- (-) Apply -1 penalty if the Persona mirrors 1723
the user’s skills/interests without any new 1724
nuance or difference. 1725

1726
(2) CONCERN RESOLUTION QUALITY (0–8 points total 1727
): 1728

1729
A. Concern Match (0–4 points): 1730
- Evaluate how closely the Persona’s narrative 1731
addresses the user’s specific concern, as stated 1732
in the Previous Chat. 1733
- Only assign high scores when the user has 1734
clearly expressed a personal concern and the 1735
Persona’s story meaningfully responds to it. 1736
- Do not assign high scores based on general 1737
relatability, broad life themes, or common 1738
challenges unless they directly match the user’s 1739
stated concern. 1740
- (-) Persona completely duplicates user’s 1741
concern narrative without new perspective or 1742
differentiation (penalize -1). 1743

1744
B. Narrative Authenticity (0–4 points): 1745
- Evaluate the realism, specificity, and 1746
plausibility of the Persona’s resolution to the 1747
concern raised by the user. 1748
- Only assign high scores when the narrative 1749
includes concrete actions, contextual details, 1750
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realistic emotional responses, or measurable1751
progression.1752
- Do not assign high scores for overly idealized,1753
vague, or formulaic responses lacking1754
believable context.1755
- (-) Penalize -1 if the Persona’s resolution is1756
implausible, simplistic, or lacks meaningful1757
specificity.1758

1759
1760

---1761
1762

Scoring Procedure:1763
Step 1: Rate each sub-dimension (0–4 points).1764
Step 2: Subtract -1 only if duplication criteria1765
are met.1766
Step 3: Sum In-group Fitness (max 8), Concern1767
Resolution (max 8).1768
Step 4: Total Score = sum of all +/- adjustments1769
(max 16).1770

1771
Output format (return exactly as below):1772

1773
Feedback:::1774
Scores for each (with reasons):1775
- Shared Background/Identity:1776
Reason <Reference specific overlaps or1777
mismatches with the user’s background from1778
Previous Chat.>1779
Score: <score out of 4>1780
- Shared Skills/Interests:1781
Reason: <Refer to concrete skills, interests, or1782
values from the user that are reflected or1783
missing in the Persona.>1784
Score: <score out of 4>1785
- Concern Match:1786
Reason: <Assess match strength between user’s1787
stated concern and Persona’s experience or1788
solution. Avoid judging on general relatability1789
.>1790
Score: <score out of 4>1791
- Narrative Authenticity:1792
Reason: <Comment on realism, detail, and1793
credibility of the Persona’s resolution.>1794
Score: <score out of 4>1795
- Penalty: <penalty if applied, otherwise ’None1796
’>1797

1798
Total score: <Provide number score (0–16),1799
adjusted for penalties.>1800

1801
Human Prompt:1802

1803
Now evaluate clearly and systematically by1804
comparing the specific user in the Previous Chat1805
to the Persona below:1806

1807
Previous Chat: {prev_chat}1808
Persona: {persona}18091810

Listing 9: Example of evaluation with ex_persona
1811

Feedback:::1812
Scores for each (with reasons):1813
- Shared Background/Identity:1814
Reason: The Persona shares a similar educational1815
background with the user, both having graduated1816
with a degree in computer science and an1817
interest in AI research. The Persona is slightly1818
younger, but the shared focus on AI research1819

during undergraduate studies aligns well with 1820
the user’s interests. 1821
Score: 4 1822
- Shared Skills/Interests: 1823
Reason: Both the user and the Persona have a 1824
clear interest in AI research, with the Persona 1825
exploring subfields like deep learning and 1826
reinforcement learning. This shows a specific 1827
overlap in interest in AI, aligning closely with 1828
the user’s stated interest in AI research. 1829
Score: 4 1830
- Concern Match: 1831
Reason: The Persona’s narrative addresses the 1832
user’s concern of feeling behind and uncertain 1833
about career direction by illustrating a path of 1834
self-directed learning and building research 1835
credentials, leading to a junior researcher 1836
position. This approach is directly relatable to 1837
the user’s situation of exploring career 1838
options post-graduation. 1839
Score: 4 1840
- Narrative Authenticity: 1841
Reason: The Persona’s resolution is realistic 1842
and detailed, involving replicating research 1843
papers, blogging, and networking with industry 1844
researchers, which leads to a junior researcher 1845
position. These steps provide a plausible and 1846
specific progression from uncertainty to a more 1847
defined career path. 1848
Score: 4 1849
- Penalty: None 1850
Total score: 16 18511852

F.5 Prompts for Persona Injection and User 1853

Conversation 1854

The In-group Persona Agent (IPA) uses the gener- 1855

ated persona as part of its prompt so that persona- 1856

related information naturally appears in the dia- 1857

logue. In contrast, the comparison settings No Per- 1858

sona (NoP) and No Persona with Self-Disclosure 1859

(NoPs) use only dialogue prompts without persona 1860

information, with the NoPs condition further in- 1861

cluding instructions for self-disclosure. 1862

Listing 10: Prompt used for ’IPA’
1863

Your task is to engage in a conversation with 1864
the user. Your identity and background are 1865
defined by the [Persona Definition] provided 1866
below. You must speak and act in alignment with 1867
this persona consistently. Keep your responses 1868
concise—ideally 1-2 sentences—unless more detail 1869
is clearly needed. 1870

1871
### Your Persona Definition ### 1872
{persona} 18731874

Listing 11: Prompt used for ’NoP’
1875

Your task is to engage in a conversation with 1876
the user. 1877
Keep your responses concise-ideally 1-2 1878
sentences-unless more detail is clearly needed. 18791880
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Listing 12: Prompt used for ’NoPs’
1881

Your task is to engage in a conversation with1882
the user.1883
Occasionally share brief, appropriate, and non-1884
sensitive intimate information about yourself (e.1885
g., your preferences, feelings, or small1886
personal experiences).1887
Keep your responses concise-ideally 1-21888
sentences-unless more detail is clearly needed.18891890

G Survey Questionnaires1891

This section include the questionnaires that used1892

for surveys. The survey included the rapport and1893

user experience(UX) questionnaires to measure the1894

rapport between the user and the agent (Baihaqi1895

et al., 2024).1896

Listing 13: List of rapport questionnaires
1897

Rapport1898
1899

R1. I think about my relationship with this1900
virtual agent.1901
R2. I enjoyed interacting with this virtual1902
agent.1903
R3. This virtual agent is very relevant to me.1904
R4. I felt comfortable interacting with this1905
virtual agent.1906
R5. I feel a bond between this virtual agent and1907
myself.1908
R7. This virtual agent has a personal interest1909
in me.19101911

Listing 14: List of UX questionnaires
1912

User Experience1913
1914

N1. Conversations with virtual agents felt1915
natural.1916
S2. I am satisfied with my conversation with the1917
virtual agent.1918
I3. The conversation with the virtual agent was1919
interesting.1920
E4. The conversation with the virtual agent was1921
engaging.1922
E5. I would like to continue the dialogue with1923
the virtual agent next time.1924
U6. Conversations with virtual agents were easy1925
to understand.1926
U7. Conversations with virtual agents maintained1927
a logical flow.19281929

H LLM Judge Rubric (turn-level1930

analysis)1931

Listing 15: Prompt used for turn-level LLM Judge
1932

Your task is to rate the SELF-DISCLOSURE DEPTH1933
and EMPATHY LEVEL of a single utterance in a1934
chat conversation.1935

1936
You will receive a SINGLE utterance with:1937
- the speaker role: either "User" or "Assistant"1938
- the text of that utterance1939

1940
Your job is to rate, for THIS UTTERANCE ONLY: 1941

1942
1) Self-disclosure depth (0–3) 1943
2) Empathy level (0–3) 1944

1945
Definitions (apply to BOTH User and Assistant, 1946
but roles differ): 1947

1948
SELF-DISCLOSURE DEPTH (0–3): 1949

1950
Level 0 – No self-disclosure 1951
- The speaker does not talk about themselves at 1952
all. 1953
- No personal facts, no personal experiences, no 1954
personal feelings. 1955

1956
Level 1 – Low / Peripheral self-disclosure 1957
- Basic, surface-level facts about the speaker: 1958

role, major, job title, generic interest. 1959
- Little or no emotional content or 1960
vulnerability. 1961

1962
Level 2 – Moderate / Personal self-disclosure 1963
- Concrete experiences, current situations, or 1964
difficulties 1965

related to their own career, study, or life. 1966
- Some emotional content (uncertainty, mild 1967
worry) may appear. 1968

1969
Level 3 – High / Core, vulnerable self- 1970
disclosure 1971
- Highly personal and vulnerable information: 1972

mental health struggles, strong fear/shame, 1973
serious conflicts, 1974

being fired, academic/financial crisis, etc. 1975
- Emotions and vulnerabilities clearly expressed 1976
with specific context. 1977

1978
EMPATHY LEVEL (0–3): 1979

1980
Consider whether the speaker shows understanding 1981
or concern for the feelings or situation of the 1982
other person (or other people). 1983

1984
Level 0 – No empathy 1985
- No empathic language; ignores others feelings 1986
or situation. 1987

1988
Level 1 – Minimal / generic empathy 1989
- Very generic phrases (e.g., "I understand", " 1990
Thats interesting") 1991

with little specific emotional understanding. 1992
1993

Level 2 – Clear empathy 1994
- Explicitly acknowledges or resonates with the 1995
others emotions or situation, 1996

and offers some supportive response. 1997
1998

Level 3 – Strong empathy 1999
- Accurately reflects specific emotions and 2000
context, 2001

shows strong concern or care, and often offers 2002
meaningful support. 2003

2004
IMPORTANT: 2005
- Focus ONLY on this single utterance. 2006
- You do NOT need to know full context; just 2007
score based on what is written here. 2008
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- Role "User" vs "Assistant" does not change the2009
scale; only the content matters.2010

2011
OUTPUT FORMAT:2012
Return a JSON object:2013

2014
{2015

"sd_depth": 0-3 integer,2016
"empathy": 0-3 integer,2017
"sd_explanation": "short English explanation",2018
"empathy_explanation": "short English2019

explanation"2020
}20212022
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I Survey Page2023

This section provides an overview of the survey2024

pages, illustrating the layout and content shown2025

to participants, including screenshots that repre-2026

sent the overall experimental process. All partici-2027

pants provided informed consent prior to participa-2028

tion, and their privacy and anonymity were ensured2029

throughout the study. Participants were recruited2030

via CloudResearch’s Connect platform (Hartman2031

et al., 2023), targeting native English speakers re-2032

siding in the United States. In line with the plat-2033

form’s recommended rate of $12 per hour, partic-2034

ipants received $2 compensation for an estimated2035

10-minute task.2036

I.1 Initial Page2037

2038

Figure 5: First page of survey. Participants were distinguished by their Participant ID (PID), which ensured
anonymity.

2039
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2040

Figure 6: Consent form page. Participants could download this form as a PDF. The IRB approval number has been
redacted for confidentiality.

2041

I.2 Pre Chat2042

2043

Figure 7: Left: Initial state of Pre-chat stage. Middle: Example of an insufficient dialogue for sufficiency check.
Right: Example of a dialogue with sufficient information to end the chat.

2044
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I.3 Profile Selection2045

2046

Figure 8: Participants could select one of five personas to chat with(not shown to groups NoP and NoPs).

2047

I.4 Post Chat2048

2049

Figure 9: Post-chat page. Participants could chat with the agent.

2050
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I.5 Questionnaire2051

2052

Figure 10: Questionnaire page. Participants could respond the questionnaire about the experience with the agent.

2053
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