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Abstract

Communication is a critical clinical skill, yet
scalable, realistic training tools remain limited.
Large language model (LLM)-based virtual pa-
tients (VPs) offer a promising alternative to
traditional tools, but their conversational re-
alism remains underexplored. In this study,
we evaluate the realism of GPT-4o-generated
VPs using a multi-method approach: expert
review, Turing-style testing, linguistic analysis,
and semantic similarity. We generated 44 VPs
based on real doctor—patient dialogues. Ex-
pert annotations of hallucinations, omissions,
and repetitions showed high interrater relia-
bility (ICC > 0.77). In a Turing test, par-
ticipants struggled to distinguish VPs from
real patients—classification accuracy fell below
chance. Linguistic analysis of 2,000+ dialogue
turns revealed that VPs produced formal, lex-
ically consistent responses, while human pa-
tients showed more emotional and stylistic vari-
ability. Semantic similarity scores averaged
0.871 (response-level) and 0.842 (transcript-
level), indicating strong alignment. These find-
ings support the use of LLM-based VPs in com-
munication training and offer insights into real-
ism, trust, and refinement, contributing to the
safe and responsible deployment of generative
AT in healthcare.

Keywords: Generative Al medical education,
virtual patient, realism evaluation.

Data and Code Availability The Fareez et al.
(2022) dataset, which was used to develop the
illness scripts, consists of transcripts from simu-
lated conversations between senior Canadian medi-

. Further details are provided in our longer non-archival ver-
sion, accepted as a poster at the Neural Information Pro-
cessing Systems (NeurIPS 2025) Workshop: The Second
Workshop on GenAl for Health: Potential, Trust, and Pol-
icy Compliance (Hosseinpourkhoshkbari et al., 2025).

cal students (acting as ”doctors”) and resident doc-
tors (acting as "patients”). The code is avail-
able at https://github.com/Reyhanehrhp7/Virtual-
Patients-Using-Open-AI-API-2024.

Institutional Review Board (IRB) The proto-
col for this study was reviewed and approved by the
Institutional Review Board at the University of Texas
at Dallas (IRB-24-871). All participants provided in-
formed consent prior to participation. The data used
were fully de-identified.

1. Introduction

Clinical communication is a fundamental competency
in medical education, typically taught alongside his-
tory taking, physical examination, and clinical rea-
soning (Hosseinpourkhoshkbari and Golden, 2025).
Simulated environments play a critical role in devel-
oping these skills by allowing learners to engage with
simulated patients in realistic scenarios (ten Cate and
Durning, 2018). Standardized patients (SPs), trained
actors who portray clinical cases, are widely used but
costly and difficult to scale (Johnson et al., 2020).
Recent advances in LLMs enable scalable, Al-driven
virtual patients (VPs). These systems can simulate
rich clinical dialogues while providing flexible, low-
risk learning opportunities. However, the realism
and reliability of LLM-based VPs in communication
training remain underexplored.

In this study, we propose a framework for eval-
uating the realism of GPT-4o-generated VPs. Our
contributions include the following:

e Structured Generation: We generated 44 VPs
using illness-script prompts spanning 17 categories.
e Expert Review: Two clinicians annotate 1,094
conversation turns for omissions, hallucinations,
and repetitions, achieving high interrater reliabil-

ity.

© R. Hosseinpourkhoshkbhari, W.-c. Huang, S. Muttreja & R.M. Golden.
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e Turing Test Evaluation: We assess whether
participants can distinguish VP responses from
real patient responses, with and without diagnostic
hints.

e Linguistic and Syntactic Analysis: We com-
pare lexical diversity and part-of-speech distribu-
tions between human and VP responses.

e Semantic Similarity Assessment: We use Bio-
Clinical BERT embeddings to quantify alignment
between VP and human responses at both turn and
transcript levels.

Together, these methods offer a reproducible frame-

work to evaluate LLM-based VPs for communication

training in medical education.

2. Methodology

An overview of the methodological framework is pre-
sented in Figure 1.

2.1. Dataset

The Fareez et al. (2022) dataset, which was used
to develop the illness scripts, consists of transcripts
from simulated conversations between senior Cana-
dian medical students (acting as "doctors”) and res-
ident doctors (acting as ”patients”). For this study,
a subset of 44 transcripts specifically related to res-
piratory cases was used. These transcripts consisted
of a total of 2,139 question—answer pairs.

2.2. Development of the VP

We used OpenAl’s ChatGPT-40 via the API with
default parameters (temperature = 1.0, top-p = 1.0,
presence penalty = 0, frequency penalty = 0) to gen-
erate 44 VPs. A zero-shot prompting strategy was
employed, where the model was given structured ill-
ness scripts that defined the task without specific ex-
amples (Radford et al., 2019). These scripts, derived
from the Fareez et al. (2022) dataset, captured key
patient details such as chief complaint, medical and
social history, and relevant symptoms. When original
transcripts lacked information (e.g., name, age, occu-
pation), fields were labeled “unknown to the tran-
script.” The model was prompted to generate plau-
sible responses for missing information to maintain
realism and avoid reverting to a default ChatGPT
persona (Grévisse, 2024). VP interactions were initi-
ated using the original physician utterances from the
source transcripts.

2.3. Evaluation of GPT-40 Virtual Patients

We evaluated GPT-4o-generated VP using four
complementary methods:

Expert Review. Two clinical educators devel-
oped and applied a coding scheme to assess the qual-
ity of VP responses across five dimensions: omissions
(missing expected information), inappropriate repe-
titions, hallucinations (factually incorrect content),
successful turns (accurate and context-appropriate
responses), and total conversational turns. These cat-
egories reflect known challenges in VP realism (Hold-
erried et al., 2024). Interrater reliability was assessed
using intraclass correlation coefficients (ICC).

Turing Test. A 20-item survey (10 human, 10 VP
responses) was administered to 50 psychology under-
graduates to assess whether VP utterances were dis-
tinguishable from real patients (Turing, 1950; Rathi
et al., 2024). Participants identified the response
source, rated their confidence, and had reaction times
logged. A between-subjects design tested the effect
of a diagnostic hint (n = 25 per group) (see the hint
in Box 1). These measures enabled analysis of classi-
fication accuracy, task sensitivity, and metacognitive
certainty.

Box 1: HINT provided to human partici-
pants

Keep in mind that computer-generated responses
tend to be more formal and structured than hu-
man responses. For example, the computer will
tend to avoid filler words such as “Um” and
“Ah”. The computer also will tend to avoid re-
peating words. Additionally, computer responses
may sometimes be a bit longer and more detailed
compared to those from humans.

Linguistic Analysis. Lexical richness and syn-
tactic structure were analyzed using standard metrics
from the LexicalRichness Python library, includ-
ing Type-Token Ratio (TTR), Root TTR (RTTR),
and the Maas index (Van Hout and Vermeer, 2007;
Tweedie and Baayen, 1998). While TTR measures
the ratio of unique words to total words, it is sen-
sitive to text length, especially in short or highly
variable responses (Munoz-Ortiz et al., 2024). RTTR
and Maas mitigate this issue by normalizing for re-
sponse length. To further reduce sensitivity to length
and capture deeper vocabulary variation, we included
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Figure 1: Overview of the VP development and evaluation pipeline.

the Measure of Textual Lexical Diversity (MTLD)
and Hypergeometric Distribution Diversity (HDD)
(McCarthy and Jarvis, 2010), both of which are de-
signed to handle variable-length texts more robustly.
We also computed Yule’s K, which quantifies lexi-
cal concentration and is unaffected by text length,
and the Moving Average TTR (MATTR), which an-
alyzes diversity over sliding word windows (Coving-
ton and McFall, 2010). These Metrics were applied
to both full transcripts (n = 44) and individual utter-
ances (n = 2,194). Part-of-speech (POS) tagging was
used to compare syntactic categories—such as nouns,
verbs, and adverbs—across human and VP responses
(Kumawat and Jain, 2015).

Semantic Similarity. Cosine similarity be-
tween VP and human responses was computed using
BioClinical BERT embeddings, which capture con-
textual, sentence-level semantics (Alsentzer et al.,
2019), enabling assessment of semantic similarity
in a scalable, annotation-free manner (Reimers and
Gurevych, 2019).

3. Results

3.1. Expert evaluation

As shown in Table 1, interrater reliability was at least
good for all three error types, hallucinations, omis-
sions, and repetitions, with ICC analyses indicat-
ing excellent agreement for hallucinations and good
to excellent agreement for omissions and repetitions.
Across the 44 VP transcripts, the average rate of

successfully completed conversation turns was 96.6%
(range: 90-100%), reflecting the overall relevance and
coherence of VP responses. Hallucinations were the
most frequent error, occurring in 2.8% of turns on
average, whereas omissions (0.31%) and repetitions
(0.26%) were rare. While hallucinations occurred
more often than other errors, their low absolute fre-
quency indicates that VP responses were generally
accurate, contextually appropriate, and reliable.

Metric ICC 95% CI1 Interpretation
Hallucination 0.814  [0.603, 0.920] Excellent
Omissions 0.783 [0.544, 0.905] Good-Excellent
Repetition 0.774 [0.528, 0.901] Good

Table 1: Inter-rater reliability (ICC) for three evalu-
ation metrics.

3.2. Turing test results

A two-way ANOVA examined the effects of hint (with
vs. without) and dialog type (human vs. VP) on par-
ticipants’ accuracy in identifying dialog sources. Par-
ticipants more accurately classified human dialogs (M
= 81.2%) than VP dialogs (M = 42%), F(1,90) =
8.69, p = .004. Those who received a hint performed
better overall (M = 68%) than those without (M =
55%), F(1,90) = 77.34, p < .001. The interaction
was not significant, F'(1,90) = 2.05, p = .156.
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As shown in Figure 2 (left), hints improved classi-
fication accuracy for both VP (M = 5.17, SE = 0.44,
CI [4.29, 6.04]) and human dialogs (M = 8.46, SE =
0.44, CI [7.58, 9.33]), compared to the no-hint condi-
tion (VP: M = 3.22, SE = 0.45, CI [2.32, 4.11]; hu-
man: M = 7.78, SE = 0.45, CI [6.89, 8.68]). Pairwise
comparisons showed that hints significantly improved
VP classification (p = .0026) but did not affect hu-
man dialog accuracy (p = .2861). Overall, when par-
ticipants were provided with hints, overall classifica-
tion accuracy increased from 55.0% to 68.3%, primar-
ily due to improved VP detection. However, nearly
half of VP responses were still judged as human even
with hints, suggesting a high degree of realism in VP-
generated responses.

Effect of Hint Availability on Accuracy and Confidence Across Transcript

I with Hint [ without Hint

| 1]

=+ With Hint Without Hint

§ ESU
g g
g0 8
x ] ]
‘GJJ ? EZS
= c
8¢ 8
o i1

2 26

| |

. ]

2.4
VP Human VP Human
Figure 2: Participants’ accuracy and confidence

across VP and human transcripts, with and without
hints.

A second two-way ANOVA on confidence ratings
showed a main effect of dialog type, F(1,90) = 4.04,
p = .0475, and an interaction with hint condition,
F(1,90) = 4.04, p = .0474. However, the main ef-
fect of the hint condition alone was not significant,
F(1,90) = 0.58, p = .4483. With a hint, participants
were more confident judging human dialogs than VP
dialogs (p = .0055); no such difference appeared with-
out a hint (p = .9754) (see Figure 2, right). Between-
group comparisons showed no significant difference
in confidence for VP dialogs (p = .3795), but there
was a marginal trend toward higher confidence in hu-
man dialog classification when a hint was provided
(p = .0531).

Response times were log-transformed to reduce
skewness. As shown in Table 2, participants in the

Table 2: Log-Time analysis by dialog type and hint
condition. SE = standard error; CI = confidence in-
terval; t(90) = t-statistic with 90 degrees of freedom.
No significant differences were observed.

Hint Dialog Log-Time SE 95% CI
With VP 3.13 0.164 [2.80, 3.45]
Without VP 3.36 0.168  [3.03, 3.69]
With Human 3.05 0.164 [2.72, 3.37]
Without Human 3.23 0.168 [2.89, 3.56]

no-hint group responded slightly slower, but differ-
ences across hint and dialog type were not significant
(all p > .05). Thus, response latency likely did not
confound accuracy or confidence. Notably, average
classification accuracy for VP responses remained be-
low chance (< 50%), suggesting they were often indis-
tinguishable from real patients—meeting the classical
Turing Test criterion.

3.3. Linguistic characteristics of VP and
human simulated patient dialog turns

Across 44 conversations, we recorded 2,194 turns
(question—answer pairs). As shown in Figure 3, hu-
man responses were slightly longer (mean = 1.36 sen-
tences) than VP responses (mean = 1.23), though
both typically gave single-sentence replies (median =
1). VPs tended to over-respond when humans were
brief and under-respond when humans were verbose.
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Figure 3: Distributions of sentence count, unique
words, and total word count per turn.

235

236

237

238

239

240

241

242

243

244

245

246

247

248

249

250

251



253

254

255

256

257

258

259

260

261

262

263

264

265

266

267

268

269

270

271

272

273

275

276

277

278

279

280

281

282

283

284

285

286

287

288

289

290

291

292

293

294

295

296

CAN YOU SPOT THE VIRTUAL PATIENT (VP)?

Kolmogorov—Smirnov tests revealed significant dif-
ferences in lexical variety (D = 0.30, p < .001), word
count (D = 0.29, p < .001), and sentence count
(D = 0.06, p < .01). Despite using fewer words
overall, VP responses were more lexically diverse.
Lower Yule’s K scores and higher MTLD, MATTR,
CTTR, and HDD values indicate less repetition and
more efficient vocabulary. These results held at the
individual-response level.

Part-of-speech comparisons showed humans used
more nouns, pronouns, interjections, and adverbs
(p < .001), while VPs used more adpositions (p <
.001). Particles were also more common in human
speech (p = .045). No significant differences were
found in verbs, auxiliaries, adjectives, conjunctions,
or proper nouns (p > .05), suggesting grammatical
similarity overall. However, reduced interjections and
adverbs in VP output highlight gaps in emotional and
pragmatic realism.

3.4. Semantic Similarity Analysis

Semantic overlap between VP and human responses
was assessed using cosine similarity of BioClinical-
BERT embeddings at two level:

e Response level. Cosine similarity was computed
turn-by-turn and averaged per transcript. The
mean similarity was 0.871 (SD = 0.13), indicating
strong local alignment.

e Transcript level. All patient responses were con-
catenated, and similarity was computed between
full VP and human transcripts. The mean was
0.842 (SD = 0.045), reflecting consistent global se-
mantic overlap.

4. Conclusion

This study presents a multi-method evaluation frame-
work for assessing the realism of GPT-40-generated
VP in clinical communication training. Findings in-
dicate strong linguistic and semantic alignment with
human responses and high expert-rated quality, de-
spite occasional hallucinations. While results high-
light strong linguistic and semantic alignment with
human responses, limitations in domain scope and
interaction depth remain. Future work should ex-
plore broader clinical contexts, behavioral cues, and
alternative prompting strategies to enhance realism
and generalizability.
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