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Introduction Methodology Evaluation framework Results Conclusion

Context

<Examiner

Student physician Standardized patient

OSCE: Objective Structured Clinical Examinations
Students are evaluated on their clinical reasoning and their communication skills




Introduction Methodology Evaluation framework

Context

Scenarios based on text sheets:

e Student sheet: context and objectives of
the consultation

e Patient sheet: background, medical
history, symptoms, state of mind, etc.

e Examiner sheet: binary medical criteria,
scale-based criteria

Results

Conclusion

Student physician Standardized Examiner

patient

Clinical context: You are Samedi
Février, a general practitioner.

You are seeing a 17-year-old teenager
who was last examined by their
general practitioner two months ago.

()

Objectives: During this consultation,
you should:

- Conduct a medical history interview
focused on the patient's sleep
disturbances and associated
behavioral changes.

- Present your management plan to
the examiner at the end of the

consultation. W



Introduction Methodology Evaluation framework

Context

Scenarios based on text sheets:

e Student sheet: context and objectives of
the consultation

e Patient sheet: background, medical
history, symptoms, state of mind, etc.

e Examiner sheet: binary medical criteria,
scale-based criteria

Results Conclusion

Student physician Standardized Examiner
patient

Opening statement: "Hello Doctor, I'm
here because | can't take it anymore
with my mother. | feel suffocated."

Consultation summary: You were
brought to your general practitioner
by your mother and are being seen by
a resident in general practice. Your
main goal is for the situation to
improve, especially your relationship
with your mother.

Identity
Age: 17
Date of birth: January 2, 2009

Sex: Female (... W
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Context

Scenarios based on text sheets:

e Student sheet: context and objectives of
the consultation

e Patient sheet: background, medical
history, symptoms, state of mind, etc.

e Examiner sheet: binary medical criteria,
scale-based criteria

Results

Student physician Standardized Examiner

patient

Binary criteria

Investigate the patient's sleep
(timing, duration, sleep onset,
early awakenings) (at least 3)
Assess the impact of insomnia
on daily functioning (daytime
sleepiness, performance,
memory, concentration) (at
least 2)

Ask about alcohol,
recreational drugs, or
self-medication related to
insomnia

Conclusion

p
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Motivation

e Limited availability of standardized patients and evaluators
- limited opportunities for repeated OSCE practice

e Very few French OSCE resources: datasets and patient systems
[1-3]

e Compared to previous systems, LLM-based virtual patients (VP)

improve realism...
but still suffer from limited controllability and lack of standardized evaluation [4-6]

[1
2
[3
[4
[
[

Laleye et al. French Medical Conversations Corpus for a Virtual Patient Dialogue System. 2020. LREC.
Campillos-Llanos et al. Virtual patient dialogue system based on terminology-rich resources. 2019. NLE.
Voigt et al. LLM-powered virtual patient agents for clinical skills training. 2025.

Garcia-Torres et al. Enhancing clinical reasoning with virtual patients. 2024. Healthcare.

Cook et al. Virtual patients using large language models. 2025. JMIR.

Li and Lutfi. LLM-based virtual patient systems for history-taking. 2026. Journal of Medical Systems.
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Contributions

French OSCE Controllable Multi-level
dialogue LLM-based VP evaluation
dataset pipeline framework

S

Goal: develop a realistic and controllable virtual patient for French OSCE training
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French OSCE dialogue dataset

Component Count
Recorded dialogues

Recorded dialogues 240
Total audio duration (hours) 30
Generated dialogues

Generated dialogues 792

Dataset may be accessed upon request on Zenodo
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French OSCE dialogue dataset

il “ ? o ©

» pycmnoteAI Whisper
240 recorded dialogues Diarization Transcription
precision-2 [11] faster-whisper-large-v3-turbo [12,13]
§ ‘
— .
Subset of 26 manually 240 automatically

corrected dialogues V transcribed dialogues

Estimated WER: 7.7%

[11] PyAnnoteAl. precision-2 diarization model. 2024.
[12] OpenAl. Whisper large-v3-turbo. 2024.
[13] Radford et al. Robust Speech Recognition via Large-Scale Weak Supervision. 2023. ICML.
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Controllable virtual patient pipeline

e Focus on text-based interactions
e LLM-based generation of synthetic dialogues for evaluation

We propose a prompt-controlled LLM pipeline for instruction-based patient response generation

Physician and patient are both simulated
Used for large-scale dialogue generation

Enables controlled experiments

10



Introduction Methodology Evaluation framework Results
Evaluator sheet ——————3 ConVersation
script ¢
Physician sheet thswlansoengrator ‘a
Patient sheet

Fig. Overview of the controllable LLM-based dialogue generation pipeline for OSCE simulations.

Conclusion
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Introduction

Evaluator sheet =————————3p AR |

Physician sheet

Methodology

script

Evaluation framework

Results Conclusion

Patient sheet

Physician generator
Foliows script f

Retrieval Module e s
Extracts relevant information  Retrieved info |
){ from patient sheet e l ------ .
Patient generator
Answers question
with retrieved context

Fig. Overview of the controllable LLM-based dialogue generation pipeline for OSCE simulations.
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Results Conclusion

Evaluator sheet =———————p S

script

Fix listed ermrors i
" Score and list errors |

Physician sheet thsicianso;l’r‘;:ator ‘H
) =
Retrieval Module fmmnmmmnmnans
Patient sheet Extracts relevant information ' Retrieved info |
l from patient sheet T p—— .
prses] IR R : 1
\ o = 2 a s
Correction Module Controller Module vl Patient generator
. ‘ Evaluates generated answer ‘ x <€ Answers question [ Y

NO Valid? <€

\with retrieved context

- e o e o o e owm o -

+_Reflection loop

Fig. Overview of the controllable LLM-based dialogue generation pipeline for OSCE simulations.
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Evaluation framework

Patient simulation

Information recall (%):
how much patient
information is revealed
during the dialogue

Response relevance (/5):
how appropriate the
patient's answers are to the
physician's questions

Physician performance

OSCE evaluation (%):

how many expected OSCE
criteria are covered by the
student

Role adherence (/5):

how well the physician
follows the expected role
and consultation

Results Conclusion
Linguistic quality
Naturalness (/5):

how human-Llike the dialogue
‘sounds’

Fluency (/5):
how smoothly the
conversation flows

Coherence (/5):
how logically the dialogue
progresses

14
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Evaluation framework

Ground Truth

@ Recorded
dialogues
A A

LLM-as-a-Judge [19]

Evaluator

[19] Gu et al. Survey on LLM-as-a-Judge. 2026. The Innovation.

Results

Generated data

Synthetic
dialogues

Conclusion
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. Generated vs. Recorded dialogues

Results

Patient simulation

Linguistic quality

Information Response

Model recall 1 relevance 1 Flusrey T Coltorence

o (/5) (/5)

(%) (/5)
Recorded dialogues 43.58 4.14 3.79 3.91
Gemini-3.1-Flash-Lite 47.26 4.03 4.07 4.20
Ministral-14B 47.44 4.97 3.98 4.24
Claude-Haiku-4.5 52.24 4.97 4.35 4.28

Table: Results for recorded and generated dialogues on the baseline configura-
tion. Best results in bold, second-best underlined. 1 Higher is better.

Conclusion

Generated dialogues outperform recorded interactions, including higher information recall

across all models

Claude-Haiku-4.5 consistently achieves the best overall performance

16
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Il. Impact of the reflection loop and retrieval module

Patient simulation Physician performance Linguistic quality
Fosestmentisl Information Response OSC.E Role Piusney ¥ Colicsknond
recall 1 relevance 1 evaluation T adherence 1
setup o i : : (/5) (/5)
(%) (/5) (%) (/5)
baseline 52.24 4.97 87.48 4.76 4.35 4.28
reflection 54.29 41.83 87.75 41.85 4.30 4.36
refl. + retr. 56.62 41.89 89.21 4.89 4.29 4.36

Table: Results for Claude-Haiku-4.5 across three experimental setups (baseline with no optional modules, reflection loop, and
reflection + retrieval). Best results in bold. Higher is better.

e Reflection loop and retrieval modules sometimes improve results, but their
impact remains moderate
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Conclusions

Main findings

e French OSCE dialogue dataset with recorded and synthetic interactions

e LLM-based simulation of the patient and physician

e Generated dialogues score higher than recorded ones, but this may partly reflect controlled
generation and LLM-as-a-Judge bias

e Reflection, retrieval, and physician-robustness improve fidelity and relevance, but gains
remain moderate.

Future work

e Conduct user studies with medical students
e Evaluate usability, pedagogical value, and feedback quality
e Expand pipeline to support document-based (analyses, radios, pictures, ...) OSCE scenarios

18



Thank you!

Any questions, comments? doria.bonzi@loria.fr
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How reliable is our LLM-as-a-Judge?

Linguistic quality Weak agreement between humans

o Jalurainess ° anr\otators Limited humans/LLM-as-Judge
e  Fluency 12 dialogues .
e Coherence correlation
S LTI LD Average OSCE scores Strong agreement for stations
(e.g. asks about allergies, for 14 stations without document analysis
proposes a treatment) 67 recorded dialogues

- Reliable for checklist-based evaluation, less reliable for subjective dialogue quality
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Is our VP robust to physician performance variability?

Patient Physician Linguistic quality
Physician Pespans. OSC.E Naturalness ¥ Fluency ¥ Coherence 1
performance relevance 1 evaluation 1 . /s "
variability (/5) (%) e L o
100% 4.89 89.21 3.59 4.29 4.36
50% 4.86 45.05 3.46 4.20 4.20
25% 4.75 27.06 3.00 4.00 4.10

Table: Results for Claude-Haiku-4.5 with reflection | retrieval under different
physician performance levels. 1 Higher is better.

Evaluator sheet =—3p G sk *

e VP remains robust to physician performance variations

e Response relevance remains stable I:} o | Pnysician generator
P Physician sheet > Folows script f

e Linguistic quality only slightly decreases
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