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Abstract001

The growing adoption of synthetic data in002
healthcare is driven by privacy concerns, lim-003
ited access to real-world data, and high annota-004
tion costs. This work explores the use of syn-005
thetic Prolonged Exposure (PE) therapy con-006
versations for Post-Traumatic Stress Disorder007
(PTSD) as a scalable alternative for training and008
evaluating clinical models. We systematically009
compare real and synthetic dialogues using lin-010
guistic, structural, and protocol-specific met-011
rics, including turn-taking patterns and treat-012
ment fidelity. We introduce and evaluate PE-013
specific metrics derived from linguistic analysis014
and semantic modeling, offering a novel frame-015
work for assessing clinical fidelity beyond sur-016
face fluency. Our findings show that while syn-017
thetic data holds promise for mitigating data018
scarcity and protecting patient privacy, it of-019
ten struggles to capture the subtle dynamics020
of therapeutic interactions. Synthetic therapy021
dialogues closely match the structural features022
of real conversations (e.g., speaker switch ratio:023
0.98 vs. 0.99), but often fails to adequately024
reflect key fidelity markers such as distress025
monitoring. This work highlights gaps in cur-026
rent evaluation frameworks and advocate for027
fidelity-aware metrics that go beyond surface028
fluency to uncover clinically significant failures.029
Our findings clarify where synthetic data can ef-030
fectively complement real-world datasets—and031
where critical limitations remain.032

1 Introduction033

Training machine learning models in sensitive do-034

mains like healthcare remains a challenge (Giuf-035

frè and Shung, 2023; Kokosi and Harron, 2022).036

Access to real clinical conversations—crucial for037

modeling tasks like mental health diagnostics and038

therapeutic dialogue understanding—is severely039

limited by high annotation costs, patient privacy040

concerns (Kokosi and Harron, 2022; BN and Abdul-041

lah, 2022; BN et al., 2023), and ethical constraints042

on data sharing. Synthetic data has emerged as a043

promising alternative, offering scalability and pri- 044

vacy preservation while reducing dependence on 045

real-world annotations (Aher et al., 2023). 046

In trauma-focused mental health care, particu- 047

larly Prolonged Exposure (PE) therapy for PTSD, 048

large language models (LLMs) can generate syn- 049

thetic therapy dialogues at scale. However, ques- 050

tions remain about whether these dialogues capture 051

more than surface-level fluency—specifically, the 052

subtle dynamics of therapeutic fidelity such as emo- 053

tional pacing, avoidance management, and protocol 054

adherence (Shen et al., 2024). To address this, we 055

develop and validate methods to measure clinically- 056

relevant fidelity in generated dialogues—moving 057

beyond standard metrics like coherence or perplex- 058

ity. Prior work shows that while synthetic PE ses- 059

sions can convincingly mimic real sessions in tone 060

and structure (BN et al., 2025), they may still com- 061

mit fidelity lapses, such as premature reflection or 062

reinforcement of avoidance, which often go unno- 063

ticed by both automatic metrics and non-clinical 064

annotators (Chiu et al., 2024; Zhang et al., 2024; 065

Lee et al., 2024b). 066

For instance, a therapist saying “That’s a re- 067

ally powerful insight” mid-exposure may appear 068

empathic but violates PE protocol by derailing 069

trauma processing (see Fig. 1). Without clini- 070

cal expertise, both humans and automated met- 071

rics tend to overestimate fidelity. We introduce 072

a fidelity-focused lens that evaluates dialogues on 073

multiple dimensions: linguistic coherence, adher- 074

ence to PE protocols, and the therapist’s naviga- 075

tion of key clinical interactions (e.g., managing 076

avoidance, SUDS monitoring). This framework 077

integrates automated scoring and expert clinical 078

assessment for a more rigorous evaluation of syn- 079

thetic dialogue quality. We present the first large- 080

scale, multi-dimensional comparison of real and 081

synthetic PE therapy sessions—analyzing their lin- 082

guistic, structural, and clinical fidelity characteris- 083

tics. Our findings demonstrate the current strengths 084
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and limitations of synthetic dialogues and inform085

future improvements in generation and evaluation086

methods. Our study contributes to bridging the087

real–synthetic data gap and provides a roadmap for088

advancing synthetic dialogue in sensitive health-089

care domains.090

2 Motivation091

Developing synthetic clinical dialogues is essential092

to overcome persistent barriers in mental health AI.093

In the context of Prolonged Exposure (PE) therapy,094

four challenges stand out: (1) data scarcity, due to095

the high cost and effort of annotation; (2) privacy096

constraints, which limit access to sensitive patient097

narratives; (3) lack of diversity, with datasets of-098

ten failing to capture varied trauma types and de-099

mographics; and (4) evaluation inconsistency, as100

fidelity assessment lacks standardized benchmarks.101

This work directly addresses these issues by gen-102

erating and evaluating synthetic PE dialogues that103

preserve protocol fidelity, enable scalable annota-104

tion, and support more equitable and robust training105

data for mental health applications.106

3 Related Work107

While synthetic clinical conversation datasets have108

advanced evaluations for general counseling and109

CBT, work specific to Prolonged Exposure (PE)110

and structured trauma-focused therapy is limited.111

Most studies focus on (1) synthetic dataset gener-112

ation, (2) evaluation metrics beyond lexical sim-113

ilarity, and (3) human-in-the-loop validation, but114

generally lack PE-specific considerations.115

3.1 Synthetic Dataset Generation and116

Evaluation117

Recent work has explored synthetic clinical dia-118

logue generation and assessment. BOLT evalu-119

ates LLM-generated therapist behaviors in gen-120

eral counseling (Chiu et al., 2024), while SimPsy-121

Dial benchmarks synthetic data using the Working122

Alliance Inventory (Qiu and Lan, 2024). CPsy-123

Coun reconstructs dialogues for evaluation with124

BERTScore, GPTScore, and qualitative review125

(Zhang et al., 2024, 2019). Other studies focus on126

counselor style (Xie et al., 2024) and data augmen-127

tation (Kim et al., 2024). While Thousand Voices128

of Trauma introduces structural variation (BN et al.,129

2025), most evaluations compare to general coun-130

seling or CBT (Lee et al., 2024a; Shen et al., 2024)131

and rarely assess trauma-specific markers or PE’s132

structural fidelity, such as avoidance handling and133

imaginal exposure sequences. Our work directly 134

addresses this by evaluating whether synthetic PE 135

sessions capture clinical realism per PE protocols 136

(e.g., SUDS, avoidance redirection), highlighting 137

procedural errors missed by standard metrics. 138

3.2 Beyond Lexical Metrics 139

Evaluation is shifting from lexical metrics like 140

BLEU (Papineni et al., 2002) to semantic ones such 141

as BERTScore and GPTScore (Zhang et al., 2024; 142

Xie et al., 2024). Psychological measures (CTRS, 143

PANAS) in COUNSELINGEVAL assess empathy 144

and coherence (Lee et al., 2024a), and interac- 145

tional features like PQA are explored (Shen et al., 146

2024). However, most metrics are not adapted for 147

trauma therapy, and methods like Dynamic Time 148

Warping (DTW)—potentially useful for structured 149

PE flows—remain underused. While some qual- 150

itative reviews consider emotional tone and goal 151

alignment (Zhang et al., 2024; Xie et al., 2024), 152

and structured questioning is explored (Ren et al., 153

2024), robust frameworks for quantitative evalua- 154

tion of PE-specific structure are lacking. 155

3.3 Human-in-the-Loop Validation and 156

Engagement Metrics 157

Clinician validation is now common, as in COUN- 158

SELINGEVAL (Lee et al., 2024a), PsyDT (Xie 159

et al., 2024), and CPsyCoun (Zhang et al., 2024), 160

which assess quality, empathy, and safety. Metrics 161

for engagement and personalization are also used 162

(Lee et al., 2024a; Zhang et al., 2024; Xie et al., 163

2024). Prior work covers empathy (Morris et al., 164

2018) and structured workflows (Ren et al., 2024). 165

However, human evaluation remains focused on 166

general counseling or CBT, rarely addressing PE- 167

specific components like trauma cue processing or 168

protocol adherence compared to real PE data. 169

3.4 Bridging the Gap in PE Therapy 170

Evaluation 171

PE is a first-line treatment for PTSD (Sherrill and 172

Rauch, 2019; Varkovitzky et al., 2018; Rauch et al., 173

2021; Ragsdale et al., 2020; Evans et al., 2020; 174

Yasinski et al., 2017). Despite progress in synthetic 175

dialogue generation (Qiu and Lan, 2024; Zhang 176

et al., 2024; Xie et al., 2024), evaluation metrics 177

(Lee et al., 2024a; Zhang et al., 2024; Xie et al., 178

2024), and human validation, a gap remains in 179

fidelity assessment for trauma-focused therapies 180

like PE (Chiu et al., 2024; Qiu and Lan, 2024; 181

Lee et al., 2024a; Shen et al., 2024; Zhang et al., 182
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2024; Xie et al., 2024; Hu et al., 2024). Current183

approaches lack metrics and focus tailored to PE’s184

unique conversational structure—including avoid-185

ance handling, trauma cue processing, and imaginal186

exposure flow—and do not address challenges such187

as patient emotional dysregulation (Qiu and Lan,188

2024; Lee et al., 2024a; Shen et al., 2024; Zhang189

et al., 2024; Xie et al., 2024; Kim et al., 2024).190

Our work systematically evaluates synthetic data191

for alignment with PE structure and clinical valid-192

ity, identifying areas for improving synthetic PE193

dialogue quality (see Table 1, Appendix A).194

4 Methodology195

We analyzed 400 prolonged exposure therapy con-196

versations—200 real-world and 200 synthetic. The197

synthetic data comes from the publicly available198

Thousand Voices of Trauma dataset (BN et al.,199

2025), generated using Claude Sonnet 3.5 (An-200

thropic, 2024) with PE-specific prompting frame-201

works adapted from clinical guidelines. This data202

includes diverse therapist-client interactions across203

trauma types, therapy phases, and demographics.204

The real-world PE sessions were collected under205

IRB-approved protocols, with participant consent,206

and cannot be released due to privacy constraints.207

Each session (1–1.5 hours) was transcribed using208

Amazon HealthScribe (Services, 2023), manually209

verified, and reformatted by merging consecutive210

speaker turns for readability. Each conversation211

followed a validated therapy fidelity checklist (See212

Table 1) to align with real-world standards. Both213

datasets underwent the same preprocessing:214

1. Standardized formatting for consistency.215

2. Processing through ModernBERT (Warner216

et al., 2024) for analysis.217

3. Removal of non-verbal cues (e.g., pauses,218

laughter) to focus on dialogue, with plans to219

incorporate these in future work on emotional220

speech.221

All evaluation code, pre-processing pipelines,222

and metric definitions will be released to support223

reproducibility and external validation.224

4.1 Metrics and Analysis225

To systematically compare real and synthetic thera-226

peutic conversations, we selected a diverse set of227

linguistic, structural, and statistical metrics. These228

metrics provide insights into conversational dynam-229

ics, protocol adherence, and overall fidelity, en-230

suring a holistic evaluation of synthetic dialogue231

generation. To reduce subjectivity, we adopt a fi- 232

delity checklist (Table 1) and PE-specific metrics 233

(Sec. 5) grounded in existing clinical guidelines 234

for evaluating therapeutic adherence. Our method- 235

ology consists of four key analyses: system-level 236

metrics comparison, correlation analysis, statistical 237

significance testing, and PE-specific metrics. 238

4.1.1 System-Level Metrics Comparison 239

We begin by measuring fundamental characteristics 240

of the conversations, including turn-taking patterns, 241

verbosity, lexical diversity, and readability (see Ta- 242

ble 2). Key metrics include: 243

1. Turn-taking dynamics: Metrics such as Nor- 244

malized Speaker Switches, Therapist-Client 245

Turn Ratio, and Normalized Turn Duration 246

capture the natural flow of conversation. 247

These are essential for evaluating whether 248

synthetic dialogues mimic real-world engage- 249

ment. 250

2. Linguistic complexity and coherence: Aver- 251

age Utterance Length, Utterance Length Std 252

Dev, and Readability Score assess how natural 253

and readable the synthetic text is. Significant 254

deviations indicate poor coherence. 255

3. Lexical richness: Vocabulary Richness would 256

help quantify lexical variety, providing insight 257

into whether synthetic dialogues are overly 258

repetitive. 259

4. Predictability of text: Flow Entropy and Per- 260

plexity can help measure randomness and flu- 261

ency, determining whether the synthetic text 262

is overly structured or unnatural. 263

By comparing means and standard deviations, 264

we evaluate whether synthetic conversations 265

approximate real dialogue structures. Signif- 266

icant deviations signal potential areas where 267

synthetic data falls short. 268

4.1.2 Correlation Analysis 269

While mean comparisons provide a general 270

overview, correlation analysis (see Table 3) quanti- 271

fies the consistency of relationships across metrics 272

between real and synthetic data. This determines 273

if real-data patterns persist in synthetic dialogues. 274

For instance: 275

1. Turn-taking consistency: Strong correlations 276

in Normalized Therapist/Client Turns and 277

Turn Ratios indicate that synthetic dialogues 278

replicate real-world conversational structures. 279
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Metric Yes No N/A

Therapist explained rationale for imaginal? □ □ □
Therapist gave client instructions to carry out imaginal? □ □ □
Hotspots procedure and rationale introduced? □ □ □
Therapist helped patient to identify hotspots? □ □ □
Therapist oriented the client to imaginal planned for that session? □ □ □
Therapist monitored SUDS ratings about every 5 minutes? □ □ □
Therapist used appropriate reinforcing comments during imaginal? □ □ □
Therapist elicited thoughts and feelings as appropriate? □ □ □
Therapist prompted for present tense, closed eyes? □ □ □
Imaginal lasted about 30-45 minutes (or about 15 for final imaginal)? □ □ □
Therapist processed the imaginal with client? □ □ □

Table 1: Clinically validated fidelity metrics for therapist adherence to essential elements of imaginal exposure
therapy (Foa et al., 2007; Powers et al., 2010; Rauch et al., 2009; Hembree et al., 2003). This checklist evaluates
whether therapists consistently implement key procedural components, including providing rationale, guiding the
client through the exposure process, monitoring distress levels, and reinforcing engagement. Each element is
rated as ‘Yes,’ ‘No,’ or ‘N/A’ to ensure treatment fidelity, maintain therapeutic consistency, and identify areas for
improvement in clinical practice.

2. Linguistic coherence: A high correlation280

in Utterance Length and Flow Entropy sug-281

gests that synthetic responses maintain natu-282

ral variation in sentence length and random-283

ness. Lower correlation values suggest that284

synthetic data may lack fidelity in preserving285

conversational nuances, particularly in aspects286

such as vocabulary richness and readability.287

4.1.3 Statistical Significance Testing288

To confirm whether differences between real and289

synthetic data are statistically meaningful, we con-290

duct Mann-Whitney U tests (Table 4). This as-291

sesses if variations are random or due to inherent292

inconsistencies. Key takeaways include:293

1. Significant differences in linguistic complex-294

ity: Metrics such as Utterance Length, Turn295

Duration, and Vocabulary Richness show sta-296

tistically significant differences, indicating297

that synthetic dialogues do not yet fully cap-298

ture the expressive range of real conversations.299

2. Minimal differences in turn-taking ratios:300

Therapist-Client Turn Ratio and Speaker301

Switches show weaker statistical significance,302

suggesting that structural patterns are rela-303

tively well-preserved.304

3. Higher variability in generated text: The305

difference in Perplexity and Flow Entropy306

highlights challenges in maintaining linguis-307

tic variability without excessive repetition or308

over-simplification.309

4.1.4 PE-Specific Metrics 310

PE therapy reduces pathological fear through re- 311

peated trauma exposure. To assess the fidelity of 312

synthetic PE sessions, we evaluate key therapeutic 313

constructs (See Appendix A for definitions and Ta- 314

ble 5): Trauma Narrative Coherence measures how 315

structured and detailed a client’s trauma account 316

is, reflecting cognitive integration. Emotional En- 317

gagement captures the level of emotional expres- 318

sion, linked to better outcomes. Avoidance Han- 319

dling evaluates how well avoidance behaviors are 320

addressed. Exposure Guidance assesses the ther- 321

apist’s role in structuring effective exposure exer- 322

cises. Cognitive Restructuring tracks how clients 323

challenge maladaptive beliefs. Emotional Habitua- 324

tion and SUDS Progression measure distress reduc- 325

tion over repeated exposures. Avoidance Reduction 326

quantifies improvements in engaging with trauma- 327

related content. Emotion Intensity assesses the 328

variability and magnitude of emotional responses. 329

These metrics are derived using linguistic analysis, 330

semantic modeling, and interaction patterns. 331

4.1.5 Qualitative Fidelity Assessment 332

To supplement automated evaluation metrics, we 333

conducted a manual review of synthetic dialogues, 334

annotating exchanges for fidelity adherence or vi- 335

olations using established PE clinical guidelines. 336

Manual fidelity annotations were then reviewed by 337

a licensed clinical psychotherapist for adherence 338

to PE protocol. While inter-rater agreement was 339

not computed in this exploratory phase, these anno- 340

tations served as a qualitative tool to identify and 341

illustrate typical fidelity lapses—especially those 342
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Figure 1: Selected annotated examples from synthetic PE therapy sessions. Each dialogue segment is evaluated for
fidelity adherence based on PE protocol guidelines. Despite structural fluency, subtle violations like role drift (Ex.
1) and premature reflection (Ex. 4) highlight limitations in fidelity that escape automated scoring.

potentially overlooked by automated metrics, rather343

than as quantitative ground truth. Representative344

examples of such lapses identified through this pro-345

cess are illustrated in Figure 1 and discussed in346

Section 6.2.347

5 Findings348

5.1 System-Level Metrics & Correlation349

The system-level metrics comparison highlights350

alignment between real and synthetic dialogues, re-351

vealing both structural matches and model-driven352

differences. While turn-taking patterns (e.g., Nor-353

malized Speaker Switches, Therapist-Client Turn354

Ratio, and Normalized Therapist/Client Turns) re-355

main similar, variations in utterance length, lexical356

diversity, and entropy-based measures arise due to357

PE therapy and model constraints.358

1. Turn-taking fidelity: Synthetic data closely359

aligns with real data in Normalized Speaker360

Switches (0.98 vs. 0.99) and Therapist-Client361

Turn Ratio (0.01 vs. 0.01), preserving conver-362

sational structure. Some deviations occur as363

real therapy sessions involve extended client364

turns, which LLMs struggle to maintain due365

to context limitations.366

2. Concise and structured responses: Synthetic 367

dialogues are shorter (Average Utterance 368

Length: 22.90 ± 1.74 vs. 68.72 ± 26.61) and 369

more consistent (Utterance Length Std Dev: 370

18.54 ± 2.35 vs. 135.85 ± 66.25) due to LLM 371

output constraints. Techniques like Chain-of- 372

Thought prompting helps improve coherence, 373

though larger output contexts are needed. 374

3. Vocabulary Richness is marginally higher in 375

synthetic data but may reflect repeated para- 376

phrasing rather than authentic diversity. Real 377

therapy involves longer client responses, natu- 378

rally increasing lexical variety, but synthetic 379

responses remain contextually appropriate. 380

4. Increased structural consistency: Higher Per- 381

plexity (21.22 vs. 14.73) and lower Flow En- 382

tropy (1.06 vs. 1.30) suggest a structured, and 383

predictable flow. While real data exhibit spon- 384

taneity, synthetic dialogues maintain stability, 385

benefiting structured evaluations. 386

5. Correlation analysis: High correlations in 387

turn-taking metrics (0.65–0.78 synthetic vs. 388

0.85–0.92 real) confirm accurate conversa- 389
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tional dynamics. Lower correlations in lin-390

guistic complexity metrics (e.g., Readability391

Score, Vocabulary Richness, Perplexity) re-392

flect structural differences but do not hinder393

the coherence/naturalness of the conversation.394

Table 2: Comparative analysis of real and synthetic data
across multiple system-level metrics and their correla-
tion values. The first two columns display the mean ±
standard deviation for each metric, computed separately
for real and synthetic datasets. The third and fourth
columns provide the correlation values of these metrics
within the real and synthetic datasets, respectively.

Metric Mean ± SD Correlation
Real Synth. Real Synth.

Norm. Spkr. Switches 0.99 ± 0.0 0.98 ± 0.0 0.85 0.72
Norm. Total Turns 1.00 ± 0.0 1.00 ± 0.0 0.78 0.65
Avg. Utt. Len. 68.7 ± 26.6 22.9 ± 1.7 0.91 0.76
Utt. Length SD 135.9 ± 66.2 18.5 ± 2.3 0.89 0.74
Norm. Avg. Turn Dur. 0.69 ± 0.6 0.12 ± 0.0 0.82 0.67
Norm. Turn Dur. SD 1.38 ± 1.3 0.09 ± 0.0 0.79 0.64
Norm. T Turns 0.50 ± 0.0 0.51 ± 0.0 0.87 0.71
Norm. C Turns 0.50 ± 0.0 0.49 ± 0.0 0.86 0.70
Norm. T Words 21.9 ± 13.2 4.9 ± 0.3 0.92 0.78
Norm. C Words 46.8 ± 22.5 18.0 ± 1.7 0.90 0.75
Turn Ratio (T/C) 0.01 ± 0.0 0.01 ± 0.0 0.80 0.66
Word Ratio (T/C) 0.01 ± 0.0 0.00 ± 0.0 0.82 0.68
Vocab. Richness 0.13 ± 0.0 0.18 ± 0.0 0.77 0.63
Readability Score 88.1 ± 4.6 89.2 ± 1.8 0.74 0.59
Flow Entropy 1.30 ± 0.1 1.06 ± 0.0 0.88 0.73
Avg. Perplexity 14.7 ± 2.3 21.2 ± 0.5 0.79 0.65

Note: Norm. = Normalized, Utt. = Utterance, SD = Standard Deviation, Dur. =
Duration, T = Therapist, C = Client.

5.2 Statistical Significance Testing395

The Mann-Whitney U test results confirm that396

many observed differences between real and syn-397

thetic dialogues are statistically significant (p <398

0.05). However, these differences stem from model399

design choices and practical constraints rather than400

fundamental shortcomings. Key observations in-401

clude:402

1. Distinct patterns in utterance structure: The403

test shows differences in utterance length,404

turn duration, and their standard deviations405

(p < 10−17). This is expected, as synthetic406

dialogues are designed to maintain coherence407

by producing more structured and concise re-408

sponses. In real PE therapy, clients occasion-409

ally have extended monologues, which LLMs410

struggle to handle due to context window limi-411

tations. To compensate, we shorten utterances412

while preserving the conversational structure.413

Methods like Chain-of-Thought prompting414

have improved this, but achieving full parity415

would require larger output contexts.416

2. Lexical properties follow a structured pat-417

tern: Differences in Vocabulary Richness418

(p < 10−15) and Flow Entropy (p < 10−17) 419

indicate that synthetic data exhibits a more 420

varied vocabulary but within a constrained 421

framework. This is a direct result of the model 422

prioritizing coherence and avoiding redundant 423

expressions. While real conversations natu- 424

rally contain more spontaneity, the synthetic 425

approach ensures stability in generated dia- 426

logue while maintaining conversational depth. 427

428
3. Certain aspects remain comparable: Metrics 429

such as Normalized Total Turns (p = 1.00) 430

and Readability Score (p = 0.28) show no 431

significant differences, meaning that despite 432

shorter utterances, the number of conversa- 433

tional exchanges and overall readability re- 434

main aligned with real data. This suggests 435

that while individual responses may be more 436

concise, the overall flow and engagement in 437

the conversation are well-preserved. 438

These findings reinforce that the synthetic model 439

captures key conversational characteristics while 440

ensuring structured, coherent responses. While 441

differences exist, they align with known model con- 442

straints and do not compromise the overall integrity 443

of the generated dialogues. 444

Table 3: Mann-Whitney U test statistics and p-values
comparing real and synthetic datasets.

Metric Statistic p-value

Norm. Speaker Switches 2.45 × 103 p < 0.001
Norm. Total Turns 1.25 × 103 1.00
Norm. Conv. Length 2.50 × 103 p < 0.001
Avg. Utt. Length 2.50 × 103 p < 0.001
Utt. Length Std 2.50 × 103 p < 0.001
Norm. Turn Duration 2.49 × 103 p < 0.001
Norm. Turn Dur. SD 2.50 × 103 p < 0.001
Norm. T Turns 0.00 p < 0.001
Norm. C Turns 2.50 × 103 p < 0.001
Norm. T Words 2.50 × 103 p < 0.001
Norm. C Words 2.47 × 103 p < 0.001

T-C Turn Ratio 2.13 × 103 1.22 × 10−9

T-C Word Ratio 2.37 × 103 p < 0.001
Vocabulary Richness 8.60 × 101 p < 0.001
Readability Score 1.09 × 103 0.28
Semantic Coherence 1.12 × 103 0.37
Sem. Coherence Std 2.50 × 103 p < 0.001
Flow Entropy 2.49 × 103 p < 0.001
Avg. Perplexity 0.00 p < 0.001
Local Coherence 1.12 × 103 0.37
Coherence Std 2.50 × 103 p < 0.001

Note: Norm. = Normalized, Conv. = Conversation, Utt. = Utterance, SD = Std.
Dev, Dur. = Duration, T = Therapist, C = Client, Sem. = Semantic. p < 0.001
indicates p < 10−10.

5.3 Feature Importance 445

Feature importance analysis identifies the metrics 446

most influencing synthetic data generation, con- 447

firming trends from previous evaluations. While 448
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not the central focus, these results support the449

model’s alignment with conversational structure450

and linguistic patterns.451

1. Turn-taking features are most influential:452

Metrics such as Normalized Speaker Switches453

and Therapist-Client Turn Ratio dominate, in-454

dicating the model effectively captures conver-455

sational flow and balanced exchanges. Strong456

correlations with real data suggest natural in-457

teraction patterns are preserved.458

2. Utterance length and entropy shape re-459

sponses: Average Utterance Length, Perplex-460

ity, and Flow Entropy are key distinguish-461

ing factors. Synthetic responses are more462

structured and predictable, prioritizing coher-463

ence and consistency. While often more con-464

cise, they capture essential interaction pat-465

terns, though further refinement is needed for466

richer emotional dynamics.467

3. Lexical richness is moderately important:468

Vocabulary Richness plays a secondary role,469

reflecting that synthetic dialogues maintain470

varied but structured language. While real471

conversations are more flexible, synthetic re-472

sponses balance vocabulary diversity with473

clarity.474

5.4 Prolonged Exposure Specific Metrics475

Table 5 presents the statistical test results compar-476

ing synthetic Prolonged Exposure data with real477

therapy session data. The results indicate that the478

synthetic data effectively captures key therapeu-479

tic constructs, with several core PE metrics such480

as Trauma Narrative Coherence, Emotional En-481

gagement, Avoidance Handling, Exposure Guid-482

ance, Cognitive Restructuring, Avoidance Reduc-483

tion, and Emotion Intensity showing strong align-484

ment with real data (p < 0.001) showing strong485

alignment with real data. These results suggest that486

the synthetic data successfully replicate the struc-487

ture and engagement patterns seen in real therapy488

sessions. However, certain metrics do not reach489

statistical significance, indicating areas where syn-490

thetic data generation may need refinement. Emo-491

tional Habituation (p = 0.102) and SUDS Pro-492

gression (p = 0.073) track distress reduction over493

repeated exposures, and their lack of significance494

suggests the synthetic data may not fully model495

this progressive decrease. Similarly, while Trauma496

Narrative Coherence is well-captured, Narrative497

Development (p = 0.251) appears to be less robust,498

possibly due to limited context retention or rigid 499

structure in generated responses. Despite these dis- 500

crepancies, the overall performance of synthetic 501

data suggests it is a viable alternative for privacy- 502

sensitive applications. Addressing dynamic narra- 503

tive evolution could further improve alignment with 504

real data. However, fidelity violations in synthetic 505

sessions are often subtle and may not disrupt struc- 506

tural metrics. For example, therapist utterances can 507

appear empathetic or affirming while inadvertently 508

shifting the session away from trauma anchoring. 509

These moments often go unnoticed by automated 510

scoring or non-clinical reviewers, underscoring the 511

need for fidelity-aware evaluation frameworks that 512

integrate human clinical judgment. 513

6 Discussion 514

This paper evaluated the fidelity of synthetic PE 515

therapy conversations by comparing them to real 516

interactions using linguistic, structural, and statis- 517

tical analyses. We discuss the findings from four 518

key perspectives: system-level metrics and correla- 519

tion (Table 2), statistical significance testing (Table 520

3), feature importance (Table 4), and PE-specific 521

metrics (Table 5). 522

6.1 Clinical Implications 523

Our findings have several important implications 524

for clinical practice. First, synthetic PE sessions 525

can serve as valuable training tools for novice ther- 526

apists learning to identify protocol deviations, as 527

they offer controlled examples of both adherent and 528

non-adherent interactions without privacy concerns. 529

Second, the consistent replication of structural el- 530

ements (e.g., turn-taking, session flow) indicates 531

that synthetic data can effectively supplement clini- 532

cal training materials, particularly in settings with 533

limited access to specialized trauma training. 534

However, our qualitative analysis reveals limi- 535

tations that automated metrics may overlook. As 536

shown in Figure 1, even linguistically fluent syn- 537

thetic dialogues can contain subtle but clinically 538

significant fidelity violations—including role drift, 539

premature processing, and improper SUDS imple- 540

mentation—that typically escape quantitative de- 541

tection. These lapses would likely go unnoticed by 542

non-specialist reviewers, highlighting the necessity 543

of expert-guided evaluation for AI tools in clinical 544

contexts. Finally, our PE-specific metrics provide 545

a systematic framework for clinicians and devel- 546

opers to assess AI-generated content for trauma 547

treatment, potentially setting minimum standards 548
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for therapeutic applications of synthetic data.549

6.2 Qualitative Analysis of Fidelity Lapses550

Section 6.1 highlighted the clinical implications551

of subtle fidelity violations that often escape auto-552

mated detection. To provide a more granular under-553

standing of these critical lapses and illustrate the554

necessity of expert review, Figure 1 details five rep-555

resentative examples identified through our qualita-556

tive analysis. These specific instances demonstrate557

common patterns of deviation from PE protocol:558

• Ex. 1: Role Drift — The therapist assumes559

the client’s narrative responsibility, undermin-560

ing the therapeutic goal of client-driven pro-561

cessing.562

• Ex. 2: Failure to Maintain Focus on Expo-563

sure Targets — Avoidance behavior is per-564

mitted, a lapse not distinguishable by standard565

metrics.566

• Ex. 3–4: Premature Reflection and Inter-567

vention — The therapist interjects before full568

emotional processing, disrupting the habitua-569

tion process crucial for PE efficacy.570

• Ex. 5: Improper SUDS Implementation —571

The dialogue maintains structural flow, but the572

clinical assessment validity is compromised.573

These detailed examples underscore why evalua-574

tion frameworks must integrate clinical expertise575

alongside computational metrics to accurately as-576

sess therapeutic fidelity in synthetic PE sessions.577

7 Future Work578

Future NLP research should focus on developing579

generative models with improved capabilities for580

tracking long-range dependencies and emotional581

dynamics (e.g., for Emotional Habituation, SUDS582

Progression), and creating automated metrics or583

classifiers trained with clinical expert annotations584

to better assess therapeutic process alignment.585

8 Conclusions586

This study evaluated synthetic therapeutic dia-587

logues, showing that while they replicate structural588

features like turn-taking, they fall short in utter-589

ance length and conversational variability. Statis-590

tical analyses confirm these gaps, revealing that591

surface-level fluency can mask clinically meaning-592

ful fidelity lapses. We contribute a fidelity-aware593

evaluation framework tailored to Prolonged Expo- 594

sure (PE) therapy, along with metrics highlighting 595

that current generative models, despite their flu- 596

ency, lack the nuance needed for high-stakes ther- 597

apeutic contexts. Our findings underscore the risk 598

of overestimating quality through non-expert or 599

automated evaluations. For NLP, this work empha- 600

sizes the need for clinically grounded benchmarks, 601

richer linguistic modeling, and methods like expert- 602

in-the-loop validation and time-aware metrics to 603

improve fidelity in domain-specific generation. 604

9 Ethical Concerns 605

All annotators involved in fidelity evaluation had 606

prior clinical training or supervision, and data ac- 607

cess was limited to IRB-approved investigators 608

to ensure ethical compliance. The real-world 609

dataset used in this study was collected under IRB- 610

approved protocols with participant consent and 611

cannot be shared publicly. For details on the ethi- 612

cal safeguards, simulation design, and usage guide- 613

lines related to the synthetic dataset, we refer read- 614

ers to BN et al. (2025). 615

Limitations 616

While our study demonstrates the promise of syn- 617

thetic dialogues in approximating real PE therapy 618

interactions, several limitations remain. Although 619

we measure fidelity using structural, statistical, and 620

protocol-based metrics, our evaluation does not as- 621

sess therapeutic effectiveness or downstream clini- 622

cal outcomes. Synthetic data that aligns structurally 623

with real dialogues may still fall short in support- 624

ing meaningful therapeutic engagement or behav- 625

ior change, especially in high-stakes or emotionally 626

complex scenarios. Moreover, we do not evaluate 627

inter-rater agreement on fidelity violations, which 628

is critical for establishing the robustness of manual 629

annotations—this is planned for future work. 630
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A Metric Definitions798

Key PE terms (Foa et al., 2007; Powers et al., 2010;799

Rauch et al., 2009; Hembree et al., 2003):800

1. SUDS Progression: Change in Subjective801

Units of Distress (SUDS) reported by the802

client across the session.803

2. Emotional Habituation: Decrease in distress 804

or emotional intensity from start to end of 805

imaginal exposure. 806

3. Trauma Narrative Coherence: Syntactic 807

and semantic coherence of the trauma narra- 808

tive, via discourse metrics. 809

4. Emotional Engagement: Degree of emo- 810

tional expression, associated with better out- 811

comes. 812

5. Avoidance Handling: Effectiveness in ad- 813

dressing avoidance behaviors. 814

6. Exposure Guidance: Therapist’s structuring 815

of exposure exercises. 816

7. Cognitive Restructuring: Client’s efforts to 817

challenge maladaptive beliefs. 818

8. Avoidance Reduction: Increased engage- 819

ment with trauma content. 820

9. Emotion Intensity: Variability and magni- 821

tude of emotional responses. 822

B Additional Tables 823

Table 4: Relative importance of various conversational
features in distinguishing real data from synthetic data,
based on a predictive model. The Importance Score (%)
reflects the contribution of each feature to the model’s
decision-making process, with higher values indicating
greater predictive power.

Feature Imp. Score (%)

Average Utterance Length 18.42
Utterance Length Std Dev 15.76
Normalized Therapist Words 12.58
Normalized Client Words 10.94
Flow Entropy 8.72
Readability Score 7.89
Normalized Avg Turn Duration 6.43
Normalized Turn Duration Std 5.98
Vocabulary Richness 4.85
Average Perplexity 3.72
Therapist-Client Turn Ratio 2.91
Therapist-Client Word Ratio 2.32
Normalized Speaker Switches 1.88
Normalized Total Turns 0.98

Table 5: Mann-Whitney U tests on PE therapy metrics
comparing real and synthetic datasets.

Metric Statistic p-value

Trauma Narrative Coherence 2.31×103 p < 0.001
Emotional Engagement 2.45×103 p < 0.001

Avoidance Handling 1.98×103 2.74×10−7

Exposure Guidance 2.21×103 5.62×10−10

Cognitive Restructuring 2.12×103 1.28×10−8

Emotional Habituation 1.35×103 0.102
SUDS Progression 1.50×103 0.073
Avoidance Reduction 2.48×103 p < 0.001
Emotion Intensity 2.39×103 p < 0.001
Narrative Development 1.21×103 0.251

SUDS = Subjective Units of Distress Scale. p < 0.001 indicates p < 10−10.
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