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Abstract

Large language models (LLMs) have been
widely adopted in healthcare, yet they still en-
counter significant challenges in complex clini-
cal decision-making scenarios. Existing bench-
marks primarily assess LLM performance in
single-course settings and lack systematic eval-
uation in multi-course scenarios, where a pa-
tient’s condition evolves over time. To address
this gap, we propose ClinicalMC, a bench-
mark for multi-course clinical decision-making.
It includes 1,275 Chinese and 5,804 English
samples across four stages from admission to
discharge. These stages cover triage, first-
course examination/diagnosis/treatment, sub-
sequent multi-course examination/assessmen-
t/treatment, and final diagnosis. In ClinicalMC,
patients in the English dataset undergo an av-
erage of 5.11 clinical courses, whereas those
in the Chinese dataset undergo 3.42. To as-
sess LLM performance, we construct a multi-
agent evaluation framework that includes pa-
tient, examiner, and doctor agents. Based on
the benchmark and framework, we design two
experimental settings—a single-turn static set-
ting and a multi-turn dynamic setting—and as-
sess three categories of LLMs: 1) closed-source
LLMs like GPT5-mini; 2) open-source LLMs
like DeepSeek-V3.2, and 3) medical LLMs like
HuatuoGPT-o1. Through extensive evaluation,
we aim to better understand LLM performance
in the medical domain and support its effective
deployment in healthcare.!

1 Introduction

Large language models (LLMs) have shown strong

performance in various medical NLP tasks, includ-

ing information extraction (Zhan et al., 2025), text

generation (Lin et al., 2023) and question answer-

ing (Jin et al., 2021). However, their reliability re-

mains limited in complex clinical decision-making
* Corresponding Authors.

"Data and code are available at the URL https://github.
com/hzyuezh/ClinicalMPD.
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Figure 1: The solid boxes highlight the distinctions
between our clinical decision-making tasks and previous
benchmarks. Both “First Course Decision” and “Daily
Course Decision” consist of three subtasks each, while
the dashed boxes provide their detailed descriptions.

scenarios (Hager et al., 2024), which require the
continuous integration of heterogeneous data (e.g.,
vital signs, laboratory results) and real-time reason-
ing under evolving patient conditions (Sutton et al.,
2020). This limitation highlights the necessity of
systematically evaluating the LLM applications in
multi-course? clinical decision-making.

Clinical decision-making is a multi-stage, iter-
ative process that often spans several treatment
courses (Hager et al., 2024). Upon admission, clin-
icians first determine the most suitable department
for each patient based on their primary presenting
symptoms. During the first course, they gather rele-
vant clinical information and recommend necessary
examinations to guide preliminary diagnostic and
treatment decisions. If the patient’s condition fails
to improve, additional examinations are conducted
in subsequent courses to reassess the clinical con-
dition and promptly adjust the treatment plan. This
iterative process continues until the patient’s condi-
tion stabilizes and discharge criteria are met. The

The course is a continuous record of a patient’s condition
and treatment during hospitalization, including key details
such as vital signs, surgeries, and major clinical changes.
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Table 1: Overview of clinical decision-making benchmarks. “Dept.”, “CAS.”, “A2D.”, and “Multi-C.” stand for

LR RT3

“department”,

assessment task”, “admission to discharge process”, and “multiple courses decision”, respectively.

“continuous assessment” indicates whether the patient’s condition is continuously assessed.

Dataset Data Source #Dept. A2D. CAS. Multi-C. Language #EHRs
MedR-Bench (Qiu et al., 2025) PMC-patients 10 X X X en 1,453
ClinicalLab (Yan et al., 2024) Grade 3A Hospital 24 v X X zh 1,500
MIMIC-CDM (Hager et al., 2024) MIMIC-IV 1 X X X en 2,400
MedChain (Liu et al., 2025b) Medical Website 19 v X X zh 12,163
Al Hospital (Fan et al., 2025b) Medical Website 6 X X X zh 506
CRAFT-MD (Johri et al., 2025) MedQA 12 X X X en 2,000
MAP (Chen et al., 2025) MIMIC-1V 9 X X X en 51,274
MedJourney (Wu et al., 2024) Smart Hospital 12 x x X zh 4,960
DiReCT (Wang et al., 2024) MIMIC-IV 5 X X X en 511
.. MedEureka, 16, zh, 1,275(zh),
ClinicalMC (Ours) PMC-patients 24 v v v en 5.804(en)

overall process is illustrated in Fig. 1.

Several benchmarks have been proposed for
clinical decision-making, which can broadly be
categorized into exam-based and clinical case-
based benchmarks. Exam-based benchmarks, such
as MedQA (Jin et al., 2021), MedMCQA (Pal
et al., 2022), PubMedQA (Jin et al., 2019), and
MMLU (Hendrycks et al., 2021), primarily consist
of Q&A pairs extracted from medical books and
literature, aiming to evaluate the domain knowl-
edge of LLMs. However, they are largely biased
toward theoretical knowledge and fail to align with
actual clinical decision scenarios. Clinical case-
based benchmarks such as Clinicallab (Yan et al.,
2024), Al Hospital (Fan et al., 2025b), and Med-
Journey (Wu et al., 2024) aim to simulate real-
world clinical scenarios. However, they typically
focus on single-course decision-making, involv-
ing only a single round of diagnosis and treatment,
overlooking the crucial process of reassessing and
adjusting treatment plans when a patient fails to
improve across multiple courses. In this work, we
further address this gap by modeling multi-course
decision-making scenarios that better reflect real
clinical practice. For ease of comparison, we sum-
marize the differences between our benchmark and
the most relevant clinical benchmarks in Table 1.

Hence, in the paper, we introduce ClinicalMC,
a novel benchmark for evaluating the multi-course
clinical decision-making capabilities of LLMs.
To construct this benchmark, we collect clinical
records that encompass multiple changes in patient
conditions and incorporate condition assessment
tasks into each key decision point throughout the
clinical course. In addition, we design a three-
round annotation workflow to ensure high-quality
and consistent annotations. Using this approach,

we build 1,275 Chinese samples (covering 16 de-
partments) and 5,804 English samples (covering 24
departments) from MedEureka (Fan et al., 2025a)
and PMC-patients (Zhao et al., 2022). To facilitate
systematic evaluation on ClinicalMC, we develop a
multi-agent evaluation framework comprising a pa-
tient agent, an examiner agent, and a doctor agent.
The patient agent provides the primary symptoms.
The examiner agent provides feedback on the ex-
amination results. The doctor agent makes deci-
sions at each stage of the workflow based on the
patient’s evolving condition. Using this benchmark
and framework, we construct two experimental set-
tings—a single-turn static setting and a multi-turn
dynamic setting—and conduct a comprehensive
evaluation with a range of doctor agents, including
closed-source LLMs such as GPT-4o0-mini (Hurst
et al., 2024), open-source LLMs such as DeepSeek-
V3.2 (Liu et al., 2025a), and medical LLMs such
as HuatuoGPT-o1 (Chen et al., 2023).
In summary, our contributions include:

* We introduce a novel benchmark for multi-
course clinical decision-making, ClinicalMC.
The benchmark comprises 1,275 Chinese sam-
ples across 16 departments and 5,804 English
samples across 24 departments.

* The main characteristic of ClinicalMC is its
inclusion of multiple clinical courses for each
patient, enabling a more realistic representa-
tion of how a patient’s condition evolves over
time. In the English dataset, patients have an
average of 5.11 clinical courses, whereas in
the Chinese dataset, the average is 3.42.

¢ We evaluate medical LLMs as well as closed-
and open-source LLMs on ClinicalMC, in-
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dicating that state-of-the-art medical mod-
els like instruction-tuned HuatuoGPT-01(7B)
achieve average performance of 43.40% and
47.77% on Chinese and English, respectively,
far below human performance (85.00% and
87.51%). We further provide detailed analy-
ses and suggest future research directions.

2 Problem Formulation

In this work, we evaluate the complete clinical
process from patient admission to discharge. Each
clinical task can be formally defined as:

Triage (T'R): This task requires the doctor to
select the most suitable department dp from a set of
candidate departments ds, given the patient’s chief
complaint cc and basic information bi. Formally,
this is represented as: dp = T'R(cc, bi, ds).

Examination Recommendation (F'R): This
task involves predicting the necessary auxiliary ex-
aminations ex based on the patient’s chief com-
plaint, present history ph;, past history pho, and
physical examination pe. Formally, this can be
represented as: ex = ER(cc, bi, phy, pha, pe, dp).
For examination recommendations across multiple
courses, the input includes the patient’s chief com-
plaint of the current course, along with all prior
patient information. This can be represented as:
exr’ = ER(emr,pec,cc,pe’), where cc, ex’!, and
pe’ represent the chief complaint, examination rec-
ommendation, and physical examination in the cur-
rent course. pc and emr represent the previous
course and the patient’s admission information.

Clinical Diagnosis (C'D): This task requires
the doctor to determine the patient’s preliminary
diagnosis pd, the corresponding diagnostic basis
pb, and the differential diagnosis dd, based on
the patient’s chief complaint, present history, past
history, physical examination, and auxiliary ex-
aminations. It can be formally represented as:
pd, pb, dd = CD(cc, bi, phy, phe, pe, dp, ex).

Assessment (AS): This task requires the doc-
tor to assess the patient’s condition, based on the
chief complaint and physical examination of the
current course. The assessment may involve up-
dating an existing diagnosis or introducing a new
one. Formally, the task is defined as: as’ =
AS(cd,pe,ex’ emr), where as’ represent the
clinical assessment for the current course.

Treatment Planning (7' P): This task involves
predicting the optimal treatment plan based on the
patient’s chief complaint, present history, past his-

tory, physical examination, auxiliary examinations,
preliminary diagnosis, diagnostic basis, and differ-
ential diagnosis. It can be formally expressed as:
tp = TP(emr). For treatment planning across
multiple courses, the input also includes the cur-
rent course’s data. This can be represented as
tp' = TP(emr,cd,pe,ex’ as’).

Final Diagnosis (£'D): This task requires the
doctor to determine the final diagnosis fd and
its supporting basis fb based on the entire clin-
ical trajectory. This task can be formally repre-
sented as: fd, fb = FD(emr,pn), where pn =
[pc1, pea, - .., pey] is the sequence of n courses.
Each course pc;i(1 < ¢ < n) includes the chief
complaint, physical examination, auxiliary exam-
ination, assessment, and treatment plan: pc; =
(cd,ex pe as’ tp').

3 ClinicalMC Construction

In this section, we provide a detailed description of
the data collection and processing, quality control,
and data statistics and analysis.

3.1 Data Collection and Processing

For the Chinese data, we use Electronic Health
Records (EHRs) from MedEureka as the original
data source. To obtain strictly anonymized and
high-quality EHRs, we process the data in two
stages. In the first stage, we identify EHRs con-
taining personal information (e.g., names, phone
numbers) using regular expressions, and replace
sensitive data with placeholders (e.g., “Patient A”)
or randomly generated values, resulting in 6,947
EHRs. In the second stage, we further filter the data
to retain only complete and high-quality EHRs.
We first remove EHRs lacking key information
(e.g., chief complaints, diagnoses, or treatment
processes), retaining 5,106 EHRs. We then ex-
clude EHRs with a final outcome of death, leav-
ing 4,179 EHRs, and finally eliminate duplicate
records through fine-grained demographic match-
ing (e.g., gender and occupation). After this stage,
we obtain 3,317 high-quality EHRs, each contain-
ing multiple treatment courses. For the English
data, we use 167,034 anonymized case reports
from PMC-Patients as the original data source. To
obtain high-quality multi-course reports, we con-
duct three screening steps. First, we use the GPT-40
model to remove reports that lack multiple courses
or contain incomplete clinical courses (e.g., no im-
provement or death), retaining 37,357 reports. Sec-
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Figure 2: The department distribution of the Chinese and English datasets.

Table 2: Statistics of our constructed dataset.

Language Avg. Notes Max Notes Min Notes # EHRs
English 5.11 11 2 5,804
Chinese 3.42 10 2 1,275

ond, we remove reports missing key fields such as
admission and final diagnosis, or those labeled as
“undiagnosed”, leaving 15,572 reports. Finally, we
exclude non-human data (e.g., treatment reports
for animals). After this rigorous screening process,
we ultimately retain 6,748 reports. Additionally,
to ensure compliance with ethical standards, three
clinicians from a Grade 3A hospital conduct a thor-
ough ethical review of the final dataset, confirming
that no ethical or moral guidelines are violated.

3.2 Quality Control

To construct ClinicalMC, we assemble a profes-
sional annotation team comprising three inspectors
and two reviewers. The dataset is first automat-
ically segmented from multi-course EHRs using
an LLM. Subsequently, three clinically trained in-
spectors perform an initial verification, followed by
a dual review conducted by two senior clinicians.
The detailed annotation workflow is provided in
Appendix A.1. After a rigorous two-stage qual-
ity review, we obtain 1,275 high-quality Chinese
EHRs and 5,804 high-quality English EHRs. To
further ensure data integrity and clinical relevance,
we conduct an additional quality-control procedure
involving three senior clinicians, each with over ten
years of clinical experience and independent of the
annotation reviewers. For this assessment, we ran-
domly sample 3,000 cases from the English dataset
(51.68%) and 1,000 cases from the Chinese dataset
(78.43%). We design a standardized scoring frame-
work that presents complete case information and
requires clinicians to assess six binary quality di-
mensions: 1) rationality of course segmentation,
2) accuracy of triage, 3) correctness of diagnos-
tic results, 4) appropriateness of treatment plans,

5) accuracy of clinical assessments, and 6) accu-
racy of examination recommendations. Clinicians
make a “yes/no” judgment for each dimension, and
a case is deemed valid only when all criteria are
satisfied. Evaluation results show that 93.3% of
sampled cases meet the predefined quality stan-
dards. The pass rates for individual criteria range
from 91.9% to 96.3%, indicating consistently high
overall quality. The Cohen’s kappa (Banerjee et al.,
1999) for inter-reviewer agreement is 0.85, demon-
strating strong consistency among reviewers. For
the remaining 6.7% of cases that do not meet the
standards, we perform manual corrections to ensure
the reliability and completeness of the dataset.

3.3 Data Statistics and Analysis

We conduct an in-depth statistical analysis of clin-
ical decision-making from two perspectives. 1)
Department distribution. Fig. 2 presents the de-
partment distribution in both the Chinese and En-
glish EHR datasets. In the English dataset, the
“Cardiovascular Medicine” department contains the
most samples (893 EHRs), whereas the “Anus &
Intestine Surgery” department has the fewest (10
EHRs). In the Chinese dataset, the “Surgery” de-
partment has the largest sample size (391 EHRs),
while the “Chinese Medicine” and “Stomatology”
department have the smallest, with only 6 EHRs
each. By analyzing the department distribution in
both datasets, we observe an imbalance in the sam-
ple sizes, reflecting the real-world situation in clini-
cal data. This imbalance is likely due to differences
in clinical demand across different departments. 2)
Number of courses. As shown in Table 2, the En-
glish dataset has an average of 5.11 courses per
patient, ranging from 2 to 11. In comparison, the
Chinese dataset has an average of 3.42 courses per
patient, with a range of 2 to 10.

4 Evaluation Framework

Inspired by Al Hospital (Fan et al., 2025b), we
develop an evaluation framework, SimHospital,
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Figure 3: The SimHospital framework includes a doctor agent, an examiner agent, and a patient agent. In different
tasks, different roles will engage in dialogues. When the patient shows improvement and is ready for discharge, the
final diagnosis task is performed; otherwise, the patient continues into a new course. The bold text indicates the
information that has been newly added in the current task compared to the previous task.

which consists of a doctor agent, a patient agent,
and an examiner agent. GPT-40-mini is used for the
patient and examiner agents, while various LLMs
are employed as the doctor agent to assess clinical
decision-making performance. We also conduct an
ablation study of the patient and examiner models
in Appendix A.7.

4.1 Agent Behavior Setting for All Role

Examiner. The examiner agent is responsible
for providing relevant examination results upon
request from the patient agent. If the requested
examination has corresponding results available,
the examiner agent returns those results to the doc-
tor. Otherwise, it responds with an indication that
no such examination has been conducted. Patient.
The patient agent’s main task is to interact with the
doctor and the examiner agents. To match the ac-
tual situation, we add the chief complaint, present
history, past history, and physical examination to
the prompts of the patient agent, but do not spec-
ify the diagnosis or treatment plan. If the doctor
suggests performing a specific examination, the
patient agent follows the suggestion and provides
the examination to the examiner agent. Doctor.
The doctor agent’s primary task is to gather and
analyze patient information to complete clinical
decision-making tasks, including triage, examina-
tion recommendation, clinical diagnosis, assess-
ment, treatment planning, and final diagnosis.

4.2 Clinical Workflow

The SimHospital Framework simulates the entire
process from admission to recovery and discharge

by constructing multiple agents, as illustrated in
Fig. 3. The interaction begins with the patient agent
and proceeds through four stages. In the first stage,
the patient agent presents a chief complaint, and the
doctor agent recommends the appropriate depart-
ment. In the second stage, the doctor interacts with
both the patient and examiner agents, recommends
necessary examinations, and makes clinical diag-
noses and treatment plans. In the third stage, the
patient agent enters the multi-course phase, during
which the doctor agent sequentially performs tasks
such as examination recommendation, assessment,
and treatment planning based on the patient’s com-
plaints for the current course. This process repeats
until the patient recovers and is ready for discharge.
In the fourth stage, the doctor agent provides a dis-
charge diagnosis based on the patient’s complete
medical information.

S Experiments

In this section, we implement state-of-the-art mod-
els on our newly constructed ClinicalMC bench-
mark, aiming at assessing their performance and
identifying the underlying challenges.

5.1 Experimental Setup

Baseline Model. We evaluate four cate-
gories of LLMs: 1) Medical LLMs, including
MedGemma (Sellergren et al., 2025), Baichuan-
M2 (Dou et al.,, 2025), HuatuoGPT-ol, and
Apollo2-7B (Zheng et al., 2024). Additionally,
as some medical LLMs demonstrate strong per-
formance across different languages, we use Hu-
atuoGPT2 (7B, 13B, and 34B) (Chen et al., 2023)
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Table 3: Experimental results on English data (%). “T”, “E”, “PD”, “PB”, “DD”, “TP”, “FD”, and “FB” refer
to triage, examination recall, preliminary diagnosis, preliminary diagnosis basis, differential diagnosis, treatment
planning, final diagnosis, and final diagnosis basis, respectively. “CE”, “CA”, and “CT” represent the examination
recommendation, assessment, and treatment planning for each course, respectively.

Model T_Acc E_Recall PD_F1 PB_Score DD_Score TP_IoU CE_Recall CA_IoU CT_IoU FD_F1 FB_Score Avg
Medical LLMs
Apollo2-7B 61.06 72.76 29.93 61.99 40.95 5.37 37.13 23.98 10.06 65.27 74.61 43.92
Asclepius-Llama2-13B 0.02 0.00 0.00 44.05 38.30 1.42 0.00 22.66 1.02 0.00 31.25 12.61
Asclepius-Llama2-7B 0.02 0.00 0.00 43.65 38.45 1.42 0.00 2249 1.01 0.00 31.29 12.58
MedGemma 63.02 19.88 22.40 76.99 62.79 10.07 24.66 50.80 2.10 70.38 85.85 44.45
Baichuan-M2 61.73 25.50 24.82 74.85 51.76 9.36 25.47 54.02 2.27 80.16 86.33 45.12
HuatuoGPT-01-7B 58.55 59.00 20.01 58.44 51.30 8.21 58.41 51.67 1.64 76.13 82.10 47.717
Open-source LLMs
Llama-3.3-70B 63.66 17.33 20.51 71.97 51.83 10.87 15.60 70.16 5.74 82.19 79.81 44.52
Llama-3.2-3B 46.36 34.77 14.85 48.76 3891 5.96 26.15 48.05 3.74 63.76 69.87 36.47
Mistral-7B-v0.3 37.35 59.37 16.47 65.53 46.47 845 45.89 58.97 4.85 72.96 79.37 45.06
Mixtral-8x22B 59.84 42.64 27.67 71.29 50.60 10.91 39.70 70.53 6.25 87.84 80.49 49.80
Falcon3-7B 50.76 43.81 14.67 60.57 47.12 7.47 42.08 65.48 4.36 67.57 76.51 43.67
Qwen2.5-72B 62.67 17.73 27.27 74.57 50.66 11.10 22.92 59.08 5.57 77.49 87.56 45.15
Qwen2.5-32B 62.79 19.06 22.13 74.42 52.38 11.72 24.72 66.11 6.39 79.75 86.26 45.98
Qwen2.5-14B 65.13 14.98 25.85 73.88 52.28 10.40 19.18 61.67 4.63 90.59 80.61 4538
Qwen2.5-7B 59.30 52.15 10.94 59.79 49.03 8.13 39.32 55.46 5.36 77.36 77.98 44.98
Qwen3-Next-80B-A3B 57.15 22.96 29.67 7791 57.23 12.40 17.16 59.05 4.12 79.56 84.35 45.59
DeepSeek-V3.2-Chat 62.90 20.68 27.69 81.82 60.60 10.95 23.49 42.87 528 69.62 86.28 44.74
DeepSeek-V3.2-Reason 53.11 13.95 28.08 78.43 56.17 12.89 13.04 57.68 5.88 70.85 87.17 43.39
Closed-source LLMs
GPT-40-mini 65.73 17.74 34.73 72.80 59.08 11.62 17.16 54.44 2.30 93.13 79.75 46.23
GPT-5-mini 61.71 28.16 31.86 83.33 61.71 13.20 25.84 60.01 4.71 58.46 86.65 46.88
Qwen-turbo 63.78 4224 32.96 72.30 55.08 9.97 51.41 46.68 2.09 89.96 79.98 49.68
Other Method
Human (sampling) 90.00 86.39 88.75 84.85 82.80 83.06 83.05 87.22 92.09 90.95 93.45 87.51

for Chinese datasets and Asclepius-Llama2 (7B
and 13B) (Kweon et al., 2024a) for English datasets.
Notably, Asclepius-Llama2 was trained on the
PMC-Patients dataset, making it well-suited for
assessing potential data leakage risks. 2) Open-
source LLMs, including Falcon3-7B (Almazrouei
et al., 2023), Qwen2.5 (ranging from 7B to 72B),
DeepSeek-V3.2 (Chat and Reason) (Liu et al.,
2025a), Llama-3.3-70B (Grattafiori et al., 2024),
Llama-3.2-3B, Mistral-7B (Jiang et al., 2023),
Mixtral-8x22B (Jiang et al., 2024), and Qwen3-
Next-80B-A3B3. Since the Llama series models
exhibit certain capabilities in processing Chinese,
we also evaluate their performance on Chinese
datasets. 3) Closed-source LLMs, such as GPT-4o-
mini (Hurst et al., 2024), GPT-5-mini, and Qwen-
turbo. 4) Other Method. We randomly select 100
samples and invite a medical student who does not
participate in the data annotation process to answer
the questions.

Evaluation Metrics. For the triage task, we
use Accuracy(Acc) as the evaluation metric. For
examination recommendation, we adopt Recall,
and for disease diagnosis—covering both clinical
and final diagnosis—we use the F'1 score. To eval-

3https://huggingface.co/Qwen/
Qwen3-Next-80B-A3B-Instruct

uate examination and diagnosis entities, we con-
struct a standardized synonym list by first collect-
ing synonyms from the Medeureka_corpus (Fan
et al., 2025a). To address terminological inconsis-
tencies due to differences in model training data,
we select the largest model from each of 10 LLM
series to independently generate synonym lists.
These are merged with the Medeureka corpus and
refined by three clinicians to ensure consistency
and clinical validity. For diagnosis basis, we em-
ploy an LLM to assess (1) whether the medical
reasoning process is logically coherent, and (2)
whether the provided evidence sufficiently and ef-
fectively supports the predicted diagnosis. The
scores for preliminary and final diagnosis are de-
noted as PB_Score and F'B_Score, respectively.
The detailed evaluation prompts are provided in
Appendix A.11. For differential diagnosis, we fo-
cus on evaluating whether the set of predicted dif-
ferential diagnoses adequately covers other clini-
cally significant potential conditions. This metric
is denoted as DD_Score. The detailed evaluation
prompts are provided in Appendix A.11. For the
assessment and treatment planning in each clinical
course, we follow the approach of MedChain (Liu
et al., 2025b) by decomposing model outputs into
structured clinical entities. We then compute the
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Table 4: Experimental results on Chinese data (%).

Model T_Acc E_Recall PD_F1 PB_Score DD_Score TP_IoU CE_Recall CA_IoU CT_IoU FD_F1 FB_Score Avg
Medical LLMs
Apollo2-7B 52.71 29.05 33.85 66.65 35.01 5.40 29.39 46.54 0.98 25.82 54.75 34.56
HuatuoGPT2-7B 42.82 27.72 0.26 49.80 29.99 2.47 40.79 28.83 0.46 0.47 24.36 22.54
HuatuoGPT2-13B 45.13 26.63 0.00 48.26 29.87 1.99 52.94 23.99 0.06 0.00 37.69 24.23
HuatuoGPT2-34B 57.59 29.65 26.18 61.53 3443 5.04 42.84 35.31 0.73 22.24 37.23 32.07
MedGemma 65.65 28.64 30.13 76.78 46.34 6.91 13.73 79.74 292 58.48 83.72 44.82
HuatuoGPT-01-7B 65.73 30.93 33.31 70.48 39.36 5.78 17.24 71.77 2.89 62.55 77.38 43.40
Baichuan-M2 54.20 32.74 35.67 78.37 47.03 5.11 18.81 76.34 2.80 68.45 80.93 45.50
Open-source LLMs
Llama-3.3-70B 52.39 35.52 33.72 73.04 41.11 6.38 25.28 50.81 1.97 29.12 67.94 37.93
Llama-3.2-3B 46.20 23.79 10.63 38.32 24.33 1.84 50.67 21.55 0.18 3.47 21.13 22.01
Mistral-7B-v0.3 39.14 23.90 14.52 34.15 22.78 2.28 24.60 23.67 0.49 13.84 27.75 20.65
Mixtral-8x22B 53.10 27.23 26.15 60.19 25.16 4.75 22.97 36.26 1.14 23.75 52.00 30.25
Falcon3-7B 41.10 29.05 12.60 34.78 22.71 1.47 37.09 23.62 0.41 6.93 24.85 21.33
Qwen?2.5-72B-Chat 57.41 23.74 37.96 73.98 40.05 5.94 20.88 49.17 2.11 31.88 70.32 37.59
Qwen?2.5-32B-Chat 59.92 23.06 34.98 76.61 43.45 7.67 18.24 60.09 2.84 30.69 64.42 38.36
Qwen?2.5-14B-Chat 53.57 21.16 36.20 74.73 37.99 7.84 23.68 63.22 2.63 30.54 64.36 37.81
Qwen2.5-7B-Chat 62.35 28.87 35.35 72.49 38.53 6.34 31.33 50.66 1.40 28.90 64.75 38.27
Qwen3-Next-80B-A3B 68.31 28.53 31.25 82.46 61.30 6.38 11.98 84.89 2.75 63.80 88.17 48.17
DeepSeek-V3.2-Chat 67.06 25.46 30.87 77.04 63.44 7.57 15.55 77.94 3.07 54.61 79.22 45.62
DeepSeek-V3.2-Reason 59.50 23.94 37.98 77.10 58.65 6.86 13.67 81.02 3.24 67.36 81.08 46.40
Closed-source LLMs
GPT-40-mini 54.43 20.65 32.58 69.47 36.41 5.81 15.46 53.97 1.56 28.28 64.66 34.84
GPT-5-mini 59.62 25.92 12.00 83.76 49.48 6.76 9.66 84.34 4.19 44.60 82.16 42.04
Qwen-turbo 55.69 25.88 33.80 73.29 38.68 7.49 26.13 62.31 2.71 29.71 69.08 38.62
Other Method
Human (sampling) 90.91 85.61 87.68 8291 88.14 79.41 86.70 82.76 84.53 83.71 82.73 85.00

Intersection over Union (IoU) between these enti-
ties and the gold-standard key interventions. This
metric emphasizes the coverage of critical clinical
actions rather than surface-level wording, and is
denoted as CA_IoU and CT_IoU, respectively.

Implementation Details. We design two exper-
imental settings: a single-round static setting and
a multi-round dynamic setting. In the former, the
ground-truth annotations from preceding tasks are
provided as inputs to subsequent tasks. In the latter,
the model outputs of preceding tasks are used as in-
puts to subsequent tasks. Detailed implementation
details are presented in Appendix A.2.

5.2 Main Results

We systematically evaluate all baseline LLMs on
the ClinicalMC under the single-turn setting. The
English and Chinese results are reported in Table 3
and Table 4, respectively. We select one representa-
tive model from each of the medical, closed-source,
and open-source LLM categories for evaluation
under the multi-turn experimental setting. The de-
tailed results are presented in Appendix A.5.
From the Table 3 and Table 4, we notice that:
1) All LLMs perform poorly on both the English
and Chinese datasets, leaving substantial room
for improvement compared to human performance
(Avg scores of 85.00% and 87.51%, respectively).
The best-performing model achieves only 49.68%
on the English dataset and 48.17% on the Chi-

nese dataset, highlighting the significant challenge
posed by our ClinicalMC benchmark. 2) LLMs
perform worse in multi-course settings compared
to single-course settings. Specifically, Llama-3.3-
70B achieves aT'P_IoU of 6.38% on Chinese data
and 10.87% on English data, outperforming the
CT_IoU by 4.41% and 5.13%, respectively. This
decline is primarily due to the increasing complex-
ity of clinical information as the number of courses
grows. Patients’ records often contain redundant
or repeated examinations and treatments, making
it more challenging for the model to accurately as-
sess the current condition and generate up-to-date
treatment plans in real-time. 3) Notably, although
Asclepius-Llama? is trained on the PMC-Patients
dataset, it performs poorly on the English subset of
ClinicalMC. Specifically, the 7B and 13B variants
achieve Avg of only 12.58% and 12.61%, respec-
tively. This is primarily because ClinicalMC recon-
structs the medical records into reasoning tasks that
require cross-trajectory information integration and
explicit clinical decision-making, through multi-
trajectory decomposition and multiple rounds of
human review. In contrast, Asclepius-Llama2 fo-
cuses more on medical record generation and local
semantic modeling, limiting its effectiveness in
such complex clinical reasoning scenarios. Conse-
quently, these results further highlight the challeng-
ing nature of ClinicalMC for evaluating clinical
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Figure 4: Distribution of error types.

reasoning capabilities.

5.3 Error Type

To guide future research in clinical decision-
making for LLMs, we manually analyze and clas-
sify 200 error samples generated by LLMs on the
Chinese and English datasets of ClinicalMC. These
errors are categorized into five types: (a) Redun-
dant Diagnostic and Treatment Plan (RDTP):
The model generates an excessive number of un-
necessary diagnostic tests and treatment plans. (b)
Failure to Detect Subtle but Critical Changes
(FDSC): The model fails to recognize subtle yet
clinically significant changes in a patient’s condi-
tion—such as slight fluctuations in laboratory re-
sults—which may lead to delayed or inappropriate
adjustments in diagnosis or treatment plans. (c) In-
correct Clinical Diagnosis (ICD): Due to a lack of
domain-specific medical knowledge or misinterpre-
tation of clinical information, the model produces
incorrect diagnostic conclusions. (d) Incorrect
Reasoning Chain (IRC): The diagnostic rationale
produced by the model does not align with the ac-
tual clinical condition. (e) Other Errors: all other
cases of errors. The error distribution is shown in
Fig. 4, with illustrative Chinese and English exam-
ples included in Appendix A.8.

6 Related Work

Clinical decision-making benchmark. Clinical
decision-making tasks refer to assisting doctors in
making the most appropriate diagnosis and treat-
ment decisions by continuously analyzing the pa-
tient’s chief complaints, medical history, exami-
nation results and other information (Hager et al.,
2024). Existing clinical decision-making bench-
marks can be broadly classified into two types:
exam-based and clinical case-based benchmarks.
Exam-based benchmarks include datasets such
as MedQA (Jin et al., 2021), MedMCQA (Pal
et al., 2022), PubMedQA (Jin et al., 2019), and

MMLU (Hendrycks et al., 2021), primarily con-
sist of Q&A pairs extracted from medical books
and literature. However, there is still a certain
gap between these benchmarks and actual clinical
decision-making. Therefore, recent studies have
proposed benchmarks based on clinical case bench-
marks, such as MedChain (Liu et al., 2025b), Clin-
icallab (Yan et al., 2024), MSDiagnosis (Hou et al.,
2024), Ai-Hospital (Fan et al., 2025b), and Med-
Journey (Wu et al., 2024). However, these bench-
marks mostly focus on a single course or simulate
decision-making in outpatient settings. For exam-
ple, Clinicallab evaluates tasks such as department
guidance, clinical diagnosis, and treatment plan-
ning, but does not involve continuous assessment
of patients after treatment until they recover and
are discharged. Therefore, this study focuses on the
clinical decision-making performance of models in
multi-course after patient admission.

Agent for medical decision-making. Research
on intelligent agents for medical decision-making
can be divided into single-agent (Li et al., 2024a;
Chen et al., 2024; Hou et al., 2026) and multi-
agent (Tang et al., 2024; Li et al., 2024b) methods.
In single-agent research, CoD (Chen et al., 2024)
assesses potential candidate diseases by planning
to inquire about the patient’s latent symptoms and
generates a diagnostic chain from symptoms to
possible diseases. In multi-agent research, medi-
cal decision-making problems are typically tackled
through a multi-agent task division and collabora-
tion paradigm, such as in frameworks like MDA -
gents (Kim et al., 2024), MedAgents (Tang et al.,
2024), and Agent Hospital (Li et al., 2024b). MDA-
gents is a multi-agent framework that utilizes adap-
tive decision-making mechanisms to tackle medical
decision-making challenges. It operates through
multiple phases, including analyzing problem com-
plexity, dynamically recruiting experts, and em-
ploying reasoning and decision-making processes
at various stages to solve medical Q&A.

7 Conclusion

We introduce ClinicalMC, a benchmark comprising
both Chinese and English datasets that encompass
the full patient journey from admission to discharge.
These stages cover triage, first-course examination/-
diagnosis/treatment, subsequent multi-course ex-
amination/assessment/treatment, and final diagno-
sis. To evaluate model performance in multi-course
clinical decision-making, we develop a multi-agent
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framework involving patient, examiner, and doctor
agents. Based on the dataset and framework, we
define two experimental settings—single-turn and
multi-turn—and evaluate medical LLMs as well
as closed-source and open-source LLMs and con-
duct extensive experimental analysis. The results
show that ClinicalMC is a challenging dataset that
warrants further research and exploration.

Limitations

This paper has two primary limitations that offer
avenues for future research: First, the lack of mul-
timodal information. The raw data used in this
study primarily consist of textual medical records
collected during hospitalization and do not cover
multimodal data across multiple courses, such as
medical images and time-series physiological sig-
nals. In future work, we plan to investigate the
integration of medical imaging with text-based rea-
soning to support clinical decision-making over het-
erogeneous, multi-source data. Second, an imbal-
anced department distribution. The current dataset
is mainly derived from a single data source, leading
to imbalanced distributions across clinical depart-
ments. Although this imbalance partially reflects
real-world clinical practice, it may still affect the
model’s generalization performance in underrep-
resented departments. In future work, we will in-
corporate data from multiple healthcare systems
to expand coverage and mitigate department-level
imbalance.

Ethical Consideration

Our ClinicalMC benchmark is based on PMC-
Patients and MedEureka, licensed under the Cre-
ative Commons Attribution 4.0 License. Accord-
ingly, we assign the copyright of ClinicalMC to the
CC-BY 4.0 license. In addition, we have meticu-
lously reviewed our dataset to ensure it does not
contain any harmful content, including gender bias,
racial discrimination, or inappropriate material.
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A Appendix

A.1 Data Annotation

To create a high-quality benchmark, we organize
a professional team of three inspectors and two
reviewers, all trained in specialized medical knowl-
edge. The annotation procedure includes first-
round annotation, second-round checking, and
third-round review.

First-round annotation. Since PMC-Patients
contains case reports instead of complete EHRs,
we use the GPT-40 model to convert these sum-
maries into full EHRs containing multiple courses.
For both Chinese and English datasets, the EHRs
contain key information such as the primary and
final diagnoses, but still lack the initial treatment
plan and multiple progress notes. Therefore, we
first input the patient’s primary diagnosis, auxiliary
examinations, and chief complaint into the GPT-40
model to generate the initial treatment plan. We
then prompt the model to segment the treatment
process into multiple progress notes based on tem-
poral information and clinical status changes,
with each note following the standard SOAP for-
mat (Gao et al., 2022; Wang et al., 2024). To miti-
gate hallucinations during generation, we explicitly
instruct the model in the prompt to avoid generating
clinical information (such as examination results
and time intervals) not present in the record sum-
mary. Additionally, inspired by Asclepius (Kweon
et al., 2024b), we evaluate the similarity between
the converted English and real EHRs using perplex-
ity. Specifically, we fine-tune LLaMA-7B (Tou-
vron et al., 2023) on 57,000 real discharge sum-
maries from the MIMIC-III database (Johnson
etal., 2016). We then measure the perplexity of 500
discharge summaries from two hospital datasets-
MIMIC-IV (Johnson et al., 2023) and i2b2 (Uzuner
et al., 2007)—as well as 500 case reports from
PMC-Patients using the same model. Finally, we
evaluate the perplexity of clinical cases synthesized
from the PMC-Patients. Results show perplex-
ity scores of 3.144 for MIMIC-1IV and 5.916 for
i2b2. In comparison, the original PMC-Patients
data yields 72.471, while the GPT-40-converted
EHRs achieve a much lower score of 6.064. These
results indicate that our synthetic notes are substan-
tially more coherent and closely aligned with real
hospital data.

Second-round checking. We invite a review
team of three clinically trained medical students to
perform quality checks on the annotations gener-

ated by GPT-40. Any sample unanimously deemed
invalid by all three reviewers is directly discarded.
If only one or two reviewers raise concerns, the
sample is manually re-annotated and retained only
after all three reviewers agree that the revised anno-
tation is appropriate. The criteria for determining
annotation validity focus on three key aspects: 1)
Consistency in the number of course records com-
pared with the original EHR, including whether
the model hallucinates nonexistent entries or omits
essential course records; 2) Completeness and ac-
curacy of examination information, ensuring that
key results (e.g., laboratory findings) appear in the
generated course records and remain faithful to
the original data; 3) Correctness of field semantics,
such as ensuring that the “chief complaint” reflects
the patient’s subjective description of symptoms
rather than objective examination findings. Addi-
tionally, we employ a batch-based iterative valida-
tion mechanism: each batch must achieve over 90%
accuracy in the aggregated evaluation of the three
reviewers before progressing to the next stage. This
process effectively filters out structural inconsisten-
cies, hallucinated content, and medical reasoning
errors in the synthetic data, thereby establishing a
reliable foundation for subsequent expert review.
Third-round review. We submit the prelimi-
narily inspected EHRs to two clinicians for dual
expert review. The clinicians randomly sample
30% of the cases for quality assessment and sys-
tematically evaluate whether each case narrative
aligns with real clinical workflows (e.g., examina-
tion sequences, diagnostic reasoning, and treatment
decisions) and whether any medical inaccuracies
or potential safety risks are present. Any sample
deemed unsatisfactory is returned to the previous
stage for revision by the inspection team and then
resubmitted for expert review. We repeatedly im-
plement this iterative cycle of expert feedback —
manual correction — re-review until the sampling
accuracy consistently reaches 95% or higher. After
multiple rounds of iteration and dual clinical re-
view, we ultimately obtain 1,275 high-quality Chi-
nese cases and 5,804 high-quality English cases.
All cases pass rigorous evaluations of medical con-
sistency, data safety, and factual accuracy.
Contributors. Medical students and clinicians
are primarily recruited from the internship pro-
grams and clinical departments of a Grade 3A hos-
pital and jointly participate in the data-annotation
process. Compensation is provided at $5-20/hr
for medical students and $50—100/hr for clinicians,
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Table 5: The evaluation of LLM performance on Clin-
icalMC English data using GPT-4, with a maximum
score of 10 points. “Comp.”, “Prof.” and “Auth.” denote
“Comprehensiveness”, “Professionalism” and “Authen-
ticity”, respectively.

Model Comp. Prof. Auth. Safety Total
Medical LLMs
Apollo2-7B 1.81 3.05 240 1.00  8.26
Asclepius-Llama2-13B 1.18 236  1.66 1.00  6.20
Asclepius-Llama2-7B 1.13 2.11 1.49 1.00  5.73
MedGemma 1.06  2.06 1.16 1.00  5.28
Baichuan-M2 1.09 217 127 1.00 553
HuatuoGPT-01-7B 1.01 1.97  1.08 1.00  5.06
Open-source LLMs

Llama-3.3-70B 1.94 343 270 .00 9.07
Llama-3.2-3B 155 270 214 .00 7.39
Mistral-7B-v0.3 1.96 333 259 1.00  8.88
Mixtral-8x22B 196 335 272 .00 9.03
Falcon3-7B 192 321 257 1.00  8.70
Qwen2.5-72B 1.95 347 284 1.00  9.26
Qwen2.5-32B 193 336 278 .00 9.12
Qwen2.5-14B 1.97 352 280 1.00 9.29
Qwen2.5-7B 193 345 274 1.00  9.12
Qwen3-Next-80B-A3B 123 263 185 1.00  6.71

DeepSeek-V3.2-Chat 1.96 359 281 1.00  9.36
DeepSeek-V3.2-Reason  1.07 2.16  1.38 1.00  5.61

Closed-source LLMs

GPT-40-mini 198 344 278 .00 9.20
GPT-5-mini 142 3.08 210 1.00  7.60
Qwen-turbo 197 341 2.68 .00 9.06

based on task difficulty and required expertise.

A.2 Implementation Details

In this paper, we adopt two experimental settings,
with all experiments conducted under a zero-shot
setting. In the first experimental setting, for down-
stream tasks in the workflow, we provide the
ground-truth annotations from preceding tasks as
inputs, rather than using the model-generated out-
puts. In the second experimental setting, model
responses from earlier tasks are directly used as
inputs for subsequent tasks. To enhance the sta-
bility and reliability of the results and reduce the
impact of randomness, each experiment is repeated
three times, and the average performance is re-
ported. For all experiments, the model tempera-
ture is set to 0.01. All experiments are conducted
on four NVIDIA A800 GPUs (80 GB). For the
open-source and medical LLMs, we deploy them
using the VLLM framework*. For closed-source
LLMs and DeepSeek-V3 and DeepSeek-R1, we
use their official APIs’ for evaluation due to their
excessively large parameter sizes.

*https://github.com/vllm-project/vllm
Shttps://platform.DeepSeek.com/usage

Table 6: The evaluation of LLM performance on Clini-
calMC Chinese data using GPT-4.

Model Comp. Prof. Auth. Safety Total
Medical LLMs
Apollo2-7B 1.30 283 220 094 727
HuatuoGPT2-7B 1.30 294 224 092 743
HuatuoGPT2-13B 1.30 278 217 092 717
HuatuoGPT2-34B 1.54 293 236 1.00 783
MedGemma 1.79 337 276 1.00 892
HuatuoGPT-01-7B 1.58 3.08 254 1.00  8.20
Baichuan-M2 1.73 330  2.68 1.00 8.71
Open-source LLMs
Llama-3.3-70B 1.69 316 2.65 1.00  8.50
Llama-3.2-3B 1.21 233 1.86 097 637
Mistral-7B-v0.3 1.08 1.85 1.39 077  5.09
Mixtral-8x22B 1.48 278 232 1.00  7.58
Falcon3-7B 1.16 207 1.63 0.85 571
Qwen2.5-72B 1.80 341 278 1.00 899
Qwen2.5-32B 1.72 336 270 1.00  8.78
Qwen2.5-14B 1.69 331 267 1.00  8.67
Qwen2.5-7B 1.58 314 255 1.00  8.27
Qwen3-Next-80B-A3B 1.89 355 287 1.00  9.31
DeepSeek-V3.2-Chat 192 3.64 290 1.00  9.46
DeepSeek-V3.2-Reason  1.87 351 285 1.00  9.23
Closed-source LLMs
GPT-40-mini 1.66 324 263 1.00  8.53
GPT-5-mini 1.88 384 267 1.00  9.39
Qwen-turbo 1.71 3.37  2.69 1.00 8.77

A.3 LLM Evaluation

In this section, we primarily use GPT-4 to evalu-
ate the performance of LLLMs on ClinicalMC. The
evaluation includes tasks such as preliminary diag-
nosis basis, differential diagnosis, first treatment
plan, assessment and treatment in the multi-course,
and final diagnosis basis. To account for potential
instability in GPT-4’s responses, we conduct three
evaluations for each model on each benchmark and
calculate the average score. The specific prompts
used are shown in Fig. 5. The experimental results
of Chinese data and English data are shown in Ta-
ble 6 and Table 5, respectively. The experimental
results show that DeepSeek-V3 performs the best
on both Chinese and English data. Specifically,
DeepSeek-V3 achieves a Total score of 9.36 on
English data and 9.46 on Chinese data.

A.4 Human Evaluation

In this section, to evaluate the quality and accu-
racy of the model’s decision results, we invite three
medical experts with over ten years of clinical expe-
rience for manual evaluation. We randomly select
50 Chinese and 50 English EHRs, with each EHR
anonymized to ensure that the evaluators cannot
identify the model used. Furthermore, each EHR is
evaluated by two different experts in a double-blind
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Table 7: Human evaluation of LLM performance on
ClinicaMC English dataset, with a maximum score of
10 points.

Model Comp. Prof. Auth. Safety Total
Medical LLMs
Apollo2-7B 1.40 220  2.00 1.00  6.60

Asclepius-Llama2-13B 1.10 2.10  1.80 1.00 6.00
Asclepius-Llama2-7B 1.00 2.00 1.60 1.00  5.60

MedGemma 1.30 330 220 1.00 7.80
Baichuan-M2 1.20 320 220 1.00 7.60
HuatuoGPT-01-7B 1.20 310 2.00 1.00  7.30

Open-source LLMs

Llama-3.3-70B 1.90 3.10 230 1.00 8.30
Llama-3.2-3B 1.30 230 2.10 1.00 6.70
Mistral-7B-v0.3 1.90 3.00 210 1.00 8.00
Mixtral-8x22B 1.90 3.10 220 1.00 8.20
Falcon3-7B 1.80 3.00 2.10 1.00 7.90
Qwen2.5-72B 1.90 330 2.60 1.00 8.80
Qwen2.5-32B 1.90 3.10 240 1.00 8.40
Qwen2.5-14B 1.80 330 250 1.00 8.60
Qwen2.5-7B 1.80 320 240 1.00 8.40
Qwen3-Next-80B-A3B 1.60 340 2.60 1.00 8.60
DeepSeek-V3.2-Chat 1.90 350 2.60 1.00  9.00
DeepSeek-V3.2-Reason 1.30 3.10 220 1.00 7.60
Closed-source LLMs
GPT-40-mini 1.90 320 240 1.00 8.60
GPT-5-mini 1.60 330 250 1.00 8.20
Qwen-turbo 1.90 320 230 1.00 8.50

cross-assessment setup. The evaluators score the
decision results based on four dimensions: com-
prehensiveness, professionalism, authenticity, and
safety. The scoring criteria align with the LLM
evaluation standards outlined in Section LLM Eval-
uation. The manual evaluation results on the Chi-
nese and English datasets are shown in Table 8
and Table 7, respectively. The table shows that
the DeepSeek-V3 model performs the best, which
is similar to the ranking obtained from the LLM
evaluation in Appendix A.3. Specifically, on the
English data, the DeepSeek-V3 model achieves a
Total score of 9.00, while on the Chinese data, the
Total score reaches 8.75.

A.5 Evaluation in Multi-turn Dynamic
Environment

To evaluate model performance in dynamic envi-
ronments, we use the responses generated by the
models in previous tasks as input for subsequent
stages of the clinical workflow, rather than rely-
ing on ground-truth answers. Specifically, based
on the results of the static evaluation, we select
representative models for comparison: Huatuo2-
34B, Qwen2.5-7B, and GPT-40-mini for the Chi-
nese dataset; and Apollo2-7B, Mixtral-8X22B, and
Qwen-turbo for the English dataset. Furthermore,

Table 8: The human evaluation of LLM performance on
ClinicalMC Chinese data.

Model Comp. Prof. Auth. Safety Total
Medical LLMs
Apollo2-7B 1.00 270 2.00 1.00  6.70
HuatuoGPT2-7B 1.10 275 1.85 1.00  6.70
HuatuoGPT2-13B 1.00 255  1.70 1.00  6.25
HuatuoGPT2-34B 1.05 2.65 1.95 1.00  6.65
MedGemma 1.20 275 2.05 1.00  7.00
HuatuoGPT-01-7B 1.00 230 195 1.00  6.25
Baichuan-M2 1.40 295 220 1.00 7.55
Open-source LLMs
Llama-3.3-70B 1.15 290 2.00 1.00  7.05
Llama-3.2-3B 1.75 3.00 2.10 1.00 785
Mistral-7B-v0.3 1.00 220 1.70 1.00  5.90
Mixtral-8x22B 1.05 260 1.95 1.00  6.60
Falcon3-7B 1.00 235  1.65 1.00  6.00
Qwen2.5-72B 1.80 355 225 1.00  8.60
Qwen2.5-32B 1.50 3.00 2.05 1.00  7.55
Qwen2.5-14B 1.30 3.00 2.00 1.00  7.30
Qwen2.5-7B 1.15 3.00 2.00 1.00  7.15
Qwen3-Next-80B-A3B 1.55 3.00 225 090  7.70
DeepSeek-V3.2-Chat 1.95 325 255 1.00  8.75
DeepSeek-V3.2-Reason  1.25 280 230 1.00 735
Closed-source LLMs
GPT-40-mini 1.30 3.00 2.05 1.00 735
GPT-5-mini 1.55 325 230 1.00  8.10
Qwen-turbo 1.95 3.00 2.55 1.00 8.50

due to the inherent uncertainty in disease progres-
sion within dynamic settings—resulting in unpre-
dictable task sequence lengths—we randomly sam-
ple 100 cases for experimentation. During eval-
uation, each stage’s output is compared against
the gold standard. If an error occurs in any pre-
vious task, all subsequent tasks for that case are
marked as invalid, simulating the cascading effect
of errors in real-world applications. The experi-
mental results are summarized in Table 9. From
the table, we observe that all models experience
a decline in performance in dynamic settings on
the English dataset, primarily because early-stage
errors often propagate downstream, negatively af-
fecting later decisions. Specifically, on the English
dataset, Apollo2-7B, Mixtral-8x22B, and Qwen-
turbo show performance drops of 13.77%, 13%,
and 9.06%, respectively, compared to static evalu-
ation. However, we observe an opposite trend on
the Chinese dataset, where performance slightly
improves under dynamic evaluation. Specifically,
HuatuoGPT2-34B, Qwen2.5-7B, and GPT-40-mini
achieve gains of 4.26%, 1.07%, and 3.55%, re-
spectively. This discrepancy can be attributed to
differences in data distribution and task complexity
between the Chinese and English settings. Specifi-
cally, Chinese cases tend to involve shorter clinical
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Table 9: Results under the Multi-turn Experimental Setting on Chinese and English Data (%).

Model T_Acc E_Recall PD_F1 PB_Score DD_Score TP_IoU CE_Recall CA_IoU CT_IoU FD_F1 FB_Score Avg
English

Apollo2-7B 55.00 47.50 27.06 53.00 31.40 4.74 33.35 23.70 1.62 8.45 45.80 30.15

Mixtral-8x22B 47.00 43.83 26.91 68.60 43.80 10.26 38.42 35.26 2.85 24.83 63.00 36.80

Qwen-turbo 56.00 4528 29.13 74.00 44.60 11.25 49.73 39.46 2.65 27.67 67.00 40.62
Chinese

HuatuoGPT2-34B  44.86 62.78 28.34 66.36 33.83 5.48 29.24 59.17 0.79 0.00 68.79 36.33

Qwen2.5-7B 59.81 62.86 35.13 69.35 35.14 5.56 20.38 61.21 1.17 15.74 66.36 39.34

GPT-40-mini 63.55 50.97 24.88 69.72 40.56 4.36 23.67 64.71 1.37 16.03 62.43 38.39

Table 10: Statistics of the Number of Courses in the Chinese and English Datasets.

Dataset 2 Days 3 Days 4 Days 5 Days 6 Days 7 Days 8 Days 9 Days 10 Days 11 Days

Chinese 789 440 34 5 2 1 0 1 0 0

English 96 702 1,555 1,520 878 352 105 105 111 4

trajectories and more concise information chains,
making the context generated in earlier turns more
likely to serve as complementary cues for subse-
quent reasoning. In contrast, the English dataset
generally features longer disease courses and more
complex cases, where errors introduced in earlier
stages are more prone to accumulate and propagate,
thereby leading to more pronounced performance
degradation.

A.6 Analysis of Course Quantity Effects on
LLM Performance

In this section, to analyze the impact of course
quantity on LLM performance, we first compile
statistics on the data corresponding to different
numbers of courses in both the Chinese and En-
glish datasets, as shown in Table 10. The table
reveals an imbalance in course distribution. There-
fore, we select data from both the Chinese and
English datasets with relatively higher numbers of
courses and data volumes for analysis, striking a
balance between the number of courses and the
data size. Specifically, for the Chinese data, we
select data corresponding to 3 courses for analy-
sis, with the experimental results shown in Fig. 6.
For the English data, we select data corresponding
to 6 courses for analysis, with the experimental
results shown in Fig. 7. The experimental results
show that, in both Chinese and English datasets,
as the courses increase, the performance of most
LLMs in examination recommendation and treat-
ment planning tasks gradually declines, while their
performance in the assessment task improves. This
is primarily because, as the courses accumulate, the
patient’s medical history becomes more complex
and lengthy, which may lead to redundant exam-

inations or treatment plans, thereby affecting the
model’s decision-making effectiveness regarding
the patient’s current progress. However, in the as-
sessment task, the accumulation of courses helps
the model better evaluate the patient’s condition.

A.7 Analysis of Different Examiner Models

In this section, we aim to evaluate the impact
of different backbone models used by the patient
and examiner agents on the performance of doc-
tor agents. To this end, we replace the backbone
models of both the patient and examiner agents
with Qwen3-Next-80B-A3B and DeepSeek-V3.2-
Chat, respectively. During the experiments, we
keep the prompt templates and EHR strictly un-
changed, and re-evaluate the baselines of various
doctor models under this setting. It is important
to note that, within the SimHospital framework,
both the patient and examiner agents are strictly
constrained by structured medical records and stan-
dardized test results. Their roles are limited to
information presentation and state feedback, and
they do not participate in any decision-making pro-
cess. Therefore, such replacements are intended
solely to assess the sensitivity of the evaluation
framework to different backbone models, without
altering the underlying decision logic of the task.
The experimental results using Qwen3-Next-80B-
A3B and DeepSeek-V3.2-Chat as examiners on the
English dataset are reported in Table 11 and Ta-
ble 12, respectively. Correspondingly, the results
on the Chinese dataset are shown in Table 13 and
Table 14. As shown in the tables, replacing the
backbone models introduces only minor numerical
variations, while the relative performance rankings
among models remain largely consistent. More-
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over, no systematic bias toward any specific model
is observed. These findings indicate that the bench-
mark demonstrates strong stability and robustness
across different backbone model configurations.

A.8 Error Case

In this section, we introduce the Chinese and En-
glish error samples of LLMs on ClinicalMC. Both
error examples come from the DeepSeek-V3 model.
The Chinese error sample is shown in Fig. 8. The
English error sample is shown in Fig. 9.

A.9 Prompt of SimHospital Framework

In this section, we provide a detailed description of
the prompts for the three agents introduced in the
SimHospital evaluation framework. The prompt for
the doctor agent is shown in Fig. 10. The prompt
for the examiner agent is shown in Fig. 11. The
prompt for the patient agent is shown in Fig. 12.

A.10 Prompt of ClinicalMC Annotation

In this section, we provide a detailed description of
the prompts used during the ClinicalMC annotation
process. During data annotation, the model is ex-
plicitly instructed to “strictly extract the following
information from the original medical records with-
out adding, deleting, or modifying any content.” to
minimize hallucination during the annotation. The
prompt for data annotation is shown in Fig. 13.

A.11 Evaluation Prompts and ClinicalMC
Examples

In this section, we present the evaluation prompts
as well as example Chinese and English EHRs from
ClinicalMC. The prompts used for evaluation are
shown in Fig. 14. The Chinese EHR is shown in
Fig. 15, and the English EHR is shown in Fig. 16.
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Table 11: Evaluation results of baseline models on English data assessed by Qwen3-Next-80B-A3B as the examiner
model.

Model T_Acc E_Recall PD_F1 PB_Score DD_Score TP_IoU CE_Recall CA_IoU CT_IoU FD_F1 FB_Score Avg
Medical LLMs

Apollo2-7B 60.64 33.19 28.48 60.37 40.49 5.82 33.27 57.62 3.94 46.95 80.63 41.04
Asclepius-Llama2-13B 0.04 0.00 0.00 42.12 36.34 1.26 0.00 21.32 1.12 0.00 0.00 9.29

Asclepius-Llama2-7B 0.04 0.00 0.00 42.12 36.34 1.26 0.00 21.32 1.12 0.00 0.00 9.29

Baichuan-M2 61.80 20.05 25.51 76.40 56.01 9.52 21.11 54.49 6.31 82.53 86.02 45.43
MedGemma 62.88 20.75 21.37 77.06 64.26 10.20 24.16 52.56 6.73 71.35 87.02 45.30
HuatuoGPT-01-7B 59.11 29.68 19.96 60.77 52.71 8.07 27.33 61.58 5.15 76.19 81.41 43.81

Open-source LLMs
Llama-3.3-70B 62.95 14.16 22.71 74.68 51.17 10.59 15.55 64.73 6.23 79.44 86.18 44.40
Llama-3.2-3B 49.16 13.93 22.83 54.84 48.70 6.88 18.62 51.28 8.64 78.90 83.10 39.72
Mistral-7B 37.26 22.78 19.42 67.97 47.59 9.15 27.95 59.60 5.94 71.75 82.75 41.11
Mixtral-8x22B 60.52 19.04 33.93 72.90 49.69 12.51 21.72 63.09 7.71 86.96 84.13 46.56
Falcon3-7B 51.34 22.14 21.82 61.95 48.39 7.76 23.46 59.31 4.77 63.25 85.83 4091
Qwen2.5-72B 63.48 16.71 27.23 76.34 47.34 10.03 18.48 58.62 5.65 84.56 85.64 44.92
Qwen2.5-32B 63.28 18.01 18.24 74.95 54.55 10.22 20.76 66.12 6.15 80.70 84.41 4522
Qwen2.5-14B 64.40 19.28 25.76 74.86 48.13 9.41 19.56 64.24 5.82 84.30 84.45 4547
Qwen2.5-7B 59.90 24.97 23.33 64.40 47.40 9.31 23.63 61.73 6.29 77.68 85.60 44.02
Qwen3-Next-80B-A3B 63.17 20.61 27.90 81.97 60.99 10.80 23.37 42.85 533 69.49 86.30 44.80
DeepSeek-V3.2-Chat 52.33 22.74 28.25 78.78 57.25 12.11 22.76 57.25 5.59 70.62 86.80 44.95
DeepSeek-V3.2-Reason 56.67 18.90 25.19 81.00 61.17 13.58 19.56 57.46 7.12 67.32 87.08 45.00
Closed-source LLMs

GPT-40-mini 64.30 19.22 35.96 72.10 54.24 11.74 22.06 62.98 6.35 93.39 81.84 47.65
GPT5-mini 60.99 21.44 28.89 86.73 60.74 12.57 24.90 62.74 6.23 51.59 86.98 45.80
Qwen-turbo 63.90 29.73 31.96 71.50 50.92 10.31 26.65 56.08 6.08 87.42 84.24 47.16

Table 12: Evaluation results of baseline models on English data assessed by DeepSeek-V3.2-Chat as the examiner
model.

Model T_Acc E_Recall PD_F1 PB_Score DD_Score TP_IoU CE_Recall CA_IoU CT_IoU FD_F1 FB_Score Avg
Medical LLMs
Apollo2-7B 60.74 20.59 28.40 60.57 40.92 5.92 20.73 57.57 3.96 46.76 80.70 38.81
Asclepius-Llama2-13B 0.02 0.00 0.00 32.23 36.20 1.44 0.00 21.62 1.02 0.00 0.00 8.41
Asclepius-Llama2-7B 0.02 0.00 0.00 32.06 37.34 1.42 0.00 22.57 1.04 0.00 0.00 8.59
MedGemma 62.86 11.91 21.38 76.75 64.19 10.07 13.76 52.61 6.74 71.31 86.93 43.50
Baichuan-M2 61.88 15.76 25.52 76.46 55.83 9.48 15.17 54.49 6.35 82.42 86.13 44.50
HuatuoGPT-01-7B 59.11 15.76 20.06 60.62 52.69 8.09 16.57 61.41 4.98 76.09 81.45 41.53
Open-source LLMs
Llama-3.3-70B 62.37 9.23 24.01 74.50 49.84 10.72 12.00 64.09 6.23 6.23 84.89 36.74
Llama-3.2-3B 49.73 9.74 23.33 54.71 48.07 7.17 13.65 51.17 8.67 8.67 83.25 32.57
Mistral-7B 33.33 10.74 29.05 68.44 45.44 10.09 16.87 61.52 591 78.36 82.22 40.18
Mixtral-8x22B 59.87 11.32 33.53 72.97 49.28 13.27 16.22 63.47 7.75 7.75 84.19 38.15
Falcon3-7B 52.88 14.07 21.98 62.71 47.90 8.08 15.28 59.95 4.69 4.69 87.10 34.48
Qwen2.5-72B 63.55 9.24 27.10 76.08 47.28 10.08 12.21 58.65 5.60 5.60 85.65 36.46
Qwen2.5-32B 63.26 8.87 18.28 74.92 54.33 10.22 9.57 66.17 6.13 80.56 84.41 43.34
Qwen2.5-14B 64.39 10.41 25.67 74.94 48.02 9.30 9.22 64.29 5.82 84.19 84.45 43.70
Qwen2.5-7B 60.35 15.52 20.16 66.23 51.64 8.96 15.18 61.86 6.39 6.39 84.35 36.09
Qwen3-Next-80B-A3B 63.23 11.46 27.87 81.80 60.70 10.81 14.66 42.87 541 69.76 86.33 43.17
DeepSeek-V3.2-Chat 53.43 14.60 28.24 78.65 56.65 12.27 14.56 57.87 572 5.72 86.60 37.66
DeepSeek-V3.2-Reason 57.22 9.72 25.88 81.28 60.67 13.89 1091 57.07 727 66.92 87.08 43.45
Closed-source LLMs
GPT-40-mini 59.26 11.21 37.57 72.04 58.59 11.63 17.54 62.46 6.52 89.32 80.82 46.09
GPT5-mini 57.78 9.74 29.16 87.33 60.33 11.45 13.63 66.76 4.28 55.15 87.00 43.87
Qwen-turbo 62.90 28.63 31.29 71.01 51.03 9.84 27.17 55.87 6.09 86.92 84.24 46.82
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Role:
You are an impartial judge, familiar with clinical medical knowledge and experienced in clinical decision-making. You need to assign a score for each
item, and avoid giving full marks easily. Your evaluation should be based solely on the following evaluation standards.

Evaluation Standard:

Comprehensiveness (0-2 points):} Assess whether the clinician has a comprehensive understanding of the patient’s condition and has accurately
analyzed the patient’s basic information, medical history, past history, physical examination, and auxiliary tests, making reasonable test predictions
and treatment recommendations based on this. This includes but is not limited to the following aspects:

1.1 Has the clinician made reasonable test recommendations based on changes in the patient’s chief complaints and other key clinical information
throughout each course of illness?

1.2 Has the clinician proposed appropriate treatment plans based on the changes in the patient’s chief complaints and additional test results throughout
each course of illness?

Professionalism (0-4 points):

Evaluate the clinician’s professionalism in clinical decision-making. This includes but is not limited to the following aspects:

2.1 Can the clinician demonstrate professional decision-making ability based on the chief complaints and records of each course of illness?
2.2 Do the recommended diagnostic tests and treatments align with medical standards and professional expression?

2.3 Has the clinician recommended any unreasonable diagnostic tests or treatment plans?

2.4 Can the treatment plan proposed by the clinician help the patient recover?

Authenticity (0-3 points):

Evaluate whether the clinician communicates with the patient in a truthful and effective manner, fully considering the patient’s emotional responses,
especially changes in chief complaints across different medical records. This includes but is not limited to the following aspects:

3.1 Does the clinician fully reflect the progress of the patient’s illness and adjust diagnostic and treatment recommendations at different stages?

3.2 Does the clinician use clear, concise, and professional language, avoiding vague or potentially misleading statements?

3.3 Does the clinician avoid any statements that might cause misunderstanding or discomfort?

3.4 Does the clinician’s expression align with authentic clinical communication methods?

Safety (0-1 points):

Evaluate whether the clinician adheres to privacy protection and ethical guidelines in the decision-making process. This includes but is not limited to
the following aspects:

4.1 Does the clinician comply with privacy protection regulations and avoid disclosing sensitive information in the recommended treatment plans?

4.2 Does the clinician avoid coercive or overtreatment, ensuring that the patient is involved in and has given informed consent for the treatment plan?

Constraints:

- Avoid bias and ensure the order of replies does not influence your decision-making.
- Do not let the length of the reply affect your evaluation.

- Do not favor any particular model and maintain objectivity as much as possible.

Attention:

You need to analyze the model’s predicted results, referring to the provided standard case and the model’s predicted medical history. This includes
assessing the preliminary diagnosis_basis, differential diagnosis, first treatment, assessment and treatment in the course record, and the
final diagnosis_basis. Ultimately, you should provide an overall score based on these analyses.

Workflow:
Hopefully your output can be loaded using json.loads(). Please strictly follow the following format to output your final conclusion:

"Comprehensiveness": XXX,
"Professionalism": XXX,
"Authenticity": XXX,
"Safety": XXX

Figure 5: Prompt Template of GPT-4 Evaluation.
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Figure 6: The performance of Examination Recall, Assessment Score, and Treatment Score for each course in the
Chinese multi-course dataset.

Table 13: Evaluation results of baseline models on Chinese data assessed by Qwen3-Next-80B-A3B as the examiner
model.

Model T_Acc E_Recall PD_F1 PB_Score DD_Score TP_IoU CE_Recall CA_IoU CT_IoU FD_F1 FB_Score Avg
Medical LLMs
Apollo2-7B 56.63 31.63 34.59 70.98 42.84 7.14 16.05 59.36 2.21 70.16 76.66 42.57
HuatuoGPT2-7B 39.92 26.43 5.70 60.89 41.07 4.83 12.68 57.02 2.05 21.27 70.09 31.09
HuatuoGPT2-13B 61.57 33.64 0.00 62.42 38.60 6.47 17.27 60.36 224 3.86 70.81 3248
HuatuoGPT2-34B 46.98 30.30 31.07 69.41 36.75 7.07 16.53 63.24 3.03 65.36 77.84 40.69
MedGemma 65.33 13.28 29.93 77.15 47.34 6.66 9.95 79.29 2.88 58.56 83.65 43.09
HuatuoGPT-01-7B 67.14 27.15 32.25 71.18 38.95 5.35 11.32 68.78 2.76 60.99 77.05 42.08
Baichuan-M2 53.65 25.74 33.94 78.87 46.65 532 13.26 77.71 2.60 65.97 81.40 44.10
Open-source LLMs
Llama-3.3-70B 64.94 17.25 29.61 73.55 37.30 5.59 9.42 70.52 2.33 68.27 84.85 42.15
Llama-3.2-3B 40.39 9.54 12.56 55.84 35.29 3.84 6.86 46.11 1.45 53.61 59.84 29.58
Mistral-7B 40.31 18.05 21.87 61.69 30.78 3.80 9.78 54.16 2.05 63.50 64.64 33.69
Mixtral-8x22B 62.90 28.49 27.37 70.12 31.55 597 13.99 70.67 243 67.39 80.22 41.92
Falcon3-7B 52.16 14.03 19.36 60.93 40.05 3.09 7.28 51.61 1.86 63.46 70.18 3491
Qwen2.5-72B 65.02 31.51 36.43 78.56 53.41 8.58 14.99 76.17 291 67.67 83.75 47.18
Qwen2.5-32B 59.14 34.66 36.69 79.06 45.54 7.08 1243 74.76 3.74 71.09 86.51 46.43
Qwen2.5-14B 64.16 24.17 37.60 78.76 41.62 6.57 11.48 74.18 2.86 69.49 80.53 44.67
Qwen2.5-7B 64.39 36.32 33.59 70.84 39.36 6.65 16.53 67.05 2.57 71.05 72.88 43.75
Qwen3-Next-80B-A3B 67.69 2291 31.28 81.40 60.56 6.24 9.31 83.68 2.93 63.56 87.33 46.99
DeepSeek-v3.2-Chat 63.06 14.64 29.82 75.83 61.71 7.66 6.72 79.59 3.38 53.45 81.29 43.38
DeepSeek-v3.2-Reason 66.90 16.00 31.87 80.82 66.75 8.07 6.62 84.45 3.54 56.49 86.46 46.18
Closed-source LLMs
GPT-40-mini 63.38 16.98 28.55 71.46 40.56 5.75 8.40 71.26 2.51 71.72 83.76 4221
GPT-5-mini 61.97 3.21 11.59 83.19 50.89 6.12 1.01 83.77 3.90 44.01 82.35 39.27
Qwen-turbo 53.99 31.63 26.61 79.72 53.52 6.10 7.78 73.77 3.16 74.86 83.10 44.93
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Figure 7: The performance of Examination Recall, Assessment Score, and Treatment Score for each course in the
English multi-course dataset.
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Table 14: Evaluation results of baseline models on Chinese data assessed by DeepSeek-V3.2 as the examiner model.

Model T_Acc E_Recall PD_F1 PB_Score DD_Score TP_IoU CE_Recall CA_IoU CT_IoU FD_F1 FB_Score Avg
Medical LLMs
Apollo2-7B 57.74 3357 34.59 70.88 43.29 7.45 18.25 59.65 2.31 7031 7658  43.15
HuatuoGPT2-7B 40.63 29.06 543 60.94 41.52 5.00 19.50 56.74 224 2242 7093 3222
HuatuoGPT2-13B 61.33 35.65 0.00 62.59 38.26 6.55 21.14 60.15 2.20 3.70 7002 32.87
HuatuoGPT2-34B 45.18 2960  29.42 66.49 35.14 6.30 18.42 60.74 275 6236 7537 39.25
MedGemma 65.49 1649  30.15 77.22 47.67 7.08 11.02 79.10 2.95 5871  83.87 4361
HuatuoGPT-01-7B 66.67 2262 3291 70.53 39.22 5.61 14.49 68.52 2.57 6225  76.88  42.02
Baichuan-M2 53.25 2606 3554 78.82 46.98 5.29 14.99 76.47 249 6520 8216 4430
Open-source LLMs
Llama-3.3-70B 65.02 1844 2943 72.93 37.76 5.53 12.93 69.98 235 6770 8467 4243
Llama-3.2-3B 41.41 14.19 12.45 55.91 34.68 4.05 8.21 4578 1.54 5310 60.64  30.18
Mistral-7B 40.63 1862 22.09 61.68 30.23 375 10.95 53.93 1.89 63.68 6406 3377
Mixtral-8x22B 62.67 3021 27.56 70.85 32.03 5.91 15.17 70.93 2.38 66.84 8071 4230
Falcon3-7B 51.84 19.12 19.52 60.11 39.39 3.19 15.81 52.93 1.86 6252 7046  36.07
Qwen2.5-72B 65.10 2779 3678 78.37 53.95 8.36 15.77 76.56 2.89 6779  83.59  47.00
Qwen2.5-32B 59.06 31,12 3678 79.07 44.74 7.31 13.05 74.60 3.53 7087 8657  46.06
Qwen2.5-14B 63.92 2320 37.32 78.13 4171 6.76 11.76 73.53 292 69.14  80.11 4441
Qwen2.5-7B 64.39 3176 3342 70.56 38.92 6.74 16.78 67.41 2.46 7105 7311 4333
Qwen3-Next-80B-A3B  68.08 2197 3157 82.10 60.80 6.12 10.13 84.74 2.94 6374 8830  47.32
DeepSeek-v3.2-Chat 66.20 2146 3135 80.55 65.63 8.00 11.95 85.18 3.46 5675 8693  47.04
DeepSeck-v3.2-Reason  66.98 2158 32,06 80.85 65.32 7.95 11.62 85.14 3.68 5662  86.10  47.08
Closed-source LLMs
GPT-40-mini 63.38 1952 28.88 71.55 40.00 5.75 10.95 7121 2,07 7193 8432 4269
GPT-5-mini 58.22 4381 12.70 83.19 50.42 6.30 5.87 83.49 3.90 4473 8300  39.69
Qwen-turbo 52.58 3076 27.67 78.03 52.86 5.84 9.72 72.17 2.83 7530 8347  44.66
Type Task Patient Note Error of DeepSeek-V3 zero-shot
"EAFZR L, 6MNATR, K, TERIATT A" "L RPRE SRR \n - 2B Ak A5VEF (5-
"R RTINS, AR R 38.9°C", 10 mg/kg/ixk, 1F6-8/Ni Pk, #ARiE>38.5°CIf ) .
HLE S LT NBERT 17/ B B B R BLE A, AR \n - FERMRR e JERERR RN (R TR L KBS %0 T A1,
H38.9°C, FAIEIH IR AmI O RE IR TR E B, 53 1260-80 mi/kg/HiH5D , AIEBUKREE . 2. WS4 2
-~ W, I, ToHhdE, T, H20k, FEEITSTaRMhE SEH \n - oI ERR BE AR, PR IR ZEIL
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AT TS A HARGISTEREE, [HEUL « FRPRRdk” SNk, 7 &l oo BpmERA S T, 21
ES i, BJUEMAR, "B "T: 38.7°C, P: 160{k/ H@Jﬂzﬁﬂiiﬁcn 3. ?FIE'?XM?\n WSO AE A AAE (R4
4% R: SOWR/4rs WHBFRINL, U IR 35 B AR R, ANIHE AR DEE. PRSI o \n - (REEIIGEE
YERBIAG A ("SEI AR A (A " 4HAE26.39 X 1079/L, i, BUE/bEZ IR ’mk ) @
Hi177.24%","PCT": "0.92 ng/ml'}, AL (), "R u0E LR R L. ARSI E T, Bk
B (A PSRN ST sl B
CHEARGRE B, 9%, BAY TR RIQRAEZ MBI YT T T \n\ 1A AT \n - FHB DR, A
Y, “ERT: “T38.4°C7, “BRAE 2™ A TAR S 7 “SK0 Sy WIS Z RS G ﬁt%;ﬁﬁﬁﬁ]ﬁ%u\
S A (CMFEH FAIE27.32x10°9/L, FHERIANIIS0%”, “CRP™ S A AR . \n - **IR R K S
QEHW’E,‘% HBITHER 11 A3me/L” ) PRI [ R S B TR g \n - o R f%%f&?‘*ﬂlu/a ERE:T
e IRRRIER[ 0 —JORRE™: ("R "G L/ /2 JEAE B W,
PR, R B, S8 B, R .y L
SRS S A { “UMY0: “93mm/h”, “CRP”:*46.76mg/L" },..]... # ML F/CRPI G — i P S B3R 2R -+l ) DL
HAGER: 5, 758 LR RIREL R TARHARE gy (o5 B 2= (2 M AR BT M40 e
Me2AE, FETEIR1FKS; FEA M. %0535, Bfk: BP 155/97 ,J\m(}jz,hr—.. "‘:'HEQI?EIE"]
mmHg, TSR, AT K, eyl gk, Uiy T
WA, T A TR S, RR . M. AR
'lmFA?V/%ﬁ lpkisly B 3.30 mmol/L |, [AI#ZAHZISK 20.68 umol/L 1, FFDyfiE: AHLL W3 T S, AR U W 2
HiR # 27.00 umol/L 1, JRUTMER: BIL+1 1, BLD+21, PRO+2 190 % o e A T Lo
T LUIEEE: B-AGHRIK 516.20 pg/ml 1, WIALEH 62.12 . JilisE 'H- ;g(,\fr_\y#y;{/u;,.
LW TSRS SR 12.610 ng/mL 1, i
WM, FHSCGENGHL, TR
SHAEE <5, 12I4NA, B, CESTIS W RS R KA 1R R IR
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“BEAE S “\n B LFI SR —f . 2021-01-05%22021-01-15A Sz iemSa) (AR E RN, HWE AR
A, NS, EBNERGY, IR, Ak HUPI T \n\nfE Yt LAY L. (k¥E: 1.BEEEB
Eip k7 FREMER AT, BT, SR TR YL, (EHAREBIREE DU B 1 o 2. 00 FAk
H. ZEPERL EARRE. FRRTR. ROSRE. ZEoE  CAURBIRII G3.1%) . RS RNEIL.
MR orkipmg W, 7, R TS 367°C, P 6/ R: 36004, A WIS R (B . fKIE: LA AW,
#iR FUSALTH, RSO L CBESLR Y, TR 7SI, WS PEMENS . 2 AKFE: TERIRBEIZI, AR R RS
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v in | 0/
SO B e # SRR IR AR AR R 55 A R R A
2.3mg/L"}, ! Kt

Figure 8: Examples of the three error types for Chinese data in ClinicalMC. The incorrect rationale, # comments,
and evidence are highlighted.
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Type Task Patient Note Error of DeepSeek-V3 zero-shot

“basic_information”: “Female, 88”, “chief _complaint”: “Chest "first_treatment": "1. Continue hemodynamic monitoring
tightness and shortness of breath after activity”, with arterial line and central venous pressure (CVP)
“physical_examination”: “Height: 150 cm; Weight: 41 kg; Systolic  measurement. \n2. Administer adrenaline infusion titrated to
arterial blood pressure (ABP) decreased to less than 40 mmHg maintain systolic BP >90 mmHg. \n3. Provide volume
Redundant during surgery, elevated peak and plateau airway pressures (60 and  resuscitation with crystalloids or colloids as needed. \n4.
Diagnostic and Trea@ent 40 cmH20, respectively)”, “auxiliary_examination”: {“Laboratory Consider glucagon 1-5 mg IV bolus if refractory
Treatment Plan Planning  examination”: {“Total serum tryptase level at 1 h post-onset™ “7.3 hypotension persists. ",
ng/mL”,“Total serum tryptase level at 24 h post-onset™: “1.2 # In perioperative drug-induced anaphylactic shock, the
ng/mL”},“Pathological examination™: {} }, “clinical_department”: first-line treatment should be epinephrine + rapid volume
“Cardiovascular Medicine Dept.”, “preliminary_diagnosis”: resuscitation + airway management, with glucocorticoids
[“Severe Aortic Stenosis”, “Anaphylactic Shock™]... and antihistamines as secondary treatments.

{“first_course_record”: {“chief complaint”: [“The patient
complained of slight general fatigue and anorexia. ], ...
“treatment”: [“Empiric therapy commenced with 1 g of ceftriaxone
every 12 hours and a single administration of 2 g of oral
azithromycin.”]}, “second_course_record”: {“chief complaint”:
Failure to Detect [“The patient presented with persistent cough and fever.”],...,

"treatment": [ "1. Continue antibiotic treatment (e.g.
amoxicillin-clavulanate or azithromycin). 2. Continue to
observe the patient's condition." ]

Subtle but Treatment “treatment”: [“After consultation with a chest physician, oral : f,\ m?r 5’\]_]”“0‘”15 h‘fn ST Cd‘,“:N“‘n‘c_m\‘\hmfld LTC o
. Planning B g . gradually reduced based on the patient's recovery progress
Critical Changes administration of 400 mg of Garenoxacin every 24 hours was Z e o g N et Bt B (B A
. o - rather than continuing to use antibiotics for a long time.
started.”]}, “third_course_record”: {“chief complaint” : [“The - -
patient noted dramatic amelioration of dyspnoea and reduction in
fever.”], “auxiliary_examination”: {“Imaging examination: {},
“Laboratory examination”: {“Mycoplasma particle agglutination
titres™: “Increased from 1 : 80 to 1 : 2,560.”}}...
Chief Complaint: Elevated serum creatinine detected for 1 year, “Preliminary Diagnoses™: [“Hypertension”, “Gouty
bilateral ankle joint pain for 2 days. Present History : The patient Arthritis”, “Kidney Stones”, “Anemia”, “Left Ventricular
has experienced lumbar and knee weakness and fatigue for nearly Dysfunction”]
one year. This year, kidney impairment worsened, with serum
creatinine reaching 700 pmol/L. In the past 2 days, he developed # The patient has had persistently elevated serum creatinine
bilateral ankle joint pain, weakness, and difficulty walking. Self- levels for over one year (peaking at 705 pmol/L),
Incorrect . medication with painkillers at home showed no improvement. Past  accompanied by lumbar and knee weakness, fatigue, and
Clinical C‘llmcall Medical History: Over 10 years of recurrent gouty arthritis attacks. ~ anemia. Renal function tests show creatinine at 705 pmol/I
Diagnosis Diagnosis  ppysical Examination: BP: 150/100 mmHg; bilateral ankle joints  and blood urea nitrogen at 27.20 mmol/L, supporting the
red, swollen, and painful; bilateral lower limb edema; tenderness diagnosis of chronic renal failure.
below the xiphoid process (+). Auxiliary Examinations:
Laboratory Tests: Renal function: Creatinine 705 pmol/L, Blood
Urea Nitrogen (BUN) 27.20 mmol/L, Uric acid 872 pmol/L.
“basic_information”: “Female, 3 months”, “chief complaint”: “diagnosis”: [“Chronic Granulomatous Disease”,
“Recurrent and treatment-resistant cervical lymphadenopathies “Tuberculosis”...] “diagnosis_basis”: “1. Chronic
with high CRP levels”, “past_medical_history”: “History of Granulomatous Disease: history: patient with recurrent
pneumonia at 15 days of birth; first child of a consanguineous infections and consanguineous family; symptoms: cervical
family”, “auxiliary_examination”: { “Imaging examination”: lymphadenopathies, skin eruptions; signs: anemia,
{“CXR”: “Bilateral extensive infiltrations especially prominent in ~ leukocytosis, normal CRP; auxiliary_examination:
left upper lobe”, “Thorax CT”: “Pneumonic consolidations with insufficient oxidative burst activity, mutation analysis
Incorrect Clinical  C@lcifications; extensive lymph node enlargements; abscess of 4.5 confirming CYBA gene mutation. 2. Tub.ercul(?sis: history:
reasoning chain  Diagnosis X 1.7AcmAdiameter in left lung inferior lobe”}, "Laboratory ) recurrent pneumonia with no mycobacten;-il ev1dence_;
examination": { "Complete Blood Count": "Anemia, leukocytosis", ~Symptoms: acute pneumonia, tachypnea; signs: anemia,
"CRP": "High CRP level (12 mg/dL initially, 3 mg/dL leukocytosis, high CRP, extensive infiltrations on CXR;
subsequently)", "ESR": "60 mm/hr", "Oxidative Burst Activity": auxiliary_examination: CT scan indicating pneumonic
"FMLP 9%, PMA 9%, opsonized E. Coli 4%; normal values 1— consolidations, PPD test positive”...

10%, 98—-100%, 97-100% respectively", "PPD": "9 mm", "Gastric
fluid acid-fast bacilli and PCR": "Negative”}} ...

# The test results showed that CRP was elevated, not normal.

Figure 9: Examples of the three error types for English data in ClinicalMC. The incorrect rationale, # comments,
and evidence are highlighted.
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Instruction: """You are a doctor who needs to determine the appropriate department for the patient based on their description. After gathering all
necessary information, you need to do different tasks. The output must be in English only. """

Triage: """Here is the patient's relevant information: {patient_info}.Based on the patient's chief complaint and basic information, select the most
appropriate department from the following options and output only the department name: {departments}.Output format: Only the chosen department
name."""

Examination Recommendation: """You need to recommend auxiliary examinations for the patient based on their medical history. Provide
recommendations from three aspects: laboratory tests, imaging studies, and pathological examinations. Here is the patient's relevant
information: {patient_info}.

Your tasks are: 1.Generate potential auxiliary examination items based on the patient’ s existing information. 2.The recommended tests should be
grounded in the currently known data and cover a reasonable range of possible conditions. 3.The response should be professional, concise, and easy to
understand.

Important Notes: 1.0nly list the recommended auxiliary tests—do not include any additional explanations or unrelated content. 2.The output must be in
English only."""

Clinical Diagnosis: """Here is the patient‘s relevant information: {patient_info}.Based on the patient’s basic information, chief complaint, and medical

history, provide preliminary diagnosis and differential diagnosis following these requirements:

1. Output Format: {“preliminary diagnosis™: [“diagnosis1”, “diagnosis2”, ...], "preliminary diagnosis basis": {"diagnosisl"' {"history": "...",
"symptoms": "...", "signs": , "auxiliary_examination™: "..."},"diagnosis2": {"history": , "symptoms": signs': , "auxiliary_examination":

"

2. Requirements:

- List all diagnoses (disease names only, no explanatory phrases)

- For each diagnosis, provide supporting evidence in four categories: a) Relevant medical history. b) Presenting symptoms. c) Clinical signs. d)

Positive auxiliary examination findings

- Generate only factual, clinically supported diagnoses

- Maintain strict JSON format,No explanatory text outside the JSON structure

- Use English only

3. preliminary diagnosis example:

{"preliminary diagnosis": ["COVID-19 pneumonia","Pulmonary embolism"],

“preliminary_diagnosis_basis”: {“COVID-19 pneumonia”: {“history”: “One-week worsening dyspnea, general malaise, headache”,“symptoms”:

“Dyspnea at rest, ageusia”,“signs”: “Tachypnea, desaturation, lung aggregates on auscultation”,“auxiliary examination”: “Positive RT- PCR for SARS-

CoV-2, elevated D-dimer, troponin, ferritin, LDH”}, "Pulmonary embolism": {"history": "Slgnlﬁcant D-dimer elevation","symptoms": "Intermittent

retrosternal oppressive chest pain radiating to back","signs": "Right ventricular dysfunction on echocardiogram","auxiliary_examination": "CTPA

showing massive pulmonary thromboembolism"} } }

differential diagnosis example: 1. Bacterial pneumonia: Symptoms may include fever, increased sputum production, and localized lung sounds.2. Heart

failure: Symptoms may include dyspnea, orthopnea, and edema, with associated signs of volume overload. """

menonon non oo mwenonon mnononon
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Treatment Planning: """Here is the patient's relevant information: {patient _info}.Based on the patient's chief complaint, examination results, present
illness history, physical examination findings, preliminary diagnosis, diagnostic basis, and differential diagnosis, generate the initial treatment plan.
Your tasks: 1.Formulate an appropriate initial treatment plan using the provided clinical data. 2. Ensure the response is professional, concise, and easily
understandable.

Output requirements: Only provide the initial treatment plan—omit explanations or additional notes.

Example output: Initiate IV ceftriaxone 1g every 24h for infection control, plus symptomatic support.

Note: Responses must be exclusively in English. """

Assessment: """Here is the patient‘s relevant information: {patient_info}.You are a skilled physician and should evaluate the patient’s condition based
on the patient‘s complaints and test results during the course of the disease, which can include modification of the original diagnosis and confirmation
of the new diagnosis. There is no need to repeat the diagnosis that has already been modified in the previous evaluation, and the complaints and test
results are as follows: {input}, Only the results of this evaluation are output, and if it is judged that there is no change in the diagnosis this time, it can
be empty. Output Example: Based on the complaints and examination results, the diagnosis of mucocutaneous lymphadenopathy syndrome was revised
Note: 1.The output must be in English only. 2.Be concise and clinically precise. 3.0nly include changes; omit unchanged diagnoses."""

Final Diagnosis: """Here is the patient's relevant information: {patient_info}. Based on the patient's basic information, chief complaint, and medical

history, provide final diagnosis following these requirements:

1. Output Format: {“final diagnosis”: [“diagnosisl”, “diagnosis2”, . ] "final diagnosis basis": {"diagnosisl"' {"history": "...", "symptoms": "...",
"signs": "...", "auxiliary_examination": "..."},"diagnosis2": {"history": , "symptoms": signs": , "auxiliary_examination": "..."}}

2. Requlrements.

- List all diagnoses (disease names only, no explanatory phrases).

- For each diagnosis, provide supporting evidence in four categories: a) Relevant medical history. b) Presenting symptoms. c) Clinical signs. d) Positive

auxiliary examination findings

- Generate only factual, clinically supported diagnoses.

- Maintain strict JSON format,No explanatory text outside the JSON structure.

- Use English only.

3. Example:

{"final_diagnosis": ["COVID-19 pneumonia", "Pulmonary embolism"],

“final_diagnosis_basis”: {“COVID-19 pneumonia™: { “history”: “One-week worsening dyspnea, general malaise, headache”, “symptoms”: “Dyspnea

at rest, ageusia”, “signs”: “Tachypnea, desaturation, lung aggregates on auscultation”, "auxiliary examination": "Positive RT-PCR for SARS-CoV-2,

elevated D-dimer, troponin, ferritin, LDH"},

“Pulmonary embolism™: { “history”: “Slgmﬁcant D-dimer elevation”, “symptoms”: “Intermittent retrosternal oppressive chest pain radiating to back”,
“signs”: “Right ventricular dysfunction on echocardiogram”, "auxlllaryiexamination”: "CTPA showing massive pulmonary thromboembolism"} } """

non oo oo men o onon

»

Figure 10: Prompt of the doctor agent.
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Rule: """You are an examiner. The output is english only.
Instruction: """You are a certified medical examiner specializing in standardized test reporting. Required Examinations: {required_exam}. Available
Results: {exam_result}.

Note:

1.Report only examinations listed in Required Examinations.

2.For missing examinations: assign "normal" .

3.Empty categories should show as empty objects.

4.Absolute compliance with JSON format,No explanatory text outside the JSON structure.

5.Values must be clinically valid results.

6. The output must be english only.

Output Specification:

{

"auxiliary examination": {
"Imaging examination": {// Key-value pairs (e.g., "CT Head": "No abnormalities")},
"Laboratory examination": {// Key-value pairs (e.g., "WBC": "6.5 k/uL")},
"Pathological examination": {// Key-value pairs or empty}

}

example 1: Complete data

{

"auxiliary examination": {
"Imaging examination": {"X-ray Chest": "Clear lung fields"},
"Laboratory examination": {"HbAlc": "5.8%"},
"Pathological examination": {}

¥

example 2: Missing data

{

"auxiliary examination": {
"Imaging examination": {},
"Laboratory examination": {"Liver Enzymes": "normal"},
"Pathological examination": {}

}
o

Figure 11: Prompt of the examiner agent.

Rule: You are a patient.

Instruction: Here is your basic information: {Basic_Information}.

A doctor will come to diagnose your physical condition.

(1) Respond according to the chief complaint in the medical record.

(2) When instructed or advised to undergo an examination, promptly send the examination details to the examiner.
(3) After receiving the examination results from the examiner, actively relay the information to the doctor.

Figure 12: Prompt of the patient agent.
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Figure 13: Prompt for data annotation.
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Prompt for Differential Diagnosis Evaluation

"""You are a physician specialized in evaluating the quality and justification of differential diagnoses. Below are the model-generated differential
diagnoses with supporting evidence, as well as the ground-truth differential diagnoses and evidence (reference answer). Your task is to evaluate
whether the model’s differential diagnoses are reasonable and comprehensive, and whether the supporting evidence is sufficient, relevant, and accurate,
based on the reference answer.

- Please assign a score between 0 and 100 according to the criteria below.
- Output only in the specified format, without any explanation.

## Scoring Criteria

- 0: The differential diagnoses are completely incorrect, and the evidence is entirely irrelevant or wrong, with no overlap with the reference.

- 25: The differential diagnoses are largely incorrect, and the evidence is mostly incorrect, with only minimal relevance; overall highly unreasonable.

- 50: The differential diagnoses are partially reasonable, with some correct directions or evidence, but still contain significant deviations, omissions, or
erTors.

- 75: The differential diagnoses are mostly reasonable, with most key diagnoses correct; evidence is generally sufficient, with only minor errors or
omissions.

- 100: The differential diagnoses are fully reasonable and comprehensive, highly consistent with the reference; evidence is sufficient, accurate, and
well-aligned.

## Output Format
{"score": <score>}

Ground-truth differential diagnoses and evidence: {gt}
Model differential diagnoses and evidence: {differential diagnosis}"""

Prompt for Assessment Evaluation

"""You are a physician specialized in evaluating the quality of overall patient assessment. Below are the model-generated patient assessment and the
ground-truth assessment (reference answer). Your task is to evaluate whether the model’s assessment is comprehensive, accurate, relevant, and
clinically reasonable, based on the reference answer.

- Please assign a score between 0 and 100 according to the criteria below.
- Output only in the specified format, without any explanation.

## Scoring Criteria

- 0: The assessment is completely incorrect or irrelevant, with no overlap with the reference.

- 25: The assessment is largely incorrect, with only a small amount of relevant content; overall highly inaccurate.

- 50: The assessment is partially accurate, containing some correct elements, but still has significant omissions or errors.
- 75: The assessment is mostly accurate, with most key elements correct; only minor errors or omissions remain.

- 100: The assessment is fully accurate and comprehensive, highly consistent with the reference.

## Output Format
{"score": <score>}

Ground-truth patient assessment: {gt}
Model patient assessment: {clinical assessment}"""

Prompt for Diagnostic Basis Evaluation

"""You are a physician specialized in evaluating the quality of diagnostic justification. Below are the model-generated diagnostic evidence and the
ground-truth diagnostic basis (reference answer). Your task is to evaluate whether the model’s diagnostic justification is sufficient, reasonable, and
relevant to the true diagnosis.

- Please assign a score between 0 and 100 according to the criteria below.
- Output only in the specified format, without any explanation.

## Scoring Criteria

- 0: The diagnostic basis is completely irrelevant or incorrect, with no overlap with the true diagnosis.

- 25: The diagnostic basis is largely incorrect, with only minimal relevant content; overall highly unreasonable.

- 50: The diagnostic basis is partially reasonable, containing some correct elements related to the true diagnosis, but with significant deviations or
missing information.

- 75: The diagnostic basis is mostly reasonable, with most content aligned with the true diagnosis; only minor errors or omissions remain.

- 100: The diagnostic basis is fully reasonable, sufficient, and highly consistent with the true diagnosis.

## Output Format
{"score": <score>}

Ground-truth diagnosis: {gt}

Model diagnostic basis: {diagnosis_basis}

Figure 14: Prompts for evaluating differential diagnosis, diagnostic basis, and assessment.
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Figure 15: Chinese EHR example.
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{"id": "pmc-6146624-1",
"basic_information": "Female, 62",
"chief_complaint": "Pain and a sense of weight in the right hypochondriac site",
"past_medical_history": "HBV-related hepatopathy",
"present_medical_history": "Patient has been suffering for a few months from pain and a sense of weight in the right hypochondriac area. A CT scan
reveals a lesion of about 5 cm between the VI hepatic segment and right colon. Colonoscopy shows an ab extrinseco compression near the right colonic
flexure that dislocates the bowel, complicating the endoscope's progression.",
"physical_examination": "Not provided in the text",
"auxiliary_examination": {
"Imaging examination": {"CT scan": "Lesion of about 5 cm between the VI hepatic segment and right colon”},
"Laboratory examination": {"AFP": "394.90 ng/ml (normal value <15)","CEA": "2.20 ng/ml (normal value <5)","HBV Antibodies": "Positive”},
"Pathological examination": {"Laparoscopic findings": "An exophytic, encapsulated neoformation with a diameter of 5 cm at the level of the VI
hepatic segment”} },
"clinical_department": "Hepatobiliary & Pancreas Surgical Dept.",
"preliminary_diagnosis": ["Hepatic adenoma","Hepatocellular carcinoma","Colorectal cancer"],
"preliminary_diagnosis_basis": "1. Hepatic adenoma: history: The patient has HBV-related hepatopathy, and has a lesion in the liver; symptoms: Pain
and a sense of weight in the right hypochondriac site; signs: An exophytic, encapsulated neoformation found in the liver segment;
auxiliary _examination: CT scan shows a 5 cm lesion, and elevated AFP levels. 2. Hepatocellular carcinoma: history: Patient's liver condition with HBV
and elevated AFP levels; symptoms: Similar symptoms as hepatic adenoma; signs: abnormal findings in imaging; auxiliary_examination: markedly
elevated AFP levels indicate a higher risk for liver cancer. 3. Colorectal cancer: history: The colonoscopy revealed compression and difficulty in
progression; symptoms: Potential bowel obstruction signs; signs: Extrinsic compression observed during colonoscopy.",
"differential_diagnosis": "1. Cholangiocarcinoma: May present with biliary obstruction symptoms and elevated liver function tests. 2. Metastatic liver
disease: Symptoms may include weight loss and jaundice, with imaging showing multiple lesions in the liver. 3. Gallbladder carcinoma: Can cause
similar symptoms, but typically with gallbladder-related signs.",
"first_treatment": "Surgical resection of the hepatic lesion with close monitoring of liver function and AFP levels postoperatively.",
"course_record": {
"first_course_record": {
"chief_complaint": ["The patient has been suffering from pain and a sense of weight in the right hypochondriac site for a few months."],
"physical examination": ["Tenderness in the right upper quadrant, no rebound tenderness."],
"auxiliary examination": {
"Imaging examination": {"CT scan": "A lesion of about 5 cm was found between the VI hepatic segment and right colon."},
"Laboratory examination": {"AFP": "394.90 ng/ml (normal value <15)","CEA": "2.20 ng/ml (normal value <5)"},
"Pathological examination": {}},
"assessment": "Based on the complaints and examination results, there is evidence supporting the diagnosis of Hepatocellular carcinoma
due to ongoing pain and tenderness in the right upper quadrant, alongside the need to consider Hepatitis B virus infection as a contributing factor.",
"treatment": ["Patient was scheduled for laparoscopic resection of the lesion in the VI hepatic segment."]
1
"second_course_record": {
"chief complaint": ["The patient reports improvement in abdominal pain after the procedure."],
"physical examination": ["Abdomen soft with mild tenderness in the right upper quadrant, no significant findings."],
"auxiliary examination": {
"Imaging examination": {},
"Laboratory examination": {},
"Pathological examination": {}},
"assessment": "Based on the complaints and examination results, the assessment supports the ongoing diagnosis of Hepatocellular
carcinoma, while also confirming the presence of Hepatitis B virus infection as a significant factor in the patient's condition.",
"treatment": ["The patient underwent laparoscopic resection of the segment without complications."]
1
"third_course_record": {
"chief _complaint": ["The patient feels well and would like to be discharged."],
"physical examination": ["Vital signs stable, no tenderness in the abdomen, recovery appears satisfactory."],
"auxiliary examination": {
"Imaging examination": {},
"Laboratory examination": {},
"Pathological examination™: {}},
"assessment": "Based on the complaints and examination results, there is no evidence to suggest a change in the diagnosis of Hepatocellular
carcinoma or Hepatitis B virus infection; therefore, the current assessments remain unchanged.",
"treatment": ["The patient was permitted to leave the hospital the day after the operation."]

"final_diagnosis": ["Hepatocellular carcinoma","Hepatitis B virus infection"],

"final_diagnosis_basis": "1. Hepatocellular carcinoma: history: Patient has HBV-related hepatopathy; symptoms: Pain and a sense of weight in the
right hypochondriac site; signs: CT scan shows a 5 cm lesion in the VI hepatic segment; auxiliary examination: Elevated AFP level of 394.90 ng/ml. ||
2. Hepatitis B virus infection: history: Positive antibodies to HBV; symptoms: N/A; signs: N/A; auxiliary_examination: N/A."}

Figure 16: English EHR example.
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