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Abstract

Standardized patients (SPs) are indispensable
for clinical skills training but remain expensive
and difficult to scale. Although large language
model (LLM)–based virtual standardized pa-
tients (VSPs) have been proposed as an alterna-
tive, their behavior remains unstable and lacks
rigorous comparison with human standardized
patients. We propose EasyMED, a multi-agent
VSP framework that separates case-grounded
information disclosure from response genera-
tion to support stable, inquiry-conditioned pa-
tient behavior. We also introduce SPBench, a
human-grounded benchmark with eight expert-
defined criteria for interaction-level evalua-
tion. Experiments show that EasyMED more
closely matches human SP behavior than exist-
ing VSPs, particularly in case consistency and
controlled disclosure. A four-week controlled
study further demonstrates learning outcomes
comparable to human SP training, with stronger
early gains for novice learners and improved
flexibility, psychological safety, and cost effi-
ciency.

1 Introduction

Clinical reasoning and doctor–patient communica-
tion are essential skills in medical education (Cle-
land and Durning, 2022). Their development relies
on repeated, interactive practice in realistic clinical
settings. Standardized patients, trained actors who
consistently portray predefined clinical cases, are
widely regarded as the gold standard for teaching
and assessing these skills, particularly in Objective
Structured Clinical Examinations (OSCEs) (Sayers
et al., 2024; Ma et al., 2023). While SP-based train-
ing enables safe and authentic clinical encounters,
human SP programs are costly, labor-intensive, and
difficult to scale, which limits training frequency
and accessibility (Zendejas et al., 2013). Conse-
quently, large language model (LLM) based virtual

*Equal contribution.
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standardized patients (VSPs) have emerged as a
promising scalable alternative (Du et al., 2024; Ye
and Tang, 2025), due to their strong dialogue capa-
bilities and broad world knowledge.

Despite recent progress, it remains unclear
whether LLM-based VSP can support clinical skills
training at a level comparable to human standard-
ized patients. This question is difficult to answer
due to persistent gaps in system design and eval-
uation that are misaligned with real SP training
practice. Most VSP frameworks conflate inquiry
interpretation with response generation, leading to
premature information disclosure, cross-turn insta-
bility, and limited support for intent-aware instruc-
tional feedback (Du et al., 2024; Ye and Tang, 2025;
Sirdeshmukh et al., 2025). Existing evaluations
are largely coarse-grained, relying on synthetic di-
alogues or outcome-level metrics rather than au-
thentic human SP–doctor interactions (Fan et al.,
2023; Waisberg et al., 2024). Moreover, systematic
long-term comparisons with human standardized
patients under matched training conditions remain
rare (Liu et al., 2025; Bodonhelyi et al., 2025), leav-
ing the educational effectiveness of LLM-based
virtual patients insufficiently validated.
Multi-agent VSP To address the limitations identi-
fied above, we propose EasyMED, a controllable
multi-agent framework that models virtual SP train-
ing as a structured, interactive process. EasyMED
decouples patient simulation, intent recognition,
and evaluation into coordinated agents, enabling
intent-conditioned information disclosure, stable
cross-turn behavior, and checklist-based instruc-
tional feedback. This design directly supports pa-
tient fidelity, interaction coherence, and pedagogi-
cal awareness in virtual SP training.
SP Benchmark To support reproducible and
interaction-level evaluation, we further introduce
SPBench, a benchmark constructed from authentic
standardized patient-doctor dialogues spanning 14
medical specialties and eight expert-defined evalu-
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SP Patient Fidelity Interaction Coherence Pedagogical Awareness Real-world User Study

Human SP ✓ ✓ ✓ -

SimPatient (Steenstra et al., 2025) ✗ ✗ ✓ ✗

EvoPatient (Du et al., 2024) ✗ ✗ ✗ ✗

CureFun (Li et al., 2024b) ✗ ✗ ✓ ✗

Adaptive-VP (Lee et al., 2025) ✓ ✗ ✗ ✗

MedSimAI (Hicke et al., 2025) ✓ ✗ ✗ ✗

EasyMED (Ours)
✓ ✓ ✓ ✓

Patient Agent Auxiliary Agent Evaluation Agent
(Sec. 6)

intent-conditioned disclosure factorized patient simulation trajectory-level feedback

Table 1: Comparison of various standardized patient systems across three desiderata defined in Sec. 2, based on
what is explicitly reported in the original papers. SimPatient evaluates realism primarily via qualitative user studies
and adopts end-to-end patient response generation, while providing utterance-level reflective feedback. EvoPatient
emphasizes emergent realism through agent co-evolution without explicit control over information disclosure or
learner-facing instructional feedback. CureFun focuses on educational usefulness without controlled comparison
to human standardized patients and performs end-to-end patient simulation, while offering post-session learning
summaries. Adaptive-VP improves conversational realism through adaptive behavioral modulation, but does not
explicitly enforce inquiry-conditioned disclosure or trajectory-level pedagogical evaluation. MedSimAI supports
natural multi-turn patient interaction, yet lacks explicit mechanisms for controlled disclosure, interaction-level
stabilization, or structured pedagogical feedback. EasyMED embeds patient fidelity, interaction coherence, and
pedagogical awareness directly into its architecture via intent-conditioned disclosure calibrated by SPBench (Sec. 5),
factorized patient simulation using Auxiliary Agent (Sec. 3.3), and trajectory-level evaluation in Evaluation Agent
(Sec. 3.4).

ation criteria (Fan et al., 2023; Sirdeshmukh et al.,
2025). Unlike existing benchmarks that rely on
synthetic dialogues or outcome-level scores, SP-
Bench uses human SP interaction trajectories as ref-
erence to quantitatively compare virtual and human
standardized patient behavior. Using SPBench,
we compare EasyMED and representative exist-
ing VSPs against human SP interaction trajectories,
and find closer alignment with human SP behavior,
particularly in controlled disclosure and cross-turn
consistency.

Real-world User Study To assess educational ef-
fectiveness in real training settings, we conduct a
four-week controlled study comparing EasyMED
with human standardized patient training under
matched content and scoring rubrics, directly ad-
dressing whether LLM-based virtual patients can
achieve training effectiveness comparable to hu-
man SPs.

Our contributions are threefold: (1) we pro-
pose EasyMED, a multi-agent virtual standardized
patient framework that enables controllable, inter-
pretable patient simulation aligned with clinical
training workflows; (2) we propose SPBench, a
human-grounded benchmark that enables quantita-
tive, interaction-level comparison between virtual
and human standardized patient behavior; (3) we
present a controlled, longitudinal user study com-
paring LLM-based and human standardized patient
training under matched conditions.

2 Background

VSPs are increasingly adopted for clinical training
due to their scalability and accessibility. However,
their educational value hinges not only on their abil-
ity to simulate patient dialogue, but also on whether
they can faithfully reproduce human standardized
patient behavior (see Desideratum I), remain sta-
ble and controllable across extended interactions
(see Desideratum II), and actively support clinical
learning feedback (see Desideratum III). In prac-
tice, current VSPs often fall short in one or more of
these aspects, limiting their reliability as training
tools, see Table 1.

Desideratum I. Patient Fidelity. VSPs should ex-
hibit behaviors and response patterns comparable
to those of human standardized patients.

Achieving such fidelity requires evaluation pro-
tocols that enable direct experimental comparison
with human SPs, rather than relying solely on sub-
jective user satisfaction. However, most prior stud-
ies on VSPs primarily adopt qualitative evaluations
based on structured interviews and satisfaction sur-
veys (Steenstra et al., 2025; Du et al., 2024; Li
et al., 2024b). As a result, direct comparisons with
human SPs remain rare, and the educational effec-
tiveness of LLM-based VSPs relative to traditional
human SP training is still unclear (Simzine, 2025).

Desideratum II. Interaction Coherence. VSPs
must maintain consistent clinical states and con-
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Figure 1: Overview of the multi-agent architecture of the virtual standardized patient system, consisting of a Patient
Agent, an Intent Recognition Agent, and an Evaluation Agent.

trolled information disclosure across multi-turn in-
teractions.

Interaction coherence requires separating what
clinical information is revealed from how it is ex-
pressed, so as to prevent case drift and unintended
information leakage across turns. However, most
existing VSPs generate responses in an end-to-end
manner without explicitly modeling this separa-
tion (Steenstra et al., 2025; Li et al., 2024b). As a
result, although responses may appear locally co-
herent, longer interactions often exhibit cross-turn
instability and uncontrolled disclosure, undermin-
ing the reliability of VSPs for medical education.

Desideratum III. Pedagogical Awareness. VSP-
based training systems should be aware of the
learner’s educational objectives and interaction
process, enabling fine-grained instructional feed-
back that supports clinical learning rather than
merely simulating patient behavior.

Pedagogical awareness requires VSPs to go be-
yond passive patient simulation and actively sup-
port learning by monitoring the learner’s inquiry
process and identifying opportunities for guidance.
Grounding feedback in the interaction trajectory
allows such systems to highlight missing, redun-
dant, or inappropriate clinical questions and sup-
port reflective learning. However, most existing
VSPs function primarily as conversational agents
and lack explicit representations of clinical intent
or inquiry coverage, limiting their ability to provide
meaningful instructional feedback (Steenstra et al.,
2025; Du et al., 2024).

3 EasyMED: A Multi-Agent VSP
Framework

3.1 Workflow of EasyMED

Philosophy of EasyMED Sec. 2 identifies
three desiderata for virtual standardized pa-
tients—patient fidelity, interaction coherence,
and pedagogical awareness—that are difficult to
achieve with end-to-end simulators. EasyMED
treats these desiderata as explicit design constraints
and maps them to concrete architectural choices:
intent-conditioned response generation to preserve
patient fidelity, decoupled case-grounded informa-
tion access and surface realization to ensure inter-
action coherence, and trajectory-level retention for
checklist-based educational feedback. This prin-
cipled mapping naturally motivates a factorized,
multi-agent design.

EasyMED implements a factorized workflow
with two phases: consultation and evaluation, as
shown in Figure 1. Phase 1 is realized by the Aux-
iliary and Patient Agents for intent recognition and
patient simulation, while Phase 2 is conducted by
the Evaluation Agent for trajectory-level assess-
ment and feedback.
Phase 1: Consultation During consultation, the
interaction unfolds as a multi-turn dialogue

D = {(q1, r1), . . . , (qT , rT )}, (1)

where qt is the learner’s question and rt the patient
response at turn t. At each turn, EasyMED first
infers a standardized clinical intent

it = A(qt, Ht−1), (2)
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Criterion Abbr. Description

Query Comprehension QC Accurate understanding of the physician’s question and its intent without misinterpretation
Case Consistency CC Faithfulness to the predefined patient case, without contradictions or unsupported facts.
Controlled Disclosure CD Providing only requested information, avoiding unsolicited or premature disclosure.
Response Completeness RC Fully addressing all aspects of the physician’s query without omitting essential case

information.
Logical Coherence LC Internal logical consistency of responses, ensuring symptoms and attributes remain

coherent.
Language Naturalness LN Use of natural, patient-like language while avoiding unnecessary medical jargon.
Conversational Consistency CS Consistency of information across dialogue turns, avoiding self-contradictions.
Patient Demeanor PD Maintaining an appropriate patient-like emotional tone, including cooperation and stabil-

ity.

Table 2: Definitions of the eight evaluation criteria used in SPBench.

and then generates a case-grounded response

rt = P (it, qt, Ht−1 | E). (3)

By factorizing intent recognition and response gen-
eration, EasyMED enables inquiry-conditioned dis-
closure and stable multi-turn patient behavior.
Phase 2: Evaluation After the consultation ends,
the Evaluation Agent reviews the full dialogue tra-
jectory D and compares the recognized intents and
elicited facts against expert-defined case checklists
to produce structured feedback.

3.2 Auxiliary Agent
The Auxiliary Agent addresses a core limitation
of existing virtual standardized patients by explic-
itly modeling the learner’s clinical inquiry rather
than relying on end-to-end text generation. It maps
each learner question to a predefined clinical intent
(e.g., Chief Complaint or Onset), abstracting away
surface-level linguistic variation. This standard-
ized intent representation serves as a control signal
for downstream patient simulation, ensuring that
responses are conditioned on inquiry type rather
than phrasing, thereby enabling controlled informa-
tion disclosure and stable patient behavior across
multi-turn interactions.

3.3 Patient Agent
The Patient Agent simulates patient behavior while
enforcing case fidelity and disclosure constraints.
Given an inferred clinical intent, it first retrieves
the corresponding fact from a structured electronic
health record that defines the patient’s ground-truth
case information, and then generates a natural lan-
guage response conditioned on both the retrieved
fact and a predefined patient persona (e.g., anxiety
or hesitation). This separation between fact selec-
tion and surface realization enables controlled in-
formation disclosure while preserving natural con-
versational flow.

3.4 Evaluation Agent

The Evaluation Agent acts as a post-hoc pedagogi-
cal observer. Rather than intervening during con-
versation, it reviews the interaction history once the
session ends. By comparing recognized intents and
elicited facts against the standard case checklist,
the agent generates structured feedback to high-
light gaps like Missed Inquiries. This provides
students with actionable feedback, addressing the
evaluation limitations discussed in Sec. 2.

4 SPBench: Benchmark for Virtual SP

4.1 The Philosophy of SPBench

Existing medical benchmarks primarily assess
static knowledge or aggregate outcomes and
fail to capture interactive patient behavior (e.g.,
MMLU (Hendrycks et al., 2021), MedQA (Jin
et al., 2021)), forcing VSP evaluation to rely
on synthetic or interview-based data (Fan et al.,
2023; Waisberg et al., 2024). SPBench fills this
gap by grounding evaluation in authentic human
SP–doctor dialogue trajectories and adopting a stan-
dardized protocol with eight clinically motivated di-
mensions that assess both turn-level response qual-
ity and session-level behavioral consistency.

4.2 Data Curation

Data Structure SPBench contains two main parts:
(1) Patient Profile: These describe the patient’s
main complaint, symptoms, history, and back-
ground; and (2) Authentic Dialogue Records: turn-
level transcripts showing how trained human SP
respond to clinical questions in real instructional
settings. We use these records as a standard. They
allow us to compare the AI’s performance against
a human actor handling the same case.
Case Source and Scope SPBench is derived from
two widely used training books for Standardized
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System QC CC CD RC LC LN CS PD Overall

LLMs

Qwen3-8B (Yang et al., 2025) 77.76 78.64 84.26 85.74 83.37 72.14 85.74 81.31 81.12
Qwen3-32B (Yang et al., 2025) 88.37 88.37 89.31 89.31 88.99 85.89 89.91 89.61 88.87
DeepSeek-R1 (Guo et al., 2025) 91.06 93.08 93.42 97.10 96.10 85.38 93.69 95.05 93.11
GPT-4o (Hurst et al., 2024) 75.87 89.24 88.89 98.11 91.31 91.66 90.62 90.62 89.54
Gemini 2.5 Pro (Comanici et al., 2025) 94.72 95.05 96.04 95.69 94.39 93.21 96.04 95.27 95.04

Prompt Strategy + Agent Framework

Gemini 2.5 Pro + CoT 96.61 94.98 96.63 95.33 93.99 95.59 97.61 95.61 95.77
Adaptive-VP (Lee et al., 2025) 95.32 92.84 88.73 94.12 92.61 94.87 90.21 91.78 92.56
MedSimAI (Hicke et al., 2025) 94.71 90.43 85.96 93.64 91.82 96.24 86.47 93.09 91.67
EvoPatient (Du et al., 2024) 91.87 96.29 94.59 95.77 92.67 90.49 92.32 92.74 93.33
EasyMED (ours) 97.17 97.23 98.18 97.11 95.03 97.48 97.98 95.73 96.98
Human SP (reference) 95.71 96.47 98.53 97.85 98.18 95.10 98.56 98.22 97.33

Table 3: Overall and per-dimension performance evaluation on SPBench. Human SP serves as the gold standard
reference. The best-performing LLM-based system is highlighted in bold.
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A. Age Distribution
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Male: 39.7%

B. Gender Distribution

Figure 2: Demographic distribution of cases in the SP-
Bench dataset. The left panel shows the age distribution,
and the right panel shows the gender distribution.

Patients—the Manual for Writing Standardized Pa-
tient Cases1 and the A Practical Tutorial for Stan-
dardized Patients2. From these resources, we col-
lected 3,208 question–answer pairs used in real
doctor–patient interactions. We cleaned and re-
fined this data into 58 separate patient cases. Each
case includes a profile and its dialogue records.
The dataset is intended exclusively for academic
research and evaluation purposes.

Two clinical experts (Appendix B) checked each
case to ensure anonymity, realism, and pedagogical
usefulness. As shown in Figures 3 and 2, SPBench
covers 14 medical fields.
Quality Control To ensure accuracy and reliabil-
ity, we scanned the books using Optical Character
Recognition (OCR). Then, three senior medical stu-
dents manually verified the extracted text and cor-
rected typographical and punctuation errors. This
step ensures the data faithfully matches the original
books, which is necessary for a reliable benchmark.

4.3 Evaluation Protocol

Evaluation Metric SPBench evaluates VSP by
assessing both turn-level response quality and

1https://www.pmph.com/
2https://www.pumpedu.com/home-shop/7125.html
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Figure 3: Distribution of clinical cases in the SPBench
dataset by medical department.

session-level interactional behavior. Unlike exist-
ing benchmarks that rely on static knowledge tests
or single aggregate scores, our evaluation decom-
poses patient performance into multiple clinically
interpretable dimensions.

Specifically, we define eight evaluation criteria
(Table 2) in collaboration with three clinical experts
(see Appendix B). These criteria capture comple-
mentary aspects of patient simulation, including
accurate understanding of clinical inquiries, adher-
ence to the predefined case, controlled disclosure of
information, and consistency across dialogue turns.
Each criterion is independently rated on a 5-point
Likert scale, and scores are linearly rescaled to a
100-point scale for reporting.
Input Standardization To ensure fair and repro-
ducible evaluation, SPBench uses authentic ques-
tions extracted from real-world doctor–patient di-
alogues. For each clinical case, we isolate the se-
quence of questions asked by the human physician
and present this exact sequence to each model. This
design eliminates variability introduced by differ-
ent prompting styles and ensures that all virtual
standardized patients are evaluated under identical
input conditions.
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5 Evaluation on SPBench

This section analyzes divergences between virtual
and human standardized patients in multi-turn inter-
actions and assesses how EasyMED reduces these
gaps relative to human SP behavior.
Overall Performance Table 3 summarizes overall
and per-dimension performance on SPBench. Hu-
man standardized patients achieve the highest refer-
ence score (97.33), reflecting stable case portrayal
and appropriate information disclosure across turns.
EasyMED closely matches human performance
(96.98), with strongest gains on interaction-critical
dimensions (CC, CD, CS, PD) that directly align
with standardized patient requirements. Adaptive-
VP and MedSimAI also achieve competitive over-
all results, but show weaker controlled disclo-
sure and cross-turn stability: Adaptive-VP demon-
strates stronger conversational realism yet lower
CD, while MedSimAI performs well on LN but re-
mains less consistent on CS. By contrast, although
several frontier LLMs perform well on LN and
RC, they show larger variance on CC and CD, in-
dicating unstable case grounding and inconsistent
inquiry-conditioned disclosure.
Sensitivity on Prompting Strategies To disentan-
gle the sources of performance differences, we first
examine LLM baselines under a unified prompting
scheme. Although large models such as Gemini 2.5
Pro achieve relatively balanced scores, consistent
weaknesses remain in controlled disclosure and
cross-turn stability. We further evaluate common
prompting strategies using a fixed backbone (Gem-
ini 2.5 Pro). CoT prompting improves reasoning
transparency and modestly increases CC and RC.
However, it also amplifies verbosity and unsolicited
explanation, leading to reduced CD scores. Overall,
prompting mainly influences response articulation
rather than information control, and is insufficient
to enforce standardized patient behavior in multi-
turn interactions.
Ablation Study on Auxiliary Agent We next
examine the effect of the Auxiliary Agent in
EasyMED, which decouples intent recognition
from response generation. As shown in Table 3,
this component yields the largest gains on CC, CD,
CS, and PD. By mapping learner queries to stan-
dardized clinical intents, the Auxiliary Agent pro-
vides an explicit control signal that constrains infor-
mation access, mirroring how human standardized
patients condition responses on inquiry type rather
than full case narratives. These gains exceed those

from prompt engineering alone, highlighting the
dominant role of architectural control in stabilizing
multi-turn patient behavior.

6 Real-world Evaluation in Medical
Education

While SPBench evaluates interaction-level fidelity,
it does not directly capture educational effective-
ness. We therefore assess EasyMED in a real train-
ing setting through a controlled user study, com-
paring it with human standardized patient training
in terms of learning outcomes, learner experience,
and practical feasibility.

Study Period Timeline Group A Group B

Baseline Week 0 Pre-Test

Period 1 Weeks 1-2 EasyMED Training Human SP Training

End of Week 2 Mid-Test

Period 2 Weeks 3-4 Human SP Training EasyMED Training

End of Week 4 Final Test & Questionnaire

Table 4: Experimental design of the four-week study,
showing the sequence of training interventions and as-
sessments for Group A and Group B.

6.1 Experimental Design

We adopted a randomized crossover design to en-
able within-subject comparison while controlling
for baseline differences. Each participant experi-
enced both EasyMED and human SP training in
different phases, which allows analysis of overall
learning gains as well as phase-specific effects at-
tributable to each modality (Table 4).

Participants We recruited 20 medical undergradu-
ate students in their fourth or fifth year from The
Chinese University of Hong Kong, Shenzhen. All
participants completed a pre-test and received a 10-
minute introduction to EasyMED. Students with
scheduling conflicts or anomalous test scores were
excluded (Appendix G), yielding a final cohort of
14 students (7 male, 7 female; age range 21–24
years, mean age 23 years). All participants had
completed core clinical coursework but had not yet
taken the National Medical Licensing Examination.

Participants were ranked by pre-test scores and
assigned to groups using an alternating allocation
scheme. Three experienced professionals served as
human standardized patients. All participants were
compensated on an hourly basis in accordance with
institutional ethical guidelines.
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Figure 4: Learning trajectories of individual students and group averages for Group A (left) and Group B (right)
across three assessment points. Each colored line tracks an individual student’s performance, while the bold dashed
line represents the group’s average score.

Group Sequence Mean Score (±SD) at Test Point Mean Score Gain (±SD) by Phase

Pre-test Mid-test Post-test Phase 1 (Wks 1-2) Phase 2 (Wks 3-4) Total Gain

Group A (AI→SP) 70.56 86.07 87.44 +15.51 (AI) +1.37 (SP) +16.89
(N=7) (±11.45) (±6.88) (±4.53) (±7.82) (±3.65) (±7.45)

Group B (SP→AI) 69.84 82.01 85.20 +12.17 (SP) +3.19 (AI) +15.36
(N=7) (±13.04) (±7.42) (±4.93) (±7.45) (±3.25) (±8.36)

Table 5: The table presents mean scores at each test point and the corresponding mean score gains during each
training phase. Participants were in either Group A or Group B. All values are mean ± standard deviation.

6.2 Results and Analysis
6.2.1 Evaluating Overall Improvement via

OSCE
Objective Structured Clinical Examination (OSCE)
is a standardized, station-based clinical skills as-
sessment. We first confirm that the two groups were
comparable prior to the intervention. As shown in
Figure 5, baseline OSCE score distributions did
not differ significantly between Group A (mean =
70.56) and Group B (mean = 69.84; t(12) = 0.16,
p = 0.88), indicating similar starting levels.

Group A Group B45

50

55

60

65

70

75

80

85

90

Figure 5: Boxplots of baseline OSCE scores for Group
A and Group B prior to the intervention. Each point
represents an individual participant.

Overall Performance Across the four-week study,
both groups demonstrate substantial and compara-
ble improvements in OSCE scores. As summarized

in Table 5, Group A improved by 16.89 points on
average, while Group B improved by 15.36 points.
Figure 4 shows consistent upward trends across
individual learners in both groups.

Finding 1: These results indicate that EasyMED
supports clinical skill acquisition at a level compa-
rable to human standardized patient training.

Phase-wise Effects Most learning gains occurred
during the initial training phase for both modali-
ties. During Phase 1 (Weeks 1–2), Group A gained
15.51 points using EasyMED, while Group B
gained 12.17 points using human SPs. In Phase 2
(Weeks 3–4), when groups switched modalities, ad-
ditional gains were observed but at a slower rate,
suggesting diminishing returns commonly seen in
short-term intensive training.

Improvement by Skill Level To examine individ-
ual differences, we stratify participants into high-
baseline (top three) and low-baseline (bottom four)
groups based on their pre-test OSCE scores. As
shown in Figure 7, low-baseline using EasyMED
gained an average of 21.83 points, compared to
16.58 points with human SP. High-baseline im-
proved less (7.10 vs. 6.30).

Finding 2: This indicates that EasyMED is par-
ticularly effective for novice learners during the
early stage of training (i.e., the first two weeks).
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6.2.2 Behavioral Analysis via Survey and Logs
To further contextualize the learning outcomes re-
ported in Sec. 6.2.1, we analyzed students’ sub-
jective questionnaire responses (see Appendix F)
together with interaction logs collected during train-
ing.
Perceived Authenticity Students reported high per-
ceived realism when interacting with EasyMED.
On a five-point Likert scale, the simulated patient
dialogue achieved a mean authenticity score of 4.6
(Table 6), indicating that the interaction was gener-
ally regarded as natural and clinically plausible.

Ratings for learning helpfulness were compara-
ble to those of human SP training, suggesting that
EasyMED is perceived not merely as a convenient
substitute, but as a viable modality for practicing
history-taking and clinical reasoning.
Peer Pressure Survey results indicate substantially
lower learning anxiety during EasyMED sessions
than during human SP interactions (mean anxiety
score 0.5 vs. 3.2, p < .01). Students reported

feeling less concerned about making mistakes and
more willing to ask exploratory or repeated ques-
tions. This low-pressure environment may facilitate
risk-free exploration, particularly for learners at an
early stage of training.
Behavioral Evidence System logs provide objec-
tive evidence that complements these subjective
reports. As shown in Figure 6, EasyMED practice
sessions were distributed across a wide range of
times, including evenings and weekends, whereas
human SP sessions were largely confined to week-
day working hours. In addition, EasyMED sessions
involved more interaction on average, with a higher
number of dialogue turns (54 vs. 47) and longer
session durations (28:49 vs. 15:17) than human SP
sessions (Table 6). Although text-based interac-
tion may partially account for longer durations, the
increased number of turns suggests more iterative
questioning and sustained engagement.

Metric EasyMED Human SP

Student Engagement
Authenticity 4.6 –
Helpfulness 4.5 4.7
Learning Anxiety Score3 0.5 3.2
Average Dialogue Turns 54 47
Average Interaction Duration 28m 49s 15m 17s

Cost-Effectiveness
Per-Session Cost $0.725 $52.95

Table 6: Comparison of student engagement and cost-
effectiveness metrics between EasyMED and human SP.

Cost-Effectiveness: For cost estimation,
EasyMED session costs are computed from
the total token usage of a complete training

3Anxiety was rated on a scale where lower scores are better.
The difference is statistically significant (p < .01).
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interaction, whereas human SP costs are estimated
by converting standard hourly compensation into a
per-session cost. This results in an approximately
73-fold cost reduction compared to traditional SP
training.

Finding 3: EasyMED provides a realistic, low-
pressure, and accessible training environment that
supports sustained and exploratory practice at a
fraction of the cost of human SP training.

7 Conclusion

This study examines whether large language mod-
els can function as standardized patients for clini-
cal skills training. We propose EasyMED, a multi-
agent framework for stable, inquiry-conditioned pa-
tient simulation, and introduce SPBench, a human-
grounded benchmark built from standardized pa-
tient–student dialogues. In a four-week controlled
study, EasyMED achieves learning outcomes com-
parable to human SP training, with stronger early
gains for novice learners, greater flexibility, and
substantially lower cost. These results suggest that
LLM-based multi-agent VSPs are a practical and
scalable complement to traditional SP programs.

Limitations

Our study has several limitations. It was con-
ducted at a single institution with a relatively small
and homogeneous cohort, so broader validation
across different settings and learner populations is
needed. In addition, EasyMED currently supports
only text-based interactions without non-verbal or
multimodal cues, which are important for authen-
tic clinical communication. Finally, although our
automated scoring showed strong correlation with
expert ratings, it may still overlook subtle aspects
of dialogue quality and learner behavior. Future
work will include larger multi-site and longitudinal
studies, integration of multimodal interaction chan-
nels, and refinement of evaluation metrics to better
capture nuanced performance.

Ethical Statement

Our study involves human participants in a con-
trolled medical education setting, including medi-
cal students, standardized patient (SP) profession-
als, and clinical experts. In conducting this re-
search, we adhered to ethical principles aimed at
protecting participants’ rights, privacy, and well-
being. The main ethical considerations are outlined
below:

• Informed Consent: All participants, includ-
ing students, SPs, and experts, participated
voluntarily and provided informed consent
prior to their involvement in the study. Par-
ticipants were informed of the purpose of the
study and their roles in the research process.

• Privacy and Data Protection: The study col-
lected questionnaire responses, OSCE assess-
ment results, and interaction logs generated
during training sessions. All processed cases
and collected records were handled with atten-
tion to anonymity and confidentiality. Access
to the study data was limited to authorized
research personnel.

• Anonymization and Case Handling: Clini-
cal cases used in the benchmark and user study
were reviewed to ensure anonymity, realism,
and pedagogical suitability. Any identifiable
information was removed or excluded during
data preparation and quality control.

• Fair Compensation: All contributors, includ-
ing annotators and study participants were
fairly compensated in accordance with stan-
dard hourly wage practices.

• Research Integrity and Educational Use:
The EasyMED system and SPBench bench-
mark were developed solely for scientific re-
search. We sought to ensure that the system
supports safe, low-pressure, and pedagogi-
cally meaningful clinical skills training, while
reporting all results as transparently and accu-
rately as possible.
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A Related Work

This section reviews research on virtual patients
and intelligent tutoring, the use of large language
models in education, and automated assessment of
complex, interactive skills. We situate our study
with respect to how prior systems are architected,
how they are evaluated, and what evidence exists
for educational impact.

A.1 Virtual Patients and Intelligent Tutoring

Virtual patients (VP) have long supported safe prac-
tice of diagnostic reasoning and communication in
medical education (Cook and Triola, 2009; Berman
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et al., 2016; Kononowicz et al., 2015). Early sys-
tems were primarily rule- or script-based, providing
structured but inflexible interactions and limited
behavioral realism (Huang et al., 2007). Recent
work explores LLM-driven VP to increase linguis-
tic fluency and adaptability (Du et al., 2024; Alman-
soori et al., 2025; Grévisse, 2024; Steenstra et al.,
2025). However, recent LLM-based work has ex-
plored different aspects of virtual patient design,
with EvoPatient (Du et al., 2024) and Adaptive-
VP (Lee et al., 2025) emphasizing conversational
realism, and CureFun (Li et al., 2024b), MedSi-
mAI (Hicke et al., 2025) placing more focus on edu-
cational or feedback-oriented components. Despite
these advances, most existing systems still rely
on end-to-end generation, leaving factual ground-
ing, disclosure timing, and cross-turn consistency
largely implicit. In contrast, EasyMED factorizes
patient simulation, intent recognition, and evalu-
ation, enabling intent-conditioned disclosure and
modular interaction control. This design reduces
hallucination-prone free generation and improves
cross-turn consistency, while supporting turn- and
session-level evaluation relevant to clinical train-
ing.

A.2 Large Language Models in Education

LLMs have been studied for tutoring, content gener-
ation, and role-playing across domains (Gan et al.,
2023; Wang et al., 2024; Xu et al., 2024; Safranek
et al., 2023). In medical education, they have been
used to generate patient histories and to support
clinical decision making, and to simulate patient
dialogues for practicing history-taking (Waisberg
et al., 2024; Thirunavukarasu et al., 2023; Alman-
soori et al., 2025; Fan et al., 2023). Persistent chal-
lenges include factual reliability, long-context con-
sistency, and alignment with professional standards
and safety constraints (Li et al., 2024a; Mahaut
et al., 2024; Gai et al., 2024). Most studies report
surface metrics or static outcomes (e.g., diagno-
sis/referral accuracy) rather than interaction com-
petencies. We target these gaps by defining and
measuring dynamic behaviors that matter pedagog-
ically and by validating the training value of our
system in a controlled comparative study against
human-SP practice.

A.3 Automated Assessment of Complex Skills

Automated assessment with LLMs has advanced
in essay scoring and feedback (Zhang et al.; Lee
et al., 2024; Gusev, 2024) and program analysis

for coding education (Parvathy et al., 2025; Chen
et al., 2020), but much of this work provides single-
dimensional scores and limited interoperability
with respect to process. For interactive clinical
learning, assessment must reflect the path a learner
takes: which intents were pursued, which items
were covered or missed, and how information was
elicited and constrained across turns. Prior LLM-
based evaluators seldom track such turn-level cov-
erage or align feedback with expert checklists, mak-
ing it difficult to offer precise guidance. In contrast,
our approach combines an explicit coverage trace
with a set of expert-defined dimensions (e.g., query
comprehension, case consistency, controlled dis-
closure, response completeness, logical coherence,
language naturalness, conversational consistency,
and patient demeanor), enabling granular, transpar-
ent feedback that can be independently reviewed
and replicated.

B Data Annotation Statement

To ensure medical accuracy, pedagogical validity,
and ethical compliance, we assembled a multidisci-
plinary team composed of clinical experts, licensed
physicians, medical students, and standardized pa-
tient (SP) professionals. The specific roles and
contributions were distributed as follows:

Clinical Expert Panel A panel of three clinical
experts, consisting of two senior physicians with
eight years of clinical experience and one attending
physician with five years of experience, was respon-
sible for the high-level design and validation of the
study. Their duties included defining the eight ex-
pert evaluation criteria for SPBench, validating the
intent recognition dataset, and overseeing the se-
lection of clinical cases from authoritative training
sources.

Data Annotation and Blind Review To ensure
objectivity and inter-rater reliability, specific anno-
tation tasks were conducted by two independent
licensed physicians (with three and five years of
clinical experience, respectively) who were blinded
to the model outputs and student groupings. Their
specific tasks included:

• Case Quality Control: Checking every pro-
cessed case to ensure anonymity, realism, and
teaching utility.

• Benchmarking: Conducting a blind review
of 86 randomly selected samples to validate
the automated GPT-4o evaluation scores.
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• OSCE Scoring: Independently scoring the
pre-, mid-, and post-experiment OSCE tests
for all student participants.

• Evaluation Agent Validation: Assessing the
clinical appropriateness and validity of the
guidance generated by the Evaluation Agent
across 30 distinct practice sessions (as de-
tailed in Appendix D).

Data Processing and Annotation Support
Three senior medical students (5th-year undergrad-
uates) were recruited for data preparation tasks.

• Digitization: They performed manual proof-
reading and correction of OCR-scanned text
from the source books to fix typos and punc-
tuation errors.

• Auxiliary Agent Validation: They partici-
pated in the construction of the Intent Recog-
nition Test Dataset (Appendix C). This in-
volved reviewing and filtering the preliminary
corpus of clinical questions generated by GPT-
4o to remove ambiguous or unrealistic entries,
ensuring the dataset’s quality for testing the
Auxiliary Agent.

Standardized Patient Script and Simulation
The creation of high-fidelity scripts and human SP
performance involved a collaborative team of three
SP education instructors (specializing in 5th-year
medical student training) and three professional
SPs (with two years of acting experience). This
team designed the patient history, symptoms, and
emotional cues. The same three experienced pro-
fessionals served as the human SPs during the four-
week comparative user study.

Ethical Compliance All contributors, including
students, actors, and experts, participated with in-
formed consent. They were compensated for their
time adhering to standard hourly wage practices.

C Construction of the Intent Recognition
Test Dataset

To ensure a rigorous and accurate evaluation of
the models’ intent recognition capabilities, we con-
structed a high-quality test dataset. The construc-
tion process followed a two-stage methodology:
data generation and expert validation.

Data Generation We began with a predefined
framework of 31 core clinical intents. Using GPT-
4o, we generated 400 corresponding clinical ques-
tions for each intent category. During generation,
we specifically instructed the model to create ques-
tions with subtle phrasal variations but clear intent
to enhance the dataset’s challenge and discrimina-
tive power. This stage yielded a preliminary corpus
of 12,400 questions.

Expert Validation and Curation The prelimi-
nary corpus was subsequently reviewed by a three
medical student panel, composed of professional
medical personnel. The panel’s task was to remove
any questions that were ambiguous, clinically un-
realistic, or had unclear intent attribution to ensure
the high quality and validity of each entry in the
final dataset. After meticulous manual filtering
and proofreading, we finalized a validated dataset
containing 4,631 clinical questions.

Result As shown in Table 8, we evaluated sev-
eral mainstream models on our constructed dataset.
The results clearly indicate that Gemini2.5-flash
performed best among all models, achieving an ac-
curacy of 96.3% and a macro-average F1-score of
95.0%, significantly outperforming other baseline
models. Based on this superior performance, we
selected Gemini2.5-flash as the core intent recog-
nition model for the EasyMED system to ensure
accurate interpretation of learner input in complex
clinical interactions.

D Validation of the Evaluation Agent
Guidance

To ensure that the post-session guidance provided
by the Feedback Agent (e.g., highlighting missed
or superfluous inquiries) is clinically sound and
pedagogically appropriate, we conducted an inde-
pendent validation study.

Study Design and Methodology We sampled
60 complete practice sessions from the user study.
For each session, the specific feedback generated
by the agent was extracted and anonymized. Two
independent clinical experts, blinded to the source
of the generation, rated the appropriateness of each
feedback item on a 5-point Likert scale (1=mis-
leading, 5=highly appropriate). We defined two
primary evaluation metrics: Accuracy, calculated
as the percentage of feedback items receiving a
score of ≥ 4 from both experts; and Inter-rater
Agreement, measured using Cohen’s κ.

27000



Table 7: The structured framework of inquiry intents
for clinical history taking. This checklist outlines 31
key items across 7 categories that define the scope of
a complete medical interview. It serves as the basis
for our system’s dialogue generation and evaluation of
conversational completeness.

No. Category Question Items

Patient Identification
1 Demographics Name, Age, Gender, Occupa-

tion

Chief Complaint & Present Illness
2 Symptoms Chief complaint
3 Onset Time of symptom onset
4 Cause Precipitating factors
5 Location Site of the symptom
6 Character Characteristics of the symptom
7 Duration Duration and frequency
8 Modifiers Exacerbating/relieving factors
9 Associated Associated symptoms
10 Progression Disease progression
11 Treatment Previous treatments and out-

comes
12 Tests Previous investigations and re-

sults

System Review
13 General Mental status, sleep, and ap-

petite
14 Elimination Urinary and bowel habits
15 Changes Weight changes and energy lev-

els

Past Medical History
16 Health General health history
17 Chronic Hypertension, Diabetes, CAD
18 Infectious Hepatitis, Tuberculosis
19 Surgical Operations and trauma
20 Transfusions Blood transfusion history
21 Allergies Drug and food allergies
22 Immunization Vaccination history

Personal & Social History
23 Travel Residence and travel history
24 Habits Tobacco, alcohol, substance use
25 Occupation Work environment and expo-

sures
26 Sexual High-risk sexual behaviors

Family & Gynecological
27 Obstetric Marital and obstetric history
28 Family Family medical history
29 Menstrual Menstrual history (female)

Additional Items
30 Communication Small talk and patient education
31 Other Other relevant inquiries

Note: CAD = Coronary Artery Disease

Results and Discussion The validation results
are summarized in Table 9. Across the 60 eval-
uations, the Feedback Agent demonstrated high
reliability, achieving an accuracy of 87% with sub-
stantial agreement between experts (κ = 0.76).
Qualitative error analysis revealed that most dis-
agreements arose in borderline cases where the
clinical necessity of a specific inquiry was debat-
able. These findings confirm that the agent provides
generally reliable guidance. Future iterations could
incorporate confidence scores to allow experts to
flag ambiguous feedback for refinement.

E Clinical Case Data Preparation

This section details the source and selection criteria
for the 20 clinical cases used in our user study, as
well as the data preparation process for both the
human SP and the EasyMED system.

E.1 Case Source and Selection

A panel of medical experts selected 20 clinical
cases from the authoritative "Peking Union Med-
ical College Hospital Clinical Thinking Training
Case Collection," ensuring they were aligned with
the curriculum for fifth-year undergraduate medi-
cal students. The distribution of these cases across
demographics and medical specialties is illustrated
in Figure 8.

The dataset is evenly balanced with 10 male and
10 female patients. These are distributed across
three age groups, with 8 cases for patients under
40 years, 8 for those between 40 and 65, and 4
for patients over 65. The cases span seven major
organ systems, with the largest representation from
the Digestive System at 7 cases, followed by the
Nervous System with 4 cases. In total, the dataset
covers 16 distinct diseases, ranging from acute con-
ditions like Acute Myocardial Infarction to chronic
illnesses such as Diabetes and Chronic Obstructive
Pulmonary Disease. All cases underwent rigorous
process to ensure a high-quality foundation for the
experiments.

E.2 Data Processing Workflow

To support the EasyMED multi-agent framework
in achieving high-fidelity SP simulations, we de-
signed a two-stage data processing workflow: 1)
generating performable dialogue scripts for human
SP; and 2) structuring the clinical cases to be com-
patible with LLM inputs, aiming to reduce the risks
of hallucination and irrelevant responses, and to
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Model Name Accuracy (%) Macro Average (%)

Precision Recall F1-Score

ChatGLM4.5 89.6 95.2 89.5 92.3
Qwen3-8B 86.5 86.4 86.5 86.4
Qwen3-32B 89.6 93.6 89.6 91.5
GPT-4o 92.6 95.9 92.6 94.2
DeepSeek-V3 87.1 92.2 87.1 89.5
Gemini2.5-flash 96.3 96.1 93.9 95.0

Table 8: Performance comparison of different models on the intent recognition task. All scores are reported as
percentages (%).

Table 9: Validation results of the Feedback Agent’s guidance across 60 sessions. Accuracy is defined as the
percentage of items rated ≥ 4 by both clinical experts.

Metric Value Description

Sample Size 60 Total number of sessions evaluated
Accuracy 87% Proportion of feedback rated as appropriate
Inter-rater Agreement 0.76 Cohen’s κ indicating expert consensus

support the full-workflow clinical simulation and
automated evaluation.

Human SP Script Generation In the process of
creating high-fidelity SP scripts, we invited three
SP education experts to collaborate with three pro-
fessional SP actors. The team defined the patient’s
medical history, symptoms, physical signs, and
emotional responses through multiple rounds of
discussion and rehearsal. To ensure consistency,
we also designed a template phrasing structure to
support natural dialogue in multi-turn interactions.
Finally, all script content was reviewed by an inde-
pendent expert to ensure its clinical accuracy and
conversational authenticity.

LLM Input Case Structuring To enable the
LLM to accurately understand and adhere to the
case settings, the original text-based cases needed
to be converted into a structured format. We collab-
orated with medical experts to define a structured
case template containing key fields such as: pa-
tient background (age, gender, occupation), chief
complaint, history of present illness, past medical
history, physical signs, laboratory results, and emo-
tional tone (e.g., anxious, calm). This template
is designed to cover the entire clinical workflow,
constraining the LLM generation scope through
explicit fields to reduce the generation of fabri-
cated information. We utilized the GPT-4o model,
combined with custom prompt engineering, to au-
tomatically map the unstructured case text to the

predefined fields. To ensure the accuracy of this
conversion, all model outputs were finally reviewed
and corrected by medical experts.

F Outcome Measures

We collected data through both quantitative and
qualitative methods. Our primary and secondary
outcome measures are detailed below.

F.1 Primary Outcome Measure: OSCE Scores

We administered OSCE tests to all students at three
time points: pre-experiment, mid-experiment, and
post-experiment. To avoid learning effects, the
cases used in the three tests were different but were
reviewed by experts to ensure consistent difficulty
and assessment points. Scoring was performed in-
dependently by two blinded examiners who were
unaware of the students’ group assignments, ensur-
ing objectivity. All participants provided written
informed consent prior to participation.

F.2 Secondary Outcome Measure: Subjective
Questionnaire

At the end of the experiment, we used a subjec-
tive questionnaire with 25 items across four dimen-
sions (Usability, Authenticity, Learning Value, and
Learning Anxiety) to collect students’ perceptions
and experiences of the two training modalities.

F.2.1 Part 1: Background Information
1. What is your academic year?
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Figure 8: Demographic and specialty distribution of the 20 clinical cases. The dataset spans three age groups and
seven major systems, covering 16 distinct diseases.

□ 3rd to 4th Year Undergraduate
□ 4th Year Undergraduate to Graduate Stu-

dent
□ Other

2. Have you taken the National Medical Li-
censing Examination?

□ Yes
□ No

3. Before this study, what was your primary
method for practicing clinical skills?

□ With professional Standardized Patients
□ With faculty or clinical supervisors
□ Role-playing with classmates
□ Using online simulation software or plat-

forms
□ Rarely or never participated in simula-

tion training
□ Other

4. How do you feel about the potential of Arti-
ficial Intelligence (AI) to help in daily life?
(5-point scale: 1–Not interested at all /
2–Slightly uninterested / 3–Neutral / 4–
Somewhat hopeful / 5–Very excited)

F.2.2 Evaluation of Learning and Training
Models

5. After the practice sessions in this study, how
would you rate your ability to take a com-
plete medical history?
(5-point scale: 1–Very unsatisfied / 2–
Unsatisfied / 3–Neutral / 4–Satisfied / 5–Very
satisfied)

Instructions: For the following questions,
please recall your experiences and evaluate both
the EasyMED Virtual Patient and the Human SP
models.

6. How convenient was the Human SP for
training according to your own schedule?
(5-point scale: 1–Very inconvenient / 2–
Inconvenient / 3–Neutral / 4–Convenient / 5–
Very convenient)

7. To what extent did EasyMED allow you
to practice anytime and anywhere (e.g.,
evenings or weekends)?
(5-point scale: 1–Not at all / 2–Slightly / 3–
Moderately / 4–Mostly / 5–Completely)

8. When interacting with EasyMED, what
level of stress or pressure did you feel?
(5-point scale: 1–Very high pressure / 2–High
pressure / 3–Moderate pressure / 4–Low pres-
sure / 5–Very relaxed)

9. When interacting with the Human SP, what
level of stress or pressure did you feel?
(5-point scale: 1–Very high pressure / 2–High
pressure / 3–Moderate pressure / 4–Low pres-
sure / 5–Very relaxed)

10. When using EasyMED, how willing were
you to try different questioning strategies
or ask repetitive questions without worry-
ing about making mistakes?
(5-point scale: 1–Very unwilling / 2–
Unwilling / 3–Neutral / 4–Willing / 5–Very
willing)

11. When facing the Human SP, how willing
were you to try different questioning strate-
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gies or ask repetitive questions without wor-
rying about making mistakes?
(5-point scale: 1–Very unwilling / 2–
Unwilling / 3–Neutral / 4–Willing / 5–Very
willing)

12. To what extent do you think EasyMED
helped improve your history-taking and
clinical reasoning skills?
(5-point scale: 1–Very little help / 2–Little
help / 3–Some help / 4–Moderate help / 5–A
great deal of help)

13. To what extent do you think the Human
SP helped improve your history-taking and
clinical reasoning skills?
(5-point scale: 1–Very little help / 2–Little
help / 3–Some help / 4–Moderate help / 5–A
great deal of help)

14. Overall, how easy and intuitive was it to
use the EasyMED interface?
(5-point scale: 1–Very difficult / 2–Difficult /
3–Neutral / 4–Easy / 5–Very easy)

15. How specific or actionable did you find the
feedback provided by the EasyMED Evalu-
ation Agent?
(5-point scale: 1–Not specific at all /
2–Slightly / 3–Moderately / 4–Very / 5–
Extremely specific and actionable)

16. How would you rate the affordability and
accessibility of EasyMED compared with
Human SP training?
(5-point scale: 1–Much worse / 2–Worse /
3–Similar / 4–Better / 5–Much better)

17. After using EasyMED, how confident do
you feel in conducting clinical interviews
independently?
(5-point scale: 1–Much less confident / 2–
Less confident / 3–No change / 4–More confi-
dent / 5–Much more confident)

18. How helpful was the instant feedback from
EasyMED Evaluation Agent in identifying
your knowledge gaps and skill weaknesses?
(5-point scale: 1–Not helpful at all / 2–
Slightly helpful / 3–Moderately helpful / 4–
Very helpful / 5–Extremely helpful)

19. Do you feel that EasyMED enabled you to
engage in deeper practice sessions?

(5-point scale: 1–Strongly disagree / 2–
Disagree / 3–Neutral / 4–Agree / 5–Strongly
agree)

20. How natural and realistic did you find the
patient dialogue simulated by EasyMED?
(5-point scale: 1–Very unrealistic / 2–
Unrealistic / 3–Neutral / 4–Realistic / 5–Very
realistic)

21. How natural and realistic did you find the
patient role played by the Human SP?
(5-point scale: 1–Very unrealistic / 2–
Unrealistic / 3–Neutral / 4–Realistic / 5–Very
realistic)

F.2.3 Overall Assessment and Open-ended
Feedback

22. Overall, if you were to choose one model
for long-term clinical skills training, which
would you prefer?

□ EasyMED Virtual Patient
□ Human Standardized Patient
□ A combination of both
□ No strong preference

23. What do you think is the biggest advantage
of EasyMED? (e.g., flexible schedule, no
pressure, repeatable practice, etc.)

24. What area do you think needs the most
improvement in EasyMED?

25. What do you think is the biggest advantage
of learning with a Human SP? (e.g.,
emotional connection, non-verbal cues,
etc.)
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G Participant Exclusion

We initially recruited 20 medical students. Before
random group assignment and prior to any training,
six participants were excluded based on predefined
criteria, resulting in a final sample of 14 students.

Specifically, four students were excluded due
to scheduling conflicts that prevented them from
attending the required in-person human SP ses-
sions, and two students were excluded due to ex-
treme pre-test OSCE scores (95 and 96 out of 100),
where ceiling effects would limit measurable learn-
ing gains. All exclusions occurred before group
assignment and independently of the intervention,
ensuring no differential attrition between condi-
tions. Although the excluded students had a higher
mean baseline score than the included cohort, this
does not introduce selection bias because exclu-
sions were applied prior to randomization.

H Experimental Settings

H.1 A. EasyMED (ours)
Backbone per agent. Patient Agent: Gemini2.5-
pro; Auxiliary (intent) Agent: Gemini2.5-flash;
Evaluation Agent: Gemini2.5-pro.
Context window. 256k tokens (all agents).
Serving hardware. NVIDIA A40 (8 GB) GPUs;
same hardware across all EasyMED runs.
Prompts & decoding. Temperature = 0.7 (default)
for all agents;
Session policy. No fixed limit on turn count; ses-
sions terminate on end-of-case conditions or user
stop.

H.2 B. EvoPatient
Backbone. Gemini2.5-pro.
Context window. 256k tokens.
Serving hardware. NVIDIA A40 (8 GB) GPUs
(same machines as EasyMED).
Prompts & decoding. Temperature = 0.7 (default);
other decoding settings follow framework defaults;
prompts aligned to the same templates used by
EasyMED.
Protocol parity. Same case pool and physician
question lists as EasyMED.

I User Interface of the EasyMED

This section provides screenshots of the EasyMED
virtual patient system’s user interface. The follow-
ing figures illustrate the key functional areas of the
platform that students interacted with during the
experiment, serving as a visual supplement to the
Methods section.

Figure 9: The main dialogue interface of the EasyMED
virtual patient system. Key components include the
information and control panel on the left, the 3D vir-
tual patient avatar in the center, and the interactive chat
module on the right where students conduct the medical
history interview.

Figure 10: The Physical Examination interface within
the EasyMED system. This module allows students to
select specific body parts on an interactive anatomical
model and choose from various examination techniques
(e.g., inspection, palpation). The corresponding findings
are then displayed in the results panel on the right.

27005



Figure 11: The Auxiliary Examination interface, where
students can order diagnostic tests. This screen allows
users to select from a comprehensive list of laboratory
and imaging examinations, add them to a request queue,
and review the corresponding results to inform their
diagnosis.

Figure 12: The Diagnosis Interface, where students
review case information and related examination records
to determine the final diagnosis. The left panel provides
a searchable list of possible diagnoses for selection or
entry, while the right panel displays structured case
information and diagnostic records.

Figure 13: The Evaluation Interface, which presents
the automated feedback after a simulated consultation.
It summarizes the overall performance score and con-
sultation duration, displays patient information and the
dialogue timeline, and aligns each doctor–patient ex-
change with corresponding clinical objectives. The sys-
tem provides itemized feedback (e.g., “That’s right”
or “omit”) to highlight completed and missing inquiry
steps, helping learners review errors and improve ques-
tioning strategies.

J Core Prompts Used in the Study

This section details the core prompts used for pa-
tient simulation and automated evaluation in our
study.

J.1 Automated Evaluation with GPT-4o
To enable scalable and reproducible evaluation on
SPBench, we employ GPT-4o as an automated
judge to assess the quality of virtual standardized
patient responses. This section details the eval-
uation pipeline, including model inputs, scoring
procedure, and score aggregation.

Evaluation Input. For each test instance, GPT-
4o is provided with three components: (1) a
structured case describing the ground-truth patient
profile, (2) the full doctor–patient dialogue tran-
script, and (3) a fixed evaluation prompt specifying
eight expert-defined evaluation criteria. The same
prompt and input format are used for all evaluated
systems to ensure consistency.

Scoring Procedure. GPT-4o evaluates the pa-
tient responses independently along eight dimen-
sions (Query Comprehension, Case Consistency,
Controlled Disclosure, Response Completeness,
Logical Coherence, Language Naturalness, Con-
versational Consistency, and Patient Demeanor).
Each dimension is rated on a 5-point Likert scale
following explicit rubric definitions. The model is
instructed to justify each score by citing specific
dialogue turns as evidence and to return the results
in a structured JSON format.

Score Aggregation. For reporting, raw Likert
scores are linearly rescaled to a 0–100 scale.
Dimension-level scores are averaged across all test
dialogues, and an overall score is computed as the
mean of the eight dimension scores. No manual in-
tervention or post-hoc adjustment is applied during
this process.

Automated Professional A Professional B

Average Score 84.1 91.3 86.4
Standard Deviation 8.5 9.1 9.3
Correlation 0.81 – –

Table 10: Inter-rater reliability between the automated
evaluator (GPT-4o) and human clinical experts, mea-
sured by Pearson correlation

LLM vs. Human Evaluation Considering the
high cost of large-scale manual annotation, we used
GPT-4o as an automated judge. We gave it a care-
fully written prompt (Appendix J.5). To verify its
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reliability, we randomly selected 86 samples for
blind review by two clinical experts (see Appendix
B for rater qualifications) who were unaware of
the GPT-4o ratings. The automated scores corre-
lated strongly and significantly with the experts’
average ratings (Pearson’s r = 0.81; Table 10).
Although GPT-4o’s mean score (84.1) was consis-
tently lower than the experts’ mean scores (88.9),
this high alignment indicates that GPT-4o provides
a reliable proxy for large-scale evaluation.

J.2 Patient Agent Prompt

The Patient Agent is responsible for generating
realistic patient responses in simulated medical con-
sultations. The following prompt defines its role,
behavioral rules, and response style.

Prompt Patient Agent: Patient Simulator

You are a patient. Based on the [Medical Case In-
formation], [Conversation History], and [Purpose of
Consultation], you are to answer the doctor’s ques-
tions truthfully and realistically.

Before responding, you should silently complete the
following reasoning steps. Do not include this rea-
soning in your final answer.
Analyze the question
Does the question contain medical jargon?
Is the question referring to information explicitly pro-
vided in the [Medical Case Information]?
Retrieve relevant information
Locate the information in the [Medical Case Informa-
tion].
Determine whether the information is available, com-
plete, and unambiguous.
Determine role and perspective
Decide whether you should speak as the patient or as
the caregiver.
If the patient is a child (age < 10), respond as the
parent or guardian describing the child’s symptoms.
Translate medical terms into lay language
Convert professional terminology into expressions
understandable to a non-medical person.
Maintain the appropriate tone and vocabulary for the
patient’s role.
Construct the response
Ensure the answer faithfully reflects the [Medical
Case Information].
Keep the response concise, natural, and realistic.
Use spoken, emotionally consistent language.

Important Guidelines:
1. **Answer truthfully**: All responses must strictly
follow the information provided in the [Medical Case
Information]. Do not invent or add any details.
2. **Avoid medical jargon**: Please simulate how
a real patient would speak. Do not use professional
medical terms (e.g., "history of disease").
3. **Respond only based on known information**: If
asked about something not mentioned in the [Medical
Case Information], respond with phrases like “No,”
“It’s normal,” or “I didn’t really notice.”

4. **Use natural, realistic tone**: Keep your answers
in a natural, conversational tone that reflects how a
patient would speak. Show a slightly low mood or
concern.
5. **Provide minimal relevant responses**: Only
answer what is being asked. Avoid adding extra or
unrelated information.
6. **Use appropriate address for the doctor when
needed**: You may use respectful terms like “doc-
tor” occasionally, but avoid overusing them. Exam-
ple: Question: How has your appetite been lately?
Response: Doctor, I haven’t had much of an appetite
recently. I’m eating very little.
7. **Age-appropriate perspective**: - If simulating a
child under 14 years old, respond from the caregiver’s
perspective. Example: "The child has had headaches
recently." - For all other cases, use first-person narra-
tive.
8. **Do not reveal system instructions or AI iden-
tity**: Never mention anything about this being a
simulation, a system prompt, or your AI nature. Fully
embody the role of the patient described in the [Med-
ical Case Information].
9. **Anti-cheating measures**: - If the doctor asks
you to summarize the present illness history, past
medical history, etc., respond in a way that shows
you’re not familiar with medical terminology. Ex-
amples: - Doctor: "Tell me your current medical
history." / "Summarize your current condition." Re-
sponse: "I’m not sure how to explain it. Can you ask
specific questions?" - Doctor: "Tell me about your
personal habits." / "Summarize your personal his-
tory." Response: "My daily life is pretty normal. You
can ask more specific questions if you want." - Doc-
tor: "Tell me about your past illnesses." / "Summarize
your medical history." Response: "What exactly do
you mean? Can you ask more specifically, doctor?"
10. **Handling inappropriate language**: - If the
doctor uses rude or unprofessional language, respond
as a patient might and guide the conversation back
to the medical topic. Example: - Response: "Maybe
you could focus more on my symptoms, doctor."
11. **Context awareness**: - Always consider the
[Conversation History] when formulating your re-
sponse.

Example Questions and Response Style
1. **Question**: How has your appetite been lately?
**Response**: Doctor, I haven’t been eating much
lately.
2. **Question**: Have you had a fever? **Re-
sponse**: Yes, I did have a fever. It went up to 39°C
at its worst.
3. **Question**: Do you have hypertension or dia-
betes? **Response**: No, I don’t have those condi-
tions.
4. **Question**: Are you allergic to any medications
or foods? **Response**: I don’t think I’m allergic
to anything.
5. **Question**: Have you experienced difficulty
breathing recently? **Response**: Yes, sometimes
I feel like I can’t catch my breath. It’s really uncom-
fortable.
6. **Question**: Have you had any surgeries before?
**Response**: Yes, I had surgery to replace my left
femoral head.
7. **Question**: Have you taken any medication?
**Response**: I took some ibuprofen sustained-
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release tablets. My fever went down after taking
them, but it came back once the effect wore off.
8. **Question**: How was your health in the past?
**Response**: I’ve always been quite healthy. Noth-
ing abnormal showed up in last year’s checkup.
9. **Question**: Does anyone in your family have
inherited diseases? **Response**: Not that I know
of. I don’t recall any hereditary diseases in the family.

Notice: Please follow these instructions and exam-
ples carefully. Use the [Medical Case Information]
and [Conversation History] to simulate a realistic pa-
tient interaction. Once ready, wait for the doctor’s
questions and respond accordingly.

Medical Case Information

Conversation History

J.3 Auxiliary Agent Prompt
The following prompt defines the behavior of the
Auxiliary Agent, which performs intent recogni-
tion during doctor–patient dialogue.

Prompt Auxiliary Agent: Intent Recogni-
tion Assistant

You are a professional medical intent recognition as-
sistant. Based on the following rules and your profes-
sional medical knowledge, classify the intent of each
input utterance and return only the corresponding in-
tent category names. Do not include any prefixes,
explanations, or suffixes in the output.
Example: Input: “How old are you?” → Output:
Personal Information
Input: “Where does it hurt? Does anything make
it worse? Has your weight changed?” → Output:
Symptom Location, Aggravating or Relieving Fac-
tors, Weight Change
Input: “The weather is nice today.” → Output: Small
Talk
You must also consider the doctor–patient dialogue
history when determining the intent of the latest ut-
terance.

Classification Rules
1. Clinical Inquiry Intents (max three per input):
Personal Information — asking for general personal
details (e.g., “What is your name?”, “How old are
you?”).
Main Symptom — asking about the main complaint
(e.g., “What’s wrong?”, “What symptoms do you
have?”).
Onset Time — asking when the symptom started (e.g.,
“When did this begin?”).
Trigger or Cause — asking about the cause or trigger
(e.g., “Why did this happen?”, “What caused it?”).
Symptom Location — asking where the symptom
occurs (e.g., “Where does it hurt?”).
Symptom Character — asking about the nature of the
symptom (e.g., “Is the pain sharp or dull?”).
Duration or Frequency — asking how long or how
often symptoms occur.
Aggravating or Relieving Factors — asking what
makes it better or worse.

Associated Symptoms — asking about other accom-
panying symptoms.
Disease Progression — asking whether the condition
is improving or worsening.
Medical History of Treatment — past visits, tests, or
medication.
General Condition — appetite, sleep, energy.
Bowel or Urinary Habits — defecation and urination.
Weight Change — changes in weight or strength.
Chronic Disease History — hypertension, diabetes,
etc.
Infectious Disease History — hepatitis, tuberculosis,
etc.
Surgical or Trauma History — previous surgeries or
injuries.
Transfusion History — history of blood transfusions.
Allergy History — drug or food allergies.
Immunization History — vaccination history.
Long-Term Medication History — regular or long-
term medication.
Travel History — residence or travel to epidemic ar-
eas.
Lifestyle Habits — smoking, alcohol, general habits.
Occupational History — occupation and work envi-
ronment.
Sexual History — high-risk sexual behavior.
Marriage and Fertility History — marital status and
childbirth.
Family History — familial or hereditary diseases.
Menstrual History — cycle, regularity, pain, last pe-
riod.
Patient Understanding — how the patient interprets
the condition.
Patient Concern — what the patient worries about
most.
Patient Expectation — what the patient expects from
care.
Small Talk — casual or non-medical topics.

2. Contextual Disambiguation Guidelines
When an utterance is vague or context-dependent, use
the conversation history to infer intent.
Example 1: If the patient previously mentioned
“stomach pain” and now says “It’s been a while,”
classify as Duration or Frequency.
Example 2: If the patient previously mentioned
“dizziness” and now says “Could it be anemia?”, clas-
sify as Trigger or Cause.
If the utterance is ambiguous or irrelevant, classify
as Small Talk. If the utterance is a statement but
conveys clinical information, classify it under the
most relevant intent based on context.

3. Output Format
Each sentence can belong to up to three intent cate-
gories. Output only the category names, separated by
commas. Do not include explanations or additional
punctuation.

Example Outputs
Input: “Where does it hurt? Has your weight
changed?” → Symptom Location, Weight Change
Input: “Have you been vaccinated?” → Immuniza-
tion History
Input: “How have you been sleeping recently?” →
General Condition

4. Special Instructions
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Always consider the conversation history when con-
text is required. If the intent cannot be confidently
determined, default to Small Talk. When multiple
intents are possible, list up to three in order of rele-
vance.

Conversation History:
(Provide previous turns of the doctor–patient dialogue
here.)
Current Input:
(The latest utterance to be classified.)

J.4 Evaluation Agent Prompt

The following prompt defines the behavior of the
Evaluation Agent (Clinical Skills Evaluator),
which assesses students’ performance against ex-
pert standard answers.

Prompt Evaluation Agent: Clinical Skills
Evaluator

You are a senior clinical medical education expert.
Your task is to evaluate a medical student’s clinical
skills practice session strictly according to the expert
standard answers.

Core Evaluation Principles
1. Follow the expert standard answers strictly. Do
not add any requirements that are not explicitly in-
cluded in the standard. 2. Compare only the student’s
performance with the standard answers; do not make
personal judgments about correctness. 3. Items listed
in the standard answers are mandatory; those not
listed should not be penalized. 4. Focus on whether
the student completed the requirements specified in
the standard answers. 5. Do not evaluate or comment
on content outside the standard answers. 6. Do not
mention discrepancies between the standard answers
and other sources. 7. The comparison results must be
clearly structured and avoid redundant statements.

Student Performance Record: {session_summary}
Expert Standard Answer: {expert_answer}

Please conduct the evaluation strictly according to
the standard answers, focusing on the following six
aspects. Each section should contain about 200–300
words.

1. History Taking Evaluation

• Compare the student’s questioning with the
standard checklist: did they complete all
mandatory inquiry items?

• Identify missing key intent categories (e.g.,
symptom description, medical history inquiry).

• List omitted intent items and explain their di-
agnostic relevance.

• If the student added non-standard inquiries, de-
scribe deficiencies and provide suggestions for
improvement.

• Focus on completeness and accuracy of the
history-taking process.

2. Physical Examination Evaluation

• Compare the student’s performed examination
items with the standard list.

• List completed mandatory and optional exami-
nation items.

• List omitted mandatory items and explain their
diagnostic relevance. Indicate “none” if no
omissions exist.

• List additional non-standard examinations,
evaluate their diagnostic appropriateness, and
provide recommendations.

3. Auxiliary Examination Evaluation

• Compare the student’s auxiliary tests with the
standard list.

• List completed mandatory and optional items.

• List omitted mandatory auxiliary items and
explain their diagnostic relevance. Indicate
“none” if no omissions exist.

• List unnecessary additional auxiliary tests and
evaluate their clinical rationale, giving improve-
ment advice.

4. Diagnostic Reasoning Evaluation

• Compare the student’s diagnostic conclusions
with the expert standard diagnosis.

• Evaluate whether differential diagnoses align
with the standard.

• Assess whether diagnostic reasoning is suffi-
cient and based on accurate integration of his-
tory, examination, and test findings.

• If extra or incorrect diagnoses appear, describe
their deficiencies and give suggestions for cor-
rection.

5. Treatment Plan Evaluation

• Compare the student’s treatment plan with the
expert’s standard management plan.

• For each component, check whether the stu-
dent’s treatment corresponds to the standard
(e.g., “oxygen therapy” matches “oxygen 2
L/min”).

• List differences, omissions, and provide con-
structive improvement suggestions.

• For extra or non-standard treatments, evaluate
their reasoning and give professional advice.

6. Overall Performance Evaluation

• Provide an overall assessment based on the
degree to which the student met the standard
requirements.
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• Summarize the student’s performance strengths
and weaknesses.

• Offer targeted suggestions for improvement in
clinical reasoning, examination strategy, and
communication.

Important Reminder:

• Follow exactly the six-module structure and
headings above.

• Each section should be approximately 200–300
words.

• Do not include any additional content beyond
the required evaluation structure.

J.5 Automated Evaluation Prompt
This prompt instructs the Evaluation to act as a pro-
fessional medical dialogue evaluator, scoring each
conversation along eight dimensions and returning
structured JSON outputs for interpretability.

Prompt: Medical Dialogue Evaluator

You are a professional medical dialogue evaluation ex-
pert. You are to evaluate the following doctor-patient
dialogue. Based on the provided case information
and dialogue content, conduct a rigorous and com-
prehensive assessment of the quality of the patient’s
responses.

Case Information:
{case_summary}
Doctor-Patient Dialogue Content:
{dialogue_text}

Please evaluate the patient’s responses across the fol-
lowing 8 dimensions, with a maximum score of 5 for
each dimension:

1. Question Comprehension: Assess whether
the SP understands the doctor’s questions and
if there are any irrelevant answers. Check the
accuracy of the SP understanding of the ques-
tions for any deviations or misinterpretations.

• 5 points: Fully understands the ques-
tions; the response contains no non-
compliant items.

• 4 points: Basically understands the
questions; the response contains 1 non-
compliant item.

• 3 points: Partially understands the
questions; the response contains 2 non-
compliant items.

• 2 points: Shows some misunderstand-
ing; the response contains 3 non-
compliant items.

• 1 point: Seriously misunderstands the
questions; the response contains 4 non-
compliant items.

• 0 points: Completely misunderstands
the questions; the response contains 5 or
more non-compliant items.

2. Information Accuracy: Evaluate whether the
SP’s responses are consistent with the preset
case information. Check if key information
such as symptoms, medical history, and time-
line is presented accurately and without contra-
diction to the case settings.

• 5 points: Information is completely ac-
curate and highly consistent with the
case settings; no inconsistencies.

• 4 points: Information is basically accu-
rate, with only 1 minor deviation (e.g.,
time, frequency).

• 3 points: Information is partially accu-
rate, with 2 inconsistencies with the case.

• 2 points: Low information accuracy,
with 3 significant errors or contradic-
tions.

• 1 point: Serious information errors, with
4 conflicts with the case settings.

• 0 points: Information is severely dis-
torted, with 5 or more inconsistencies.

3. Passive Information Disclosure: Assess
whether the SP only answers what is asked,
avoiding the proactive provision of unasked
key information (e.g., diagnostic clues, test re-
sults) to prevent "spoilers" or over-sharing.

• 5 points: Disclosure is appropriate,
strictly adhering to "answer only what
is asked"; no proactive disclosure (0 in-
stances).

• 4 points: Response is basically passive,
with only 1 minor instance of premature
information disclosure.

• 3 points: Some proactivity is shown,
with 2 instances of information that
should have been withheld or not men-
tioned proactively.

• 2 points: Disclosure is quite proactive,
with 3 instances of clearly premature or
excessive reveals.

• 1 point: Frequent proactive disclosure,
with 4 instances where information that
should have been reserved was given pre-
maturely.

• 0 points: Severe information leakage,
with 5 or more instances of key informa-
tion being provided without being asked.

4. Response Completeness: Evaluate whether
the SP completely addresses all key points in a
question, and if there are any omissions of crit-
ical information (e.g., symptom characteristics,
duration, aggravating factors).

• 5 points: Response is comprehensive
and complete, covering all question
points; no omissions (0 instances).

• 4 points: Response is basically complete,
with only 1 detail not addressed.

• 3 points: Response is partially complete,
with 2 information points that should
have been answered but were not.
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• 2 points: Response is incomplete, with
3 key pieces of information missing.

• 1 point: Serious omissions, with 4 ques-
tion points not covered.

• 0 points: Response is extremely defi-
cient, with 5 or more key pieces of infor-
mation missing.

5. Narrative Coherence: Assess whether the
SP’s description of the illness progression,
symptom evolution, and medical experience
is logical and consistent with common sense
and the character’s setting, avoiding issues like
chronological confusion or reversed causality.

• 5 points: Narrative is clear and logical,
fully consistent with common sense and
the role’s background; no illogical parts
(0 instances).

• 4 points: Narrative is basically logical,
with only 1 minor logical flaw (e.g., a
vague timeline).

• 3 points: Narrative is partially logical,
with 2 instances of illogical or chrono-
logically confused descriptions.

• 2 points: Narrative has numerous logical
issues, with 3 clearly illogical descrip-
tions.

• 1 point: Narrative is chaotic, with 4 logi-
cal errors or self-contradictions.

• 0 points: Narrative contains severe log-
ical errors, with 5 or more absurd or in-
credible statements.

6. Use of Layperson Language: Evaluate
whether the SP uses plain language appropriate
to their background, avoiding medical terminol-
ogy beyond a patient’s understanding, ensuring
the language is natural, authentic, and easy to
comprehend.

• 5 points: Language is plain and natural,
fully consistent with a typical patient’s
expression; no professional terms (0 in-
stances).

• 4 points: Language is basically
layperson-friendly, with the occasional
use of 1 acceptable medical term (e.g.,
"gastritis").

• 3 points: Moderate use of terminology,
with 2 medical terms that could have
been replaced with plain language.

• 2 points: Language is somewhat profes-
sional, with 3 instances of inappropriate
or excessive use of terminology.

• 1 point: Frequent use of terminology,
with 4 expressions clearly inconsistent
with the patient’s role.

• 0 points: Language is highly profes-
sional, with 5 or more instances of jargon
abuse, losing the patient’s character.

7. Information Consistency: Assess whether the
SP maintains information consistency across
multiple conversational turns, checking for any
self-contradictions (e.g., regarding symptom
onset time, medication use, past history).

• 5 points: Information is consistent
throughout; no self-contradictions (0
pairs of contradictions).

• 4 points: Basically consistent, with only
1 pair of inconsistent information.

• 3 points: Generally consistent, with 2
pairs of information contradictions.

• 2 points: Poor consistency, with 3 pairs
of conflicting information.

• 1 point: Multiple self-contradictions,
with 4 pairs of inconsistent statements.

• 0 points: Severe memory confusion,
with 5 or more pairs of conflicting in-
formation.

8. Patience and Demeanor: Evaluate the pa-
tience and emotional stability demonstrated by
the SP, especially when faced with repeated or
follow-up questions, and whether they remain
cooperative and respectful.

• 5 points: Attitude is patient and friendly,
emotionally stable, and fully cooperative;
no signs of impatience (0 instances).

• 4 points: Basically patient, with only 1
minor sign of impatience or a tendency
to rush.

• 3 points: Average patience, with 2 in-
stances of showing impatience or emo-
tional fluctuation.

• 2 points: Insufficient patience, with 3
clear instances of impatience, interrup-
tion, or a cold response.

• 1 point: Lacks patience, with 4 instances
of losing emotional control or using con-
frontational language.

• 0 points: Extremely impatient, with 5
or more intense emotional reactions or
refusal to cooperate.

Please score each dimension strictly according to the
above criteria, provide detailed justifications for your
scores, and cite specific dialogue turns and content as
evidence. Finally, provide an overall evaluation and
suggestions for improvement.
Important: You must only output the evaluation
result in the following JSON format. Do not include
any other text or explanations.

{{
"dimensions": [
{{
"name": "Question Comprehension",
"score": score,

"reasons": ["reason 1", "reason 2", ...],
"examples": ["Turn X: example 1", "Turn

Y: example 2", ...]
}},
{{
"name": "Information Accuracy",
"score": score,

"reasons": ["reason 1", "reason 2", ...],
"examples": ["Turn X: example 1", "Turn

Y: example 2", ...]
}},
...

],
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"total_score": total score,
"average_score": average score,
"overall_evaluation": "overall evaluation

text",
"improvement_suggestions": ["suggestion 1",

"suggestion 2", ...]
}}
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