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Abstract001

Understanding how discussion dynamics002
shape team creativity has been limited by003
the difficulty of measuring process at scale.004
We introduce TRACE, a corpus of 309 group005
discussions from 103 teams (460 participants)006
across six creative problem-solving tasks.007
The dataset follows an input-process-output008
framework, integrating team composition009
(demographics, personalities), full discussion010
transcripts, and creativity outcomes. Using011
sentence embeddings and factor analysis,012
we identify four interpretable discussion013
dimensions: Coherence, Exploration,014
Convergence, and Participation. Analysis015
reveals a depth-breadth trade-off: coherent016
idea development inversely relates to semantic017
exploration. Larger teams explore more018
broadly but converge less effectively while019
team diversity shapes participation patterns020
more than discussion content. Novelty021
and usefulness in the creativity outcomes022
follow distinct pathways: Exploration023
and Convergence predict novelty, whereas024
Coherence predicts usefulness. These findings025
ground our understanding of how teams talk026
their way to creative solutions and provide027
guidance for designing multiagent systems.1028

1 Introduction029

How do teams talk their way to creative solutions?030

The answer matters both for understanding human031

collaboration and for designing multiagent systems032

that generate creative outputs (Tran et al., 2025;033

Lin et al., 2025; Barbosa et al., 2024). Yet034

despite decades of research on team creativity,035

the discussion process itself remains poorly036

understood. We know that team composition037

shapes creativity outcomes (Bell et al., 2011;038

Barry and Stewart, 1997) and that divergent and039

convergent thinking play distinct roles (Guilford,040

1967; Girotra et al., 2010). What we lack is041

1Our corpus and code will be released upon acceptance.

the ability to observe these processes from the 042

perspective of natural language processing (NLP), 043

at scale, as they unfold in real conversations. 044

This gap persists because measuring discussion 045

dynamics is methodologically difficult. Standard 046

approaches such as post-hoc surveys capture 047

participants’ perceptions rather than actual 048

behavior (Hoever et al., 2012). Manual coding 049

provides rich insight but limits studies to small 050

samples—often fewer than ten groups (Harvey 051

and Kou, 2013; Stempfle and Badke-Schaub, 052

2002). Experimental designs frequently impose 053

artificial structures, separating divergent and 054

convergent phases into distinct sessions (Coursey 055

et al., 2019), rather than observing how teams 056

naturally transition between exploration and focus. 057

Recent advances in NLP offer new possibilities: 058

NLP methods can now quantify semantic diversity, 059

coherence, and temporal dynamics at scale. 060

However, existing resources lack the integration 061

needed to apply these methods to team creativity. 062

Meeting corpora such as AMI (Carletta et al., 063

2005) provide dialogues but no outcome measures 064

whereas creativity datasets include ratings but 065

rarely release raw transcripts. No existing resource 066

combines the three components required to 067

study the complete Input-Process-Output (IPO) 068

pathway computationally: individual-level team 069

composition, discussion transcripts, and creativity 070

outcomes. 071

We introduce TRACE (Team Reasoning And 072

Creativity Exploration), a corpus designed to 073

bridge the divide between natural discussion 074

dynamics and objective creativity outcomes. 075

Unlike existing resources that offer dialogues 076

without outcomes or creativity ratings without 077

transcripts, TRACE captures the complete IPO 078

pathway. It integrates high-quality transcripts 079

with detailed individual differences (personality, 080

demographics) and outcome ratings for both 081

novelty and usefulness. 082
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This design enables computational083

operationalization of discussion dynamics.084

Applying factor analysis to embedding-based085

discourse features, we demonstrate how086

NLP methods can recover theoretically087

meaningful discussion dimensions: COHERENCE,088

EXPLORATION, CONVERGENCE, and089

PARTICIPATION, and quantify how they090

interact with team composition to drive creative091

performance.092

Our contributions include:093

1. TRACE, a dataset of 309 group discussions from094

103 teams (460 participants) solving six creative095

tasks, totaling 28.6 hours of interaction with096

reliable creativity scores.097

2. A computational framework for098

operationalizing discussion process using099

NLP methods, uncovering four interpretable100

dimensions that capture theoretically101

meaningful constructs.102

3. A thorough empirical characterization of103

IPO pathways. We demonstrate that the104

discussion dynamics required for novelty (broad105

exploration) are statistically distinct from those106

required for usefulness (coherent convergence).107

Furthermore, we show how structural factors108

like team size force trade-offs between these109

processes, providing empirical grounding for110

theories of collective creativity.111

By quantitatively evaluating discussion process112

through computational linguistic analysis and113

linking it to team composition and creativity114

outcomes, TRACE provides a data-driven115

foundation for understanding how creative ideas116

emerge through collaborative interaction.117

2 Related Work118

Team Creativity Research A substantial body119

of research has examined how team composition120

relates to creativity outcomes. Meta-analytic121

evidence reveals inconsistent effects: demographic122

diversity varies by dimension and criterion (Bell123

et al., 2011), with deep-level differences more124

consistently linked to novelty than surface-level125

variation (Wang et al., 2019). Aggregate126

characteristics such as mean openness and team127

size predict outcomes with modest effect sizes128

(Barry and Stewart, 1997; Wu et al., 2019).129

Prior research has also investigated process130

mechanisms that unfold during creative131

collaboration. For example, empirical work132

has examined how teams transition between 133

phases of divergent thinking (generating multiple 134

options) and convergent thinking (selecting and 135

refining the best) (Girotra et al., 2010). Three 136

process constructs have emerged as particularly 137

important: information elaboration, the extent to 138

which teams build on each other’s contributions, 139

predicts outcomes more strongly than idea quantity 140

(Van Knippenberg et al., 2004; Coursey et al., 141

2019); evaluation during ideation determines 142

which ideas survive (Harvey and Kou, 2013); and 143

participation balance influences whether diverse 144

perspectives are actually expressed (Woolley et al., 145

2010). 146

Operationalizing these constructs has proved 147

challenging. Many studies experimentally impose 148

discussion structures rather than observing natural 149

dynamics (Coursey et al., 2019). Others rely on 150

post-hoc surveys assessing subjective perceptions 151

rather than observed behavior (Hoever et al., 2012), 152

introducing retrospective bias. Qualitative coding 153

of actual discourse provides insight but is only 154

feasible with limited sample sizes (Stempfle and 155

Badke-Schaub, 2002). These constraints have 156

restricted understanding of team creativity as a 157

temporal, interactional phenomenon. 158

Computational Approaches to Creativity 159

Computational linguistics offers tools to address 160

these limitations. Early work established that 161

features of creative products, such as lexical 162

compositions and semantic associations, could 163

be quantified using information-theoretic and 164

distributional measures (Kuznetsova et al., 2013). 165

More recent studies apply NLP methods to 166

evaluate creative outputs at scale, using semantic 167

distance to score novelty (Beaty and Johnson, 168

2021) or training models to align with human 169

ratings (Luchini et al., 2025; Li et al., 2025). 170

However, this line of research conceptualizes 171

creativity primarily as a property of final artifacts 172

rather than of the processes that generate them. 173

A related strand operationalizes 174

creativity-relevant cognitive processes in 175

controlled settings. Verbal fluency tasks, for 176

instance, model switching and clustering dynamics 177

using language models (Zarrieß et al., 2025). 178

While such predefined features capture aspects of 179

individual ideation, they do not encompass the 180

open-ended dynamics of real team discussions, nor 181

connect these to collaborative outcomes. 182

Fewer studies apply computational methods 183
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Figure 1: Overview of the TRACE corpus and analysis framework. Team composition variables (inputs) are linked
to discussion transcripts analyzed through computational linguistics methods, revealing four latent discussion
dimensions. These process patterns predict creativity outcomes (outputs) rated separately on novelty and usefulness.

directly to creative discourse. Work on group184

communication analysis identifies dimensions185

including participation balance and semantic186

novelty (Dowell et al., 2019; Huber et al.,187

2019), suggesting that computational approaches188

can recover meaningful constructs. However,189

they often lack integration with creativity190

outcome measures, failing to test process–outcome191

relationships within a complete IPO framework.192

Existing Corpora and the Gap There is a193

resource gap among the widely used meeting194

corpora. For example, AMI (Carletta et al., 2005)195

and ICSI (Janin et al., 2003) provide rich dialogue196

annotations but omit creativity outcomes and197

individual participant characteristics. More recent198

corpora (Hu et al., 2023; Schroeder et al., 2024; Cai199

et al., 2025) similarly focus on transcripts without200

any link to task performance. Creativity-focused201

datasets typically include outcome ratings but202

rarely release full transcripts. No existing203

resource integrates the three components needed to204

study IPO computationally: individual-level team205

composition, complete discourse transcriptions,206

and creativity outcomes with separate novelty207

and usefulness ratings. TRACE addresses this208

gap by providing an integrated corpus designed209

specifically to enable computational analysis210

of how team characteristics shape discussion 211

dynamics, and how those dynamics predict creative 212

performance. 213

3 Corpus 214

This section describes the data collection procedure, 215

transcription pipeline, and creativity outcome 216

evaluation. 217

3.1 Data Collection 218

Participants were recruited through email 219

invitations and an online research participant 220

management system. Eligibility criteria required 221

participants to be at least 18 years old and 222

fluent in English. Participants received £15 for 223

approximately one hour of participation, which 224

included survey completion and three group 225

discussion tasks. 226

We recruited 342 groups, each composed of 227

three or six participants, to engage in collaborative 228

creative problem-solving tasks. After excluding 229

sessions with incomplete survey responses or 230

recording failures, 309 group discussions (103 231

unique groups, 460 participants) were retained for 232

analysis. 233

Each group completed one of two task sets 234

comprising three problems, spanning general social 235

challenges (e.g., strategies to reduce plastic waste), 236
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specialized organizational issues (e.g., supply chain237

optimization), and hypothetical scenarios (e.g., a238

pandemic transmitted by saying “sorry”). Groups239

were allotted up to 12 minutes per task and required240

to submit a single solution.241

Following each session, participants completed242

a survey capturing demographic variables (e.g.,243

age, gender, ethnicity, education, employment,244

work experience, professional area, and discipline),245

Big Five personality profiles, and additional246

information about perceived creativity, time and247

size adequacy, effort, self-identified roles, and prior248

familiarity with teammates.249

3.2 Transcription Pipeline250

Discussions were transcribed using Microsoft251

Azure’s speech-to-text service with speaker252

diarization. Speaker count was specified based253

on the known group size. The resulting254

transcripts provide utterance-level segmentation255

with timestamps, speaker attribution, and turn256

duration.257

To validate transcription quality, we sampled258

12 discussions (1,501 utterances) stratified by259

group size for manual verification by two research260

assistants. Each utterance was annotated for261

semantic accuracy (whether the transcribed content262

correctly captured the spoken words) and speaker263

diarization accuracy (whether the utterance was264

assigned to the correct speaker). Semantic accuracy265

reached 93.34%, and speaker diarization accuracy266

reached 89.74%. These accuracy levels are267

sufficient for computational feature extraction,268

as aggregate discourse patterns are robust to269

individual transcription errors.270

3.3 Creativity Outcomes271

All solutions submitted by the groups were272

independently evaluated by five trained human273

judges on novelty (originality relative to other274

solutions) and usefulness (practicality and275

feasibility) using a 10-point scale, following the276

Consensual Assessment Technique (Amabile,277

1982). To provide a broader reference distribution,278

judges rated both human-generated solutions from279

the current dataset and LLM-generated solutions280

from a separate study (a total of approximately 850281

solutions for each task).282

Before full annotation, judges first rated a283

pilot set of 80 solutions for each task and then284

participated in a calibration session to establish285

shared anchors for each scale point before rating286

the whole set of solutions. Inter-rater reliability 287

among the human judges was assessed using the 288

intraclass correlation coefficient (ICC), yielding 289

satisfactory agreement for both novelty and 290

usefulness (Novelty: Mean ICC = 0.83, minimum 291

0.73; Usefulness: Mean ICC = 0.75, minimum 292

0.70). 293

To account for task-specific difficulty, novelty 294

and usefulness scores were min–max normalized 295

within each task. A composite creativity score was 296

computed as the product of normalized novelty 297

and usefulness, consistent with theoretical accounts 298

treating creativity as jointly constituted by these 299

two dimensions (Cropley, 2025; Runco and Jaeger, 300

2012; Simonton, 2012). 301

3.4 Descriptive Statistics 302

TRACE contains 309 discussions contributed by 303

103 teams, comprising 36,223 utterances and 304

covering 28.6 hours of recorded interaction. Each 305

team completed three tasks drawn from one of 306

two task sets. Task Set 1 (Plastic Waste, Supply 307

Chain, Pandemic) contains 45 discussions per 308

task (135 total), while Task Set 2 (Education 309

Inequality, Employee Attrition, Singing) contains 310

58 discussions per task (174 total). Discussion 311

lengths averaged 5.5 minutes (SD = 2.4), ranging 312

from 0.5 to 10.7 minutes. 313

The dataset comprises a heterogeneous 314

participant pool spanning diverse demographic, 315

educational, and professional backgrounds. 316

Team composition varies widely across 317

groups, encompassing various combinations 318

of demographic and background attributes, 319

including both homogeneous and heterogeneous 320

configurations (see Appendix A.2). This diversity 321

of team composition enables systematic analysis 322

of how different compositional patterns relate to 323

interaction processes and creativity outcomes. 324

4 Analysis 325

We address three research questions within 326

the Input-Process-Output framework: (1) What 327

patterns characterize creativity outcomes, and what 328

do they suggest about process? (2) How can 329

computational methods operationalize discussion 330

dynamics? (3) How do team composition and 331

discussion process relate to creativity outcomes? 332

4.1 Creativity Outcomes 333

Submitted solutions were rated on novelty (M = 334

0.41, SD = 0.20) and usefulness (M = 0.64, 335
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SD = 0.19), with composite creativity computed336

as their product after min-max normalization.337

Novelty-Usefulness Trade-off. Figure 2a reveals338

a significant negative correlation between novelty339

and usefulness (r = −0.42, p < .001). This340

trade-off suggests that achieving high novelty341

often comes at the cost of practical feasibility,342

reflecting an inherent tension between divergent343

and convergent aspects of creativity.344

Group Size Effect. As shown in Figure 2b,345

smaller teams tended to produce more novel ideas,346

with 3-person teams outperforming 6-person teams347

in novelty. In contrast, usefulness ratings showed a348

modest advantage for larger teams.349

Task Variation. Creativity outcomes varied350

substantially across task types (Figure 2c).351

Open-ended and expressive tasks (e.g., Singing,352

Pandemic) yielded higher overall creativity, driven353

primarily by elevated novelty, whereas more354

constrained problem-solving tasks (e.g., Plastic355

Waste, Supply Chain) exhibited lower creativity356

scores.357

4.2 Computational Operationalization of358

Discussion Process359

A critical methodological challenge in team360

creativity research is measuring what happens361

during discussions. Prior work has relied362

on post-hoc surveys (Hoever et al., 2012)363

or labor-intensive manual coding, treating the364

discussion process as a “black box” (Kurtzberg and365

Amabile, 2001). Here we develop a computational366

framework using NLP techniques to quantitatively367

extract interpretable discourse features.368

4.2.1 Preprocessing369

Raw transcripts contain brief utterances (e.g., Yeah,370

OK) carrying minimal semantic content. We371

merged consecutive same-speaker utterances into372

speaker segments, reducing the corpus from 36,220373

utterances to 22,220 segments. After filtering374

segments with duration <2 seconds or fewer than375

5 words, 10,534 substantive segments remained for376

analysis.377

4.2.2 Feature Extraction378

We extracted 18 discourse features operationalizing379

four theoretically-motivated dimensions from380

creativity and team research: Exploration381

(semantic breadth and diversity), Convergence382

(focusing toward solutions over time),383

Development (elaborative building on ideas), 384

and Participation (distribution of speaking 385

time). Features were computed using sentence 386

embeddings (all-MiniLM-L6-v2) and established 387

metrics from creativity research (Beaty and 388

Johnson, 2021; Guilford, 1967) and team dynamics 389

literature (Woolley et al., 2010; Van Knippenberg 390

et al., 2004). Full feature definitions are provided 391

in Appendix A.3. 392

4.2.3 Pattern Discovery via Factor Analysis 393

To identify latent discussion patterns, we conducted 394

exploratory factor analysis (EFA). Bartlett’s test 395

(χ2 = 2993.5, p < .001) and KMO (0.70) 396

confirmed factorability. Parallel analysis indicated 397

four factors explaining 53.1% of variance. We 398

retained 12 features with absolute loadings greater 399

than 0.5 for subsequent modeling (see Appendix 400

Table 5). 401

Table 1 summarizes the identified patterns. We 402

interpreted these factors by examining the features 403

loading onto each of these constructs: 404

Coherence (originally Development). In 405

addition to elaboration features that loaded 406

positively, semantic diversity showed a strong 407

negative loading (−.88). This reveals a 408

depth-breadth trade-off: maintaining thematic 409

focus (coherence) empirically comes at the cost 410

of broad exploration. We labeled this factor 411

COHERENCE to reflect this extension. 412

Exploration. This factor combined semantic 413

breadth indicators with response latency (negative 414

loading). This integration suggests that active pace 415

facilitates exploration, where conceptually diverse 416

phases are empirically linked to faster-paced 417

interactions. 418

Convergence and Participation. These factors 419

emerged as distinct constructs consistent with our 420

initial operationalization, dominated by diversity 421

trends and speaker entropy measures, respectively. 422

4.3 Team Composition and Discussion 423

Dynamics 424

We adopted a two-stage analytical strategy to 425

examine how team composition shapes discussion 426

process. First, we performed ordinary least 427

squares (OLS) regression with task-fixed effects 428

to identify how structural features (team size, 429

aggregate diversity) predict discussion patterns 430

across different problem domains. Second, 431
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(a) Novelty vs. Usefulness (b) Scores by team size (c) Scores by task type

Figure 2: Creativity outcomes across the TRACE dataset.

Table 1: Latent discussion patterns identified through
exploratory factor analysis (EFA).

Pattern Var. Key features

COHERENCE 18.3 revisit score (.69); local
coherence (.69); final idea
alignment (.51); semantic div
(−.88)

EXPLORATION 15.4 effective dim (.80); semantic
divmax (.64); response latency
(−.67); cluster dispersion
(−.55)

CONVERGENCE 9.8 convergence ratio (.85);
diversity trend (−.82)

PARTICIPATION 9.5 speaker entropy (.75);
dominance ratio (−.98)

Note. Values in parentheses indicate standardized factor
loadings. Negative signs indicate inverse relationships with
the latent factors.

we used correlation analysis to unpack the432

specific attribute-level mechanisms (e.g., specific433

personality traits or background attributes) driving434

these relationships.435

4.3.1 Structural Predictors436

Table 2 presents the regression results controlling437

for task effects. We observed two core structural438

relationships:439

The Breadth-Focus Trade-off of Team Size.440

Team size proved to be a double-edged sword.441

Larger teams exhibited significantly higher442

EXPLORATION (β = .11) and PARTICIPATION443

(β = .11), but lower COHERENCE (β = −.10) and444

CONVERGENCE (β = −.05). This indicates that445

while adding members expands semantic territory446

and promotes egalitarian interaction, it imposes447

coordination costs that hinder thematic focus.448

Diversity Drives Participation. The most449

robust effect of diversity was on interaction450

dynamics rather than semantic content. Both451

background diversity (β = 8.36) and personality452

Table 2: OLS regression results: Team composition
predicting discussion patterns.

Predictor C E V P

Team size −.10∗∗∗ +.11∗∗∗ −.05∗ +.11∗∗∗

Background div. −.14 −6.88∗∗∗−1.40 +8.36∗∗∗

Personality div. +.15 −3.94∗∗∗−0.67 +3.15∗∗∗

Overall div. +.16 +10.72∗∗∗+1.99 −11.62∗∗∗

Note. Columns correspond to discussion patterns: C =
Coherence, E = Exploration, V = Convergence, P =

Participation. Standardized coefficients reported. Task-fixed
effects included in all models. ***p < .001, *p < .05.

diversity (β = 3.15) strongly predicted higher 453

PARTICIPATION (entropy). This suggests that 454

heterogeneous teams are structurally less prone 455

to dominance by a single speaker, fostering more 456

balanced turn-taking dynamics. 457

Correlation analysis revealed attribute-level 458

mechanisms underlying these structural effects. 459

For example, work experience and age are linked 460

to EXPLORATION, while Agreeableness is related 461

to COHERENCE (see Appendix Table 9). 462

4.4 Process Patterns and Creativity Outcomes 463

To evaluate how discussion dynamics impact 464

team performance, we conducted a series of OLS 465

regressions to model three distinct dependent 466

variables: overall Creativity and its constituent 467

dimensions, Novelty and Usefulness. The 468

independent variables were the four factor scores 469

derived from the EFA model. To ensure robustness, 470

we controlled for task-fixed effects in the analysis 471

to rule out problem-specific variation. 472

Table 3 summarizes the regression results. 473

4.4.1 Predictors of Overall Creativity 474

Two process patterns emerged as significant 475

drivers of overall creativity. EXPLORATION 476

was a positive predictor (β = .016, p < 477
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Table 3: OLS regression results: Discussion patterns
predicting creativity outcomes.

Pattern Creativity Novelty Usefulness

COHERENCE +.004 −.009 +.027†

EXPLORATION +.016∗ +.033∗ −.001
CONVERGENCE +.014∗∗ +.033∗ +.006
PARTICIPATION −.004 −.008 +.015
∗∗p < .01, ∗p < .05, †p < .10. Task-fixed effects included.

.05), supporting divergent thinking theory where478

broader semantic associations yield more creative479

outcomes. Similarly, CONVERGENCE showed480

a significant positive effect (β = .014, p <481

.01). This dual significance finding suggests that482

high-performing teams successfully manage the483

tension between expanding the problem space484

(exploration) and focusing attention on solutions485

(convergence).486

4.4.2 Differential Effects on Novelty and487

Usefulness488

Decomposing creativity into sub-dimensions489

revealed a functional specialization of these490

discussion patterns.491

NOVELTY was exclusively driven by the492

semantic breadth and focus dynamics. Both493

EXPLORATION and CONVERGENCE significantly494

predicted novelty ratings (β = .033, p < .01 ).495

USEFULNESS, in contrast, showed a distinct496

profile. It was unrelated to EXPLORATION but497

exhibited a marginal positive association with498

COHERENCE (β = .027, p < .10). This499

reflects the depth-breadth trade-off identified500

in our structural analysis: the sustained, focused501

elaboration (Coherence) required to ensure a502

practical and useful solution appears to compete503

with the attempts to associate remote concepts504

required for novelty.505

5 Discussion506

5.1 Computational Measurement of507

Discussion Process508

A persistent challenge in team creativity research509

is operationalizing what happens during team510

discussions. Prior work has either relied511

on experimentally imposed phase structures,512

post-hoc self-reports of discussion process, or513

labor-intensive manual coding schemes that limit514

scalability. Our work demonstrates that NLP515

methods can provide scalable, reproducible, and516

theoretically interpretable measures of discussion 517

process. 518

Factor analysis reveals underlying patterns. 519

COHERENCE exhibits inverse loadings for 520

idea development and semantic exploration—a 521

depth-breadth trade-off consistent with Lu 522

et al. (2025)’s fNIRS evidence for neurally 523

distinct ideation pathways (flexibility, persistence, 524

convergence). Response latency loads onto 525

EXPLORATION, linking semantically diverse 526

discussions to faster-paced interaction; this 527

parallels Harada (2020)’s reinforcement learning 528

framework where exploration behaviors predicted 529

divergent thinking. Rapid turn-taking may function 530

as behavioral exploration, preventing premature 531

convergence. These emergent patterns demonstrate 532

the value of combining theory-driven features 533

with data-driven discovery. Prior work has shown 534

computational approaches can recover meaningful 535

discussion constructs (Dowell et al., 2019); 536

our contribution extends this by linking such 537

dimensions to creativity outcomes within an IPO 538

framework. 539

5.2 Theoretical Implications for Team 540

Creativity 541

Our findings offer empirical grounding for 542

understanding how team characteristics shape 543

creativity outcomes through observable discussion 544

dynamics. 545

Team size and diversity shape discussion 546

through distinct mechanisms. Team size 547

proved double-edged: larger teams exhibited 548

higher EXPLORATION and PARTICIPATION 549

but lower COHERENCE and CONVERGENCE. 550

This aligns with meta-analytic evidence that 551

larger teams benefit from greater human capital 552

but suffer coordination losses (Bernerth et al., 553

2023); Osorio and Bornmann (2021) offer a 554

complementary explanation via credit-sharing 555

incentives. Our finding that smaller teams showed 556

higher CONVERGENCE suggests they may be 557

better positioned to develop breakthrough ideas to 558

completion. 559

Diversity, in contrast, shaped participation 560

dynamics more than semantic content, consistent 561

with the meta-analysis showing no significant 562

relationship between demographic diversity and 563

information elaboration (Traylor et al., 2024). 564

Vedres and Vásárhelyi (2023) similarly found that 565

diversity without inclusion does not contribute to 566
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creativity. Correlation analysis revealed that certain567

attributes drive specific patterns: work experience568

and age were associated with EXPLORATION,569

while Agreeableness with COHERENCE, consistent570

with evidence that personality composition affects571

participation patterns (Hundschell et al., 2022; Bai572

et al., 2024).573

Novelty and usefulness in the creativity574

outcomes follow distinct process pathways.575

Discussion patterns predict novelty and576

usefulness through different, sometimes opposing,577

mechanisms. EXPLORATION and CONVERGENCE578

predicted novelty, while COHERENCE marginally579

predicted usefulness. This differential pattern580

aligns with neuroscientific evidence that the581

Default Mode Network encodes originality while582

the Executive Control Network encodes adequacy583

(Moreno-Rodriguez et al., 2025; Yeo et al., 2024).584

At the team level, Sun et al. (2016) found that585

constructive controversy mediates effects on586

novelty but not usefulness. Orwig et al. (2025) also587

showed that future-oriented language characterized588

novelty evaluation and past-oriented language589

characterized usefulness evaluation.590

The depth-breadth trade-off. The inverse591

relationship between COHERENCE and semantic592

diversity suggests teams face a fundamental593

strategic choice: exploring broadly sacrifices594

coherence development, while developing deeply595

sacrifices exploratory breadth. Baruah et al.596

(2021)’s experiment demonstrated this trade-off597

is process-dependent, with an entrainment effect598

where initial focus sets the trajectory for599

subsequent development. Malaie et al. (2024)600

provided a cognitive explanation by linking601

creativity to evolutionarily ancient foraging602

mechanisms. This trade-off has methodological603

implications: as Lloyd-Cox et al. (2022) found,604

novelty contributes more to creativity evaluation605

for divergent tasks while usefulness contributes606

more for implementation contexts. Studies607

operationalizing creativity as a unitary construct608

may obscure process effects that operate in609

opposite directions for its constituent dimensions.610

5.3 Implications for Future Research611

Beyond organizational behavior and creativity612

research, TRACE supports important NLP research613

directions. For discourse coherence modeling, the614

inverse relationship between local coherence and615

semantic diversity suggests that high coherence616

is not universally desirable; systems optimizing 617

for creative or exploratory dialogues may benefit 618

from reduced coherence constraints. For semantic 619

similarity evaluation, our findings demonstrate 620

that embedding-based diversity metrics predict 621

meaningful task outcomes, extending these 622

methods from product assessment to process 623

analysis. For multi-agent LLM systems, the 624

depth-breadth trade-off implies an architectural 625

choice: agents optimized for coherent elaboration 626

may produce more useful but less novel outputs 627

than agents optimized for semantic exploration. 628

TRACE provides empirical grounding for these 629

design decisions. The accompanying feature 630

extraction pipeline offers a validated framework 631

for operationalizing discussion dynamics in 632

collaborative AI research. 633

6 Conclusion 634

This work demonstrates that discussion dynamics, 635

long treated as a methodological black box in 636

team creativity research, can be computationally 637

operationalized. The four dimensions we identified 638

through factor analysis uncover constructs 639

that prior work could only measure through 640

labor-intensive coding or post-hoc surveys, and 641

they do so at scale. 642

Our findings carry practical implications. The 643

depth-breadth trade-off suggests that teams face 644

a genuine strategic choice: exploring broadly or 645

developing coherently. The distinct predictors of 646

novelty and usefulness imply that interventions 647

targeting one may not benefit the other. For 648

multiagent system design, these results suggest 649

that agents optimized for coherent elaboration will 650

produce different outputs than agents optimized for 651

semantic exploration. 652

By demonstrating that computational discourse 653

features can operationalize discussion process 654

underlying team creativity, this work provides 655

methodological grounding for both organizational 656

research and the design of multiagent creative 657

systems. 658

Limitations 659

While TRACE provides a rich resource for 660

process-level analysis of team creativity, 661

several opportunities remain for further data 662

enrichment. First, our computational approach 663

focuses on semantic properties of discussion 664

transcripts, such as embedding-based diversity, 665
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coherence, and convergence measures. However,666

the same semantic content, depending on667

conversational context, may serve different668

functions. Team creativity theories often669

emphasize the functional roles of utterances,670

for instance, whether contributions propose671

new ideas, elaborate on previous suggestions,672

evaluate feasibility, or coordinate group process673

(Huber et al., 2019; Bales, 1950). Future work674

could expand TRACE by incorporating dialogue675

act or discourse function annotations, enabling676

more direct operationalization of constructs677

such as idea generation, idea evaluation, and678

idea elaboration. Such annotations would also679

support investigation of sequential patterns, for680

instance, whether proposal-elaboration-evaluation681

sequences predict different outcomes than682

proposal-evaluation-elaboration sequences.683

Second, our analyses rely exclusively on684

transcribed speech. Nonverbal signals, including685

prosodic cues (pitch, intensity, speech rate),686

temporal dynamics (pauses, overlaps, response687

latency at finer granularity), and visual signals688

(gaze, gesture, posture) contain important689

information related to the coordination,690

engagement, and influence in creative teams691

(Tsai et al., 2012). The original audio recordings692

(provided that proper anonymization and693

participant consent are in place) could support the694

extraction of paralinguistic features in future work.695

Ethical Considerations696

This study was reviewed and approved by the697

authors’ institutional review board.698

All participants provided informed consent prior699

to participation. The consent procedure explicitly700

described: (1) the purpose of the research (studying701

creative problem-solving in teams), (2) that audio702

recordings would be captured and transcribed,703

(3) how the data would be used and shared704

(for academic research, with anonymized data705

potentially released publicly), (4) that participation706

was voluntary and could be withdrawn at any707

time without penalty, and (5) data protection and708

anonymization procedures.709

To protect participant privacy, all discussion710

transcripts and survey data were anonymized prior711

to analysis. Personally identifiable information712

was removed, and analyses were conducted at713

the individual or team level without attempting to714

infer or disclose participant identities. Any shared715

resources derived from this work contain only 716

de-identified data or aggregated representations and 717

do not include raw identifiable transcripts. 718

The study includes self-reported demographic 719

attributes, personality traits, and creativity-related 720

assessments. These measures are used solely for 721

research purposes and should not be interpreted as 722

diagnostic, evaluative, or predictive of individual 723

ability, performance, or suitability in real-world 724

settings. 725

Finally, while computational analysis of 726

team discussions can advance the scientific 727

understanding of collective creativity, we caution 728

against the use of the proposed methods for 729

surveillance, automated evaluation, or high-stakes 730

decision-making about individuals or teams 731

without appropriate safeguards, transparency, and 732

human oversight. 733

Generative AI tools were used for language 734

rephrasing and visualization assistance. 735
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A Appendix989

A.1 Participant Instructions990

The following instructions were displayed to991

participants at the beginning of the study:992

Thank you for joining the study. In this study993

you will first work as a team to come up with ideas994

to solve certain problems. Then you will be asked995

to complete a short survey individually.996

As a team you will be working on four tasks. In997

the first three tasks, you will be asked to come998

up one creative idea for a certain problem. In999

the last task, you will be asked to come up with1000

unusual uses of a couple common objects. Your1001

answers will be evaluated on their creativity, i.e.,1002

they should be both novel and useful.1003

You can discuss among yourselves and one1004

person from your team needs to submit the most1005

creative answer on behalf of the team within the1006

time limit. You have 12 minutes to complete each1007

task, including discussing among yourselves and1008

submitting the answer. Please be mindful with the1009

time as you will proceed to the next task when the1010

time is up.1011

Please note that you should NOT use any1012

additional resources (i.e., internet, AI tools, etc.) If1013

you are ready, please click the button below to start1014

your first task.1015

A.2 Participant and Team Composition1016

To quantify team composition, we computed1017

team-level diversity indices by aggregating1018

individual attributes within each group. For1019

categorical attributes (e.g., gender, ethnicity,1020

discipline, and employment status), diversity was1021

operationalized using Blau’s index, which captures1022

the degree of categorical heterogeneity within a1023

team. For continuous attributes (e.g., age and1024

work experience), diversity was measured as the1025

within-team standard deviation. In all cases, higher1026

diversity values indicate greater heterogeneity1027

among team members, whereas values close to zero1028

indicate more homogeneous team composition.1029

Table 4 summarizes participant characteristics and1030

team-level diversity indices. Figure 3 visualizes1031

the distribution of team compositions across key1032

attributes.1033

Figure 3: Distribution of team composition across
demographic and background attributes.

A.3 Feature Extraction Details 1034

We extracted 18 discourse features operationalizing 1035

four theoretically-motivated dimensions from 1036

creativity and team research. As described above, 1037

consecutive same-speaker utterances were merged 1038

into speaker segments—units of continuous speech 1039

by a single participant—and filtered to retain 1040

substantive contributions. Each retained segment 1041

was represented using sentence embeddings 1042

(all-MiniLM-L6-v2), enabling semantic similarity 1043

computation via cosine distance. Table 5 provides 1044

a complete list of all features with their factor 1045

loadings from subsequent analysis. 1046

Exploration. This dimension captures the 1047

breadth and diversity of ideas introduced 1048

during discussion. Semantic distance metrics 1049

represent one of the most validated computational 1050

approaches to creativity measurement, with 1051

correlations up to r = .73 with human ratings 1052

(Beaty and Johnson, 2021). The Divergent 1053

Semantic Integration framework (Johnson 1054

et al., 2023) demonstrates that average pairwise 1055

embedding distance explains substantial variance 1056

in creativity judgments. We operationalized 1057

exploration through five indicators. Semantic 1058

diversity was computed as both mean and 1059

maximum pairwise cosine distance across 1060

segments, capturing the average conceptual 1061

spread and the range between the most distant 1062

ideas, respectively. To emphasize substantively 1063

developed contributions over brief interjections, we 1064

also computed duration-weighted diversity, where 1065

pairwise distances were weighted by segment 1066
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Table 4: Overview of participant characteristics and team-level diversity indices with observed ranges.

Category Key Statistics Diversity Mean Diversity Range

Gender 59% Female, 41% Male, <1% Other 0.316 0.00–0.61
Ethnicity Chinese (27%), South Asian (26%), White (20%) 0.466 0.00–0.78
Employment 54% students; 17% unemployed; 11% full-time 0.401 0.00–0.78
Work exp. M=4.3 yrs (SD=5.3), 0–40 0.558 0.00–3.05
Disciplines 30 disciplines (top: Business 29%) 0.534 0.00–0.83
Education 55% Masters, 37% Undergraduate 0.339 0.00–0.67
Age M=27.9 (SD=6.1), 18–60 0.615 0.00–0.72

durations (wij ∝ τiτj). Effective dimensions1067

captures the dimensionality of the team’s semantic1068

space, operationalized as the number of principal1069

components required to explain 90% of embedding1070

variance. Finally, cluster dispersion measures1071

whether ideas form distinct thematic clusters1072

versus diffuse spread, computed as the ratio of1073

inter-cluster to intra-cluster distance using k-means1074

clustering.1075

Convergence. This dimension measures1076

the degree to which teams focus attention1077

toward a shared solution over time. The1078

divergent-convergent model (Guilford, 1967)1079

posits that effective creative processes involve1080

initial exploration followed by narrowing1081

toward selected solutions. Girotra et al. (2010)1082

demonstrated that hybrid processes combining1083

individual ideation with group selection outperform1084

purely interactive brainstorming, highlighting the1085

importance of convergent transitions. We captured1086

convergence through four indicators. Convergence1087

ratio measures the relative reduction in semantic1088

diversity from the first to second half of discussion,1089

computed as (d̄early − d̄late)/d̄early, where positive1090

values indicate progressive focusing. Diversity1091

trend captures the temporal trajectory of semantic1092

diversity through linear regression on diversity1093

values computed across sliding windows, where1094

negative slopes indicate convergence. Final1095

coherence measures semantic coherence among1096

the final 20% of segments, reflecting solution1097

consolidation. Final idea alignment computes1098

the cosine similarity between late-stage segment1099

embeddings and the embedding of the team’s1100

submitted solution, measuring whether discussion1101

content converged toward the chosen idea.1102

Development. This dimension captures1103

elaborative interaction patterns—whether1104

teams build on and extend ideas rather than1105

simply generating disconnected contributions.1106

Information elaboration theory (Van Knippenberg1107

et al., 2004) emphasizes that creativity outcomes 1108

depend not merely on idea quantity but on the 1109

exchange and integration of information among 1110

team members. Coursey et al. (2019) found that 1111

elaboration (replies per idea) predicted creativity 1112

outcomes more strongly than idea count alone. 1113

The SIAM model (Nijstad and Stroebe, 2006) 1114

distinguishes flexibility (category transitions) 1115

from persistence (within-category exploration), 1116

suggesting that both breadth and depth matter 1117

for creativity. We operationalized development 1118

through four indicators. Local coherence 1119

measures thematic continuity in idea development 1120

through duration-weighted cosine similarity 1121

between consecutive segments. Revisit score 1122

captures whether teams return to and elaborate 1123

on initial ideas, computed as the maximum 1124

similarity between late-discussion segments and 1125

early-discussion content. Idea deepening ratio 1126

indicates sustained elaboration, operationalized 1127

as the proportion of consecutive segment pairs 1128

with similarity exceeding a dynamic threshold 1129

(θ = c̄ + 0.5σc, where c̄ and σc are the mean and 1130

standard deviation of consecutive similarities). 1131

Semantic momentum captures consistency in the 1132

direction of idea development through cosine 1133

similarity between successive direction vectors 1134

(δi = vi − vi−1). 1135

Participation. This dimension measures how 1136

speaking time is distributed across team members. 1137

Research on collective intelligence demonstrates 1138

that equal distribution of conversational turns 1139

is among the strongest predictors of group 1140

performance, outperforming individual member 1141

ability (Woolley et al., 2010). Nikoleizig et al. 1142

(2021) found that speaking time predicted 1143

performance evaluations more strongly than actual 1144

task competence. We computed participation 1145

features on unfiltered segments to preserve 1146

temporal structure, yielding five indicators. 1147

Speaker entropy measures equality of speaking 1148
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time distribution through Shannon entropy1149

normalized by log2K (where K is the number1150

of speakers), with values near 1 indicating equal1151

participation. Dominant speaker ratio captures the1152

proportion of total speaking time by the most active1153

speaker. Segment change rate reflects interaction1154

pace through the number of speaker alternations1155

per minute. Response latency measures discussion1156

fluidity as the mean temporal gap between1157

consecutive segments. Speaking density captures1158

the proportion of total discussion time with active1159

speech, distinguishing dense discussions from1160

those with extended silences or pauses.1161

A.4 Exploratory Factor Analysis Details1162

Table 5 reports the full factor loading matrix from1163

the exploratory factor analysis (EFA), along with1164

feature retention decisions. Features with primary1165

loadings greater than |0.50| were retained for1166

subsequent analyses. Negative items were reversed1167

to ensure consistent directionality of factor scores.1168

A.5 Illustrative Discussion Excerpts1169

This appendix presents excerpts from two1170

discussions on the same task (Voluntary Employee1171

Attrition) that exemplify different process patterns1172

identified through factor analysis.1173

A.5.1 Example A: High Coherence1174

Profile: COHERENCE = 2.24 (99th percentile)1175

High COHERENCE is characterized by sustained1176

elaboration on a single idea thread. In this excerpt,1177

the team identifies employee dissatisfaction as1178

the core problem, then progressively develops a1179

solution (an anonymous feedback platform). Note1180

how speakers reference and synthesize earlier1181

points rather than introducing unrelated ideas.1182

Example transcript excerpts are presented in1183

Table 6.1184

A.5.2 Example B: High Exploration1185

Profile: EXPLORATION = 1.65 (100th percentile)1186

High EXPLORATION is characterized by rapid1187

transitions across semantically diverse topics. In1188

this excerpt, the team generates a wide range of1189

distinct ideas in quick succession: health benefits,1190

salary, career prospects, management, work-life1191

balance, company culture, sabbaticals, and rotation1192

programs. Ideas are introduced but not deeply1193

developed before the next topic emerges. Example1194

transcript excerpts are presented in Table 7.1195

A.6 Additional Regression Results 1196

Table 8 reports regression results predicting 1197

creativity outcomes from discussion process 1198

patterns while controlling for task-fixed effects. 1199

Table 8: Process patterns predicting outcomes with task
controls.

Pattern Creativity Novelty Usefulness

COHERENCE +.007 −.008 +.028
EXPLORATION +.016∗ +.032∗ +.000
CONVERGENCE +.010† +.032∗ +.004
PARTICIPATION −.003 −.011 +.013
∗p < .05, †p < .10. Task fixed effects included.

A.7 Correlation Analyses and Attribute-Level 1200

Mechanisms 1201

Table 9 reports pairwise correlations between 1202

team composition variables and discussion process 1203

patterns. These granular analyses shed light 1204

on the mechanisms behind COHERENCE and 1205

EXPLORATION. 1206

Social Harmony Facilitates Coherence. While 1207

aggregate diversity showed no significant 1208

effect on COHERENCE in the regression, mean 1209

Agreeableness exhibited a strong, positive 1210

correlation (r = .21, p < .001). This implies that 1211

maintaining a coherent, elaborated discussion 1212

thread depends more on the interpersonal 1213

cooperative tendencies of members than on 1214

demographic composition. 1215

Experience Fuels Exploration. Although broad 1216

diversity categories showed mixed effects in 1217

regression, Work Experience Mean (r = .25, p < 1218

.001) and Age Mean (r = .19, p < .001) revealed 1219

the strongest link with EXPLORATION. This 1220

suggests that semantic breadth is primarily fueled 1221

by the team’s accumulated intellectual capital and 1222

life experience rather than simple demographic 1223

variety. 1224
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Table 5: Exploratory factor analysis: Factor loadings and feature retention decisions.

COHER. EXPLOR. CONVERG. PARTIC.
Dimension Feature (F1) (F2) (F3) (F4) Decision

COHERENCE revisit_score .69 .20 .24 .09 Retain
local_coherence .69 .05 .02 -.11 Retain
final_idea_alignment .51 -.25 .18 -.03 Retain
semantic_diversity_mean -.88 .36 .11 .05 Retain (rev.)

EXPLORATION effective_dimensions -.15 .80 .20 .21 Retain
semantic_diversity_max -.28 .64 .11 .09 Retain
cluster_dispersion .15 -.55 -.26 -.16 Retain (rev.)
avg_response_latency .01 -.67 .05 .02 Retain (rev.)

CONVERGENCE convergence_ratio .09 -.01 .85 .04 Retain
diversity_trend .01 -.10 -.82 -.07 Retain (rev.)

PARTICIPATION speaker_duration_entropy -.05 .11 .09 .75 Retain
dominant_speaker_ratio .14 -.18 -.03 -.98 Retain (rev.)

Dropped semantic_diversity_weighted -.87 .24 .12 .17 Redundant
final_coherence .46 -.35 .28 -.02 Cross-loading
speaking_density .30 .53 -.08 -.11 Cross-loading
segment_change_rate -.09 .45 -.15 .22 Loading <.50
idea_deepening_ratio .26 -.10 -.08 .03 Loading <.50
semantic_momentum .18 .05 .02 -.07 Loading <.50

Primary loadings (| >.50) are shown in bold. (rev.) indicates reversed direction for interpretability.
Variance explained: F1=18.3%, F2=15.4%, F3=9.8%, F4=9.5%. Total=53.1%.
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Table 6: Example Transcripts for High Coherence

Time S1 S2 S3

0:34 I mean, I guess the the key thing to maybe
try to figure out is why do people generally
resign?

0:41 Yeah, maybe they’re not satisfied.
0:44 So if there was like some sort of program

that does like routine.
0:49 They’re not getting rewarded for effort,

people.
0:52 To see how like employee employees are

finding like how how they see how they are
the company like something routinely done
say every like 3 months or so, I don’t know.

1:04 So that way you kind of get an idea of where
the employee stands on.

1:09 So they didn’t just wake up 1 morning and
just decide to quit because they could be
like unsatisfied, but like no one knows.

1:18 Oh, because no one is like bothered to find
out how to do not coping with like workload
and that kind of thing.

1:28 So I guess what you’re trying to say is
there needs to be better monitoring of like
employees, sort of.

1:38 I guess the question for me is like, what
prevents people from being able to do that?

1:46 From just waking up all morning and silent
to quit.

1:49 Yeah, just just feeling unsatisfied and
not feeling like you have the ability to
communicate to your management that
you’re unhappy at what?

2:00 Maybe they are afraid of like possible
replications after that.

2:06 Or creative idea to stop voluntary and
proliferation?

2:28 So there can be an anonymous channel
where employees are asked to showcase
their concerns about the job and the
management could try to kind of
accommodate their requirements.

2:54 Otherwise, write somebody by choice.
3:04 So anonymous platform that allows

employees to communicate the grievances
or constructive feedback and then having a
management system that is very responsive.

3:20 So it’s you said lack, lack of satisfaction,
inability for people to communicate it.

3:25 You were talking about like feeling like
you’re like undervalued in your role.

3:29 I think you said that like if it’s
unappreciated, I guess like salary
reimbursement’s another key thing like you
become unhappy.

3:38 Upper competitive like salaries.
3:42 Maybe they seem like company pays like

much better than that type of thing.
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Table 7: Example Transcripts for High Exploration

Time S1 S2 S3

0:30 So health benefits is one that I’ve been
reading about.

0:36 And in the US, some people are paying
more than 10% of their income.

0:42 Yeah, and I guess like annually, like holiday
benefits.

0:45 And also they some insurance, this is crazy.
0:48 They don’t even have access to abortion

through the insurance providers that their
employers are contracted with.

0:54 This is like a huge population of people,
you know, they’re under health insurance
that’s in place.

1:00 So that’s yeah, health benefits, but then also
paternal benefits.

1:04 Takes like salary or yeah, career prospects
or growth or development prospects.

1:10 Yeah, Management as in lack of belief in
management, Yeah.

1:22 Word life balance, Company culture.
1:41 It’s coming way too easy for us right now.
1:44 Can you tell I’m trying to leave my

company as soon as possible.
1:46 But yeah, it’s literally my life.
1:51 I think these also like company prospects

are like Yep, is it going anywhere?
1:57 Yeah, Yeah, exactly.
2:04 Also, I think that you just want to gain

diverse experiences as well because then
you see, I don’t know how do I call that
one, but you know, you see other people
coming in that are new to your company
and there was bring some new ideas and
you want some of that by gaining those
other experiences.

2:20 You could talk about is it rewarding, is it
fulfilling?

2:25 Oh my God that’s literally my 3 criteria for
a job.

2:31 Have out of three of those, you know, I’m I
can stay, but I should really go.

2:35 But if it’s just one out of three, then I will
go.

2:38 Rewarding, fulfilling, and and what?
2:41 It open more doors is the way I have raised

in.

Table 9: Correlations between team composition and discussion process patterns.

Variable COHERENCE EXPLORATION CONVERGENCE PARTICIPATION

Team characteristics
Team size −.18*** +.15*** −.11** +.21***
Mean age – +.19*** – +.19***
Mean work experience −.09** +.25*** – +.23***

Background diversity
Gender diversity −.06† – – +.28***
Ethnicity diversity – +.14*** – –
Location diversity – +.18*** – –
Education level diversity – – −.19*** –
Area of work diversity −.12*** +.07* – +.20***

Personality
Agreeableness mean +.21*** – – −.09**
Openness mean +.09** +.12*** – +.09**
Openness diversity −.09** −.13*** – −.15***
***p < .001, **p < .01, *p < .05, †p < .10. – indicates |r| < .05.
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