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Abstract

Clinical Decision Support Systems (CDSSs)
provide reasoning and inquiry guidance for
physicians, yet they face notable challenges, in-
cluding high maintenance costs and low gener-
alization capability. Recently, Large Language
Models (LLMs) have been widely adopted in
healthcare due to their extensive knowledge
reserves, retrieval, and communication capabil-
ities. While LLMs show promise and excel at
medical benchmarks, their diagnostic reasoning
and inquiry skills are constrained. To mitigate
this issue, we propose (1) Clinical Diagnostic
Reasoning Data (CDRD) structure to capture
abstract clinical reasoning logic, and a pipeline
for its construction, and (2) the Dr. Assistant,
a clinical diagnostic model equipped with clin-
ical reasoning and inquiry skills. Its training
involves a two-stage process: SFT, followed by
RL with a tailored reward function. We also
introduce a benchmark to evaluate both diag-
nostic reasoning and inquiry. Our experiments
demonstrate that the Dr. Assistant outperforms
open-source models and achieves competitive
performance to closed-source models, provid-
ing an effective solution for clinical diagnostic
inquiry guidance.

1 Introduction

Clinical Decision Support Systems (CDSSs) as-
sist physicians by providing guidance for clinical
inquiries, which is especially valuable for less ex-
perienced physicians (Bright et al., 2012; Sutton
et al., 2020; Berner and La Lande, 2016). How-
ever, traditional CDSSs rely on structured knowl-
edge bases and rule-based algorithms, which incur
high development and maintenance costs and have
limited adaptability to complex clinical situations
(Sheikhalishahi et al., 2019; Deo, 2015).
Recently, Large Language Models (LLMs)
have achieved remarkable success in knowledge-
intensive tasks, spanning legal document analysis

(Arfat et al., 2024; Janatian et al., 2023), finan-
cial forecasting (Wu et al., 2024; Xie et al., 2023)
and education (Kasneci et al., 2023; Wang et al.,
2024a), due to their superior comprehension and
generalization abilities. This progress has spurred
their adoption in healthcare (Dou et al., 2025;
Kopka et al., 2025). Baichuan-M2 (Dou et al.,
2025) and HuatuoGPT-o1 (Chen et al., 2024) focus
on patients’ consultation experience and decision-
making. Zhongjing (Yang et al., 2024) prioritizes
medical knowledge integration and records analy-
sis. Current LLMs perform well in general health-
care consultation but are limited in clinical inquiry
as shown in Figure 1 (b), which requires rigorous
diagnostic reasoning.

Clinical guidelines contain diagnostic reason-
ing logic, yet they face two primary limitations.
1) Scattered Reasoning Logic: The diagnostic
reasoning logic cue for a given symptom is often
scattered across different chapters, as shown in Fig-
ure 2, and 2) Difficulty in Training: Even with
high-quality data, training models to master clinical
inquiry skills remains a significant challenge.

To address these challenges, we propose Clini-
cal Diagnostic Reasoning Data (CDRD) format to
capture abstract diagnostic reasoning logic. Each
CDRD is a triple-tuple, including a core symptom,
diagnostic evidence and differential diagnoses. We
also propose a three-stage pipeline for construct-
ing CDRDs. The pipeline collaboratively employs
LLM synthesis and physician refinement based
on clinical guidelines. It first extracts symptoms
(Stage I) and their corresponding diseases (Stage II)
and finally completes CDRD (Stage III). To ensure
reliability, outputs at every stage are reviewed and
refined by professional physicians. Furthermore,
using CDRD as a seed, we synthesize two types
of data: Question-Answer pairs (QA data) for Su-
pervised Fine-Tuning (SFT), and clinical inquiry
dialogue for Reinforcement Learning (RL).

We also propose Dr. Assistant, a clinical diag-
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Figure 1: Dr. Assistant provides guidance (b) to physicians in the reasoning-inquiry loop (a), where diagnostic
hypotheses both drive and are refined by ongoing inquiry. Since diagnostic hypotheses are central to reasoning, they

are our primary focus. We detail (a) in Appendix B.1.

Symptoms: Fever
e.g.: Differential diagnoses info. of fever are scattered across chapters.
Chapter 1

Common Cold is primarily caused by ... It may be accompanied by sore
throat, ear fullness, hoarseness, etc. Fever is usually absent or low-grade, ...
Influenza (Flu) is caused by influenza viruses, ... dominated by systemic
toxic symptoms (chills / rigors, fever, generalized myalgia, etc.), ...

Chapter 2

It is an acute inflammation of the tracheal-bronchial mucosa caused by
infection (viral / bacterial), ... Other pathogens: Mycoplasma pneumoniae
and Chlamydia are also relatively common ... When systemic symptoms
such as fever, headache, and generalized soreness are significant ...

Chapter n

Pulmonary Tuberculosis: Patients may present with tuberculous toxic
symptoms such as low-grade fever, fatigue, and night sweats.
Mycobacterium tuberculosis may be detected in sputum examination ...

Figure 2: The scattered logic in clinical guideline.

nostic model equipped with inherent clinical rea-
soning & inquiry skills. Its training consists of two
stages: 1) The model remembers preliminary clini-
cal inquiry reasoning logic via SFT. 2) We design
a reward function, which encompasses two core
evaluation dimensions via RL: Clinical Reasoning
and Inquiry Skills, and Fidelity to CDRD (logical
differences from CDRD). The logical differences
penalty term (Fidelity to CDRD) is incorporated
to constrain illogical inference behaviors, refining
the model’s clinical reasoning competencies. Fur-
thermore, we construct a benchmark to evaluate
clinical diagnostic reasoning and inquiry skills. It
comprises 242 real clinical cases covering 8 sec-
ondary departments, and 147 real clinical inquiry
rounds covering 4 secondary departments.

The experimental results demonstrate that Dr.
Assistant (14 B) outperforms the open-source
model HuatuoGPT-01-72B with a 13.59% improve-
ment in ICD-Recall, and achieves comparable per-
formance to GPT-5, which provides an effective
solution for the practical implementation of clinical
decision support systems.

In summary, our contributions are as follows:

* We propose Clinical Diagnostic Reasoning
Data (CDRD) structure to capture abstract
clinical reasoning logic, and a pipeline for
constructing it.

* We propose the Dr. Assistant, a clinical diag-
nostic model equipped with clinical reasoning
and inquiry skills. Its training involves a two-
stage process: SFT, followed by RL with a tai-
lored reward function to improve the model’s
clinical reasoning and inquiry skills.

* We construct a clinical diagnostic reasoning
& inquiry benchmark consisting of 242 real
cases across 8 secondary departments, along
with 147 real inquiry turns across 4 secondary
departments. The experiments demonstrate
Dr. Assistant outperforms the open-source
model HuatuoGPT-01-72B, with a 13.59%
improvement in ICD-Recall rate, and achieves
comparable performance to GPT-5.

2 Related Work

LLMs for medical consultation. Previous ap-
proaches primarily rely on SFT to improve medical
knowledge coverage (Ma et al., 2025). Recent
studies incorporate RL to optimize multi-turn con-
sultation strategies, such as Baichuan-M2 (Dou
et al., 2025), HuatuoGPT-o1 (Chen et al., 2024)
and Doctor-R1 (Lai et al., 2025b), which focus
on improving patients’ consultation experience.
They are optimized for general conversation, lack-
ing clinical diagnostic inquiry and reasoning skills.
This leads to clinically unsupported guidance.

CDSS:s. Clinical guidelines served as the founda-
tion of traditional CDSSs (Berner and La Lande,
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Question: The patient presents with acute chest
pain and dyspnea, accompanied by an elevated
D-dimer. What is the most likely diagnosis?

segment into pieces |jp

|°| 'T generate Question Q for Answer 4

Answer: No obvious cough. Inquire details: dry /
productive cough, duration (days / months / years;
exacerbation period), cough characteristics (hoarse /
crowing / weak), and sputum properties.

Physician agent

(b) Diagnosis QA pairs Pgpr = {(Q’A)}

R : Medical case, Personality (anonymized) %; ’@f@r

D1 : Hello doctor, my child has a recurrent dry
cough. Previous tests came back normal.

‘,;: - dy: How long has the cough lasted? ... Any other
(<} .
b5 symptoms such as ...runny nose, or itchy throat?

P2: He has been coughing for nearly two months,...
but his throat keeps itchy.

da: Any history of allergies, such as rhinitis, eczema,
or asthma?

Patient agent

{continue......} {continue......}

(c) Clinical inquiry {7 }
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SFT Patient: Hi, | have acid reflux and a little bitter taste.
? I Doctor: Hello. How long has it been going on?
l m ' | Question l ' Patient: It might be related to my recent medication.
|
I Answer

Inquiry: What medication you're currently taking? Also, describe your acid reflux and bitter taste

Reasoning: ... GERD vs. medication side effect. Need to rule out other causes ...
... If there are other symptoms and any history of stomach, gallbladder, or liver issues?

p ll

(d) Dr. Assistant training pipeline

Figure 3: Our workflow involves CDRD construction (a), data synthesis (b, ¢), and Dr. Assistant training (d).

2016; Sutton et al., 2020). While rule-based sys-
tems provide strong interpretability, they are diffi-
cult to scale and adapt to flexible, multi-turn clini-
cal inquiry. Recent efforts have explored integrat-
ing structured medical knowledge with neural mod-
els (Sheikhalishahi et al., 2019), yet not diagnostic
inquiry logic training.

Evaluation of medical consultation. Evaluations
for Medical LLMs evolved from static question-
answer (Jin et al., 2021a; Pal et al., 2022; Jin et al.,
2019) to general consultation, such as HealthBench
(Arora et al., 2025), MAQuUE (Gong et al., 2025),
GAPS (Chen et al., 2025) and SPTesting (Dou et al.,
2024). While existing benchmarks feature multi-
turn consultation, they frequently fail to capture the
realistic demands of clinical diagnostic inquiry in
CDSS settings. In this work, we evaluate models’
reasoning soundness and inquiry quality with real
and dynamic clinical inquiry cases.

3 Data Construction

3.1 CDRD Format for Abstract Logic

Clinical guidelines contain abstract diagnostic rea-
soning logic and it is scattered across chapters, re-

quiring semantic understanding and re-structure
(Zhang et al.). To capture abstract diagnostic rea-
soning logic that proceeds from a symptom to
its differentials in clinical inquiry, we structure it
as Clinical Diagnostic Reasoning Data (CDRD).
Formally, each CDRD is defined as a triple-tuple
C = (S, &, D), representing the standard diagnos-
tic logic, where:

* §: A Core Symptom (e.g., headache) of pa-
tient.

» &£: Diagnostic Evidence. The clinical infor-
mation, including associated symptoms, lab
results, and exam findings, that physicians col-
lect and analyze to infer diagnoses.

* D: Differential Diagnoses, the list of potential
diseases (e.g., gastroenteritis) should be con-
sidered based on the available evidence, along
with their clinical manifestations and required
diagnostic examinations.

Please refer to Appendix §G.1 for the CDRD demo.



3.2 CDRD Construction Pipeline

To maximize the completeness and purity of
CDRD, we propose a pipeline for constructing it
from clinical guidelines. As shown in Figure 3 (a),
CDRD construction pipeline is a collaborative ap-
proach of LLM synthesis and physician refinement,
encompassing three sequential stages: symptom
extraction, disease matching and logic completion.
Symptom extraction. Given a clinical guideline g,
we first extract the symptoms set S. The LLM iden-
tifies candidate symptoms, which are then refined
by physicians:

S =H(LLM(g) | g), (1)

where #(.) is defined as physicians’ refinement,
which ensures symptoms are standard (e.g., map-
ping “chest hurt” to standardized ‘““chest pain” or
“angina’).

Disease matching. Conditioned on the refined
symptom set .S and the clinical guideline g, LLM
generates a list of differential diagnoses to every
single symptom S. The physician then refines this
list against guidelines:

D =|JH (LLM(g, S| g, 5) ),
Ses

where D’ is a set that includes disease name list
for each S. By decoupling disease matching from
symptom extraction, we allow physicians to eval-
uate the validity of each symptom-disease correla-
tion.
Logic completion. Based on symptom-diseases
pairs (i.e., a core symptom S paired with its dif-
ferentials’ name list D’) and clinical guideline g,
LLM extracts clinical evidence £ set and completes
differential diagnoses D set to complete CDRD set
of g. For each symptom-disease pair:

&0 =H(LLM(g, (S, D)) | 3,(S, D). @)
Here, we get the full reasoning data CDRD:
C=(S¢E,D). 4)

See prompts for the three stages in Appendix §E.1.

While CDRD captures high-quality diagnostic
reasoning logic, it suffers from limited scale and
lacks dynamic, multi-turn clinical settings. To en-
able models not only to learn this logic but also
to apply it flexibly, we construct Question-Answer
data for SFT and multi-turn inquiry data for RL
based on CDRD as shown in Figure 3 (b, c¢) sepa-
rately.

3.3 QA Pair for SFT

We use CDRD as a seed to construct QA dataset
Pgpr via a two-step process: (i) answer formula-
tion , based on CDRD, and (ii) question synthesis,
based on the answer.
Answer formulation. We first parse CDRDs into
discrete entries e, where e is a partial segment from
either £ or D in a CDRD. Each entry e is seman-
tically complete. To increase expression diversity,
we rewrite each entry e into a fluent response A
using LLM:

A =LLM(e). 5)

Question synthesis. For each answer A, we synthe-
size a corresponding question () to form a complete
QA pair:

Q =LLM(A). (6)

These operations are applied to the entire CDRD,
yielding the final SFT dataset Pspr = {(Q, A)}.
Refer to Appendix §E.3 for its synthesis prompts.

3.4 Multi-turn Inquiry for RL

While QA data instill diagnostic reasoning logic,
clinical inquiry skills are not covered. So we pro-
pose a dual-agent comprising a physician agent
Tphy and a patient agent 7y, Which takes iterative
interactions to synthesize reasoning and inquiries
based on patient profiles R and CDRDs C.

Specifically, an inquiry dialogue starts with the
main complaints specified in 12, and 7y generates
reasoning and inquiry referring to C. We structure
the reasoning and inquiry to a template. It consists
of six reasoning steps and the final inquiry (See
Appendix §G.2 and §E.2, for reasoning-inquiry
demos and their synthesis prompts, separately):
Known Information: The patient’s information
summary from history dialogue.
User’s Intention: Intentions underlying the query.
Provided Information: Expressed inquiry sum-
mary.
Diagnoses: Based on the inquiry history, the model
generates initial diagnostic hypotheses.
Information to be Collected: Clinical information
required to clarify diagnoses and guide decision-
making.
Response Strategy: Before inquiry, model reasons
the most necessary information to acquire.
Inquiry: Diagnoses or follow-up questions that
model presents.

Actually, an inquiry dialogue can be seen as a
particular trajectory 7 sampled from the CDRD C,



influenced by patient’s constraints in R:

T = (p1,d1,p2,da, ..., Dk, di | C,R), (7)

where pj, represents the 7,5 ’s query, and dj, is the
Tphy S Teasoning and inquiry at round k.

4 Dr. Assistant

Dr. Assistant’s training pipeline consists of two
stages, as shown in Figure 3 (d): Supervised Fine-
Tuning (SFT), which equips the model with prelim-
inary clinical diagnostic reasoning logic, and Rein-
forcement Learning (RL), which further enhances
the model’s clinical diagnostic inquiry skills.

SFT with Pggpy. Our model 7y is first fine-tuned
via supervised learning on Pgpr to acquire basic
diagnostic reasoning logic, optimized with the stan-
dard negative log-likelihood loss:

T
Lspr = _]E(q,a)NPSFT Zlogm (at | g, a<t)] .
t=1
®)

RL with multi-turn inquiry. Although model
learned clinical diagnostic reasoning logic in SFT,
its responses are confined to single, static QA pat-
tern, and have limited clinical reasoning and in-
quiry skills. So we conduct Reinforcement Learn-
ing on inquiry dataset {7}, enhancing the model
with clinical diagnostic reasoning and inquiry.

Specially, we design a composite reward func-
tion. Given a ground-truth reasoning and inquiry d;
at round ¢ of an inquiry dialogue 7 and the trained
model’s response dy, the step-wise reward is de-
fined as:

Rstep(dt) dt7 C) = Rcomp(dt7 dt) — Ry (dtv C)
9)
Here, Rcomp measures: clinical reasoning Reomp-r,
and inquiry skills Rcomp-i, while Rg;y constraints
fidelity to CDRD.
a. Clinical reasoning and inquiry skills. Rcomp
evaluates the model’s performance by scoring the
similarity r; between its output and the groundtruth
across seven parts related to diagnostic reasoning
and inquiry: 1) Reasoning list Teason including
Known Information rg, User Intention 71, Provided
Information r2, Diagnoses r3, Information to be
Collected r4 and Response Strategy rs5, 2) Inquiry
list Tinquiry including the final inquiry rg. Defini-
tions of the seven parts are in §3.4.

r; is scored by another LLM-judge, ranging from
0 to 10. A higher alignment with the ground-truth
yields a higher score. Reomp is derived as:

Rcomp(dt7 T) = Rcomp-r + Rcomp-i

A T o
= WreasonTreason T Winquiry Tinquiry

(10)

where Teason = [10,...,75] is the score vector
for diagnostic reasoning items, Wreason and Winquiry
are weight coefficients, set according to the relative
importance of each dimension in clinical decision-
making. See Appendix §A for parameter settings.
b. Fidelity to CDRD. Rg;, penalizes deviations
from the source CDRD (i.e., the specific CDRD
used to generate the ground-truth trajectory 7 that
serves as the target in this optimization step):

Rdiv(dtac) = )‘n> (11)

where ) is the weight coefficient and n is the num-
ber of already collected information (or yet to be
collected) and diagnoses that are not in CDRD,
determined by LLM-judge.

We employ DAPO (Yu et al., 2025), which sam-
ples output group {oi}iG:l for each prompt and op-
timizes the model my by the following objective:

G |oil

Joaro(0) =E % Z Z min (Ti,t(e)Ai,h

G
2o lod i=1 t=1

clip(r:,+(0),1 — €1ow, 1 + Ehigh)Ai,t) ,

12)

Tol0il10120s s the probability

ratio and o; is the length of trajectory 7;. A;¢ =

Rifmean({Ri}lG:l)
Std({Ri 1G:1)

is calculated by normalizing the group-level re-

wards {R;}§ ;.

where 7;4(6) =

, is advantage of the ¢-th response

5 Experiments

5.1 Experimental Settings

Model and baselines. Our Dr. Assistant is
trained on Qwen3-14B (Team, 2025). We com-
pare it against: 1) Open-source Models: includ-
ing general-purpose LLMs: Qwen3-32B (Team,
2025) , DeepSeek-R1-Distill-14B (DeepSeek-Al,
2025a), Baichuan-M2-32B (Dou et al., 2025),
Llama3-OpenBioLLM-70B (Ankit Pal, 2024) and
medical-specialized LLMs (HuatuoGPT-01-72B
(Chen et al., 2024) , Doctor-R1-8B (Lai et al.,
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Figure 4: Data distribution of our benchmark. One
includes 242 patient profiles across 7 sub-departments
(a). The other includes 147 rounds of clinical inquiry
dialogues (b). “General Internal Medicine” means the
inquiries cover multiple sub-departments.

2025¢), Med42-v2-8B (Christophe et al., 2024).
2) Closed-source Models: This includes leading
proprietary models: GPT-5 (OpenAl, 2025) , Gem-
ini 2.5 Pro (DeepMind, 2025b), Gemini 2.5 Flash
(DeepMind, 2025a) and Grok 4 Fast (xAl, 2025).
Details of parameter settings are in Appendix §A.
Training datasets. We construct 11 CDRD cov-
ering ~60 diseases based on internal guidelines
for training. For each CDRD, 400 QA pairs are
synthesized, totaling 4400 data for SFT. Addition-
ally, we construct 36688 turns of multi-turn inquiry
dialogues for RL. All training data is in Chinese.
Evaluation. Existing benchmarks, such as Health-
Bench (Arora et al., 2025) and MAQUuE (Xie et al.,
2023), do not concentrate on dynamic clinical di-
agnostic inquiry reasoning. HealthBench contains
general medical consultations, most of which are
not multi-turn dialogues. MAQUE does not con-
sider the mutual influence between the diagnostic
inquiry process and the final diagnoses. However,
inspired by these evaluations (Dou et al., 2024;
Arora et al., 2025; Xie et al., 2023), we construct a
benchmark for clinical diagnostic inquiry. It consid-
ered the dynamic interaction and influence between
the inquiry process and final diagnoses, which
encompasses 242 patient profiles (cases) across
nine sub-departments, including neurology, and
147 rounds of clinical inquiry dialogue records, as
shown in Figure 4. See demos in Appendix §G.4
and §G.5.

We evaluate the model via both ICD-10 (Hirsch
et al., 2016) matching for diagnostic reasoning
and physician satisfaction for inquiry.

5.2 ICD Matching for Diagnostic Reasoning

Since diagnostic hypotheses in reasoning directly
determine inquiry direction, as shown in Figure

(b) Clinical inquiry distribution in bench

1 (a), we design an evaluation where one model,
acting as a patient based on a given patient pro-
file, interacts with the model-under-test (physician
model). In each turn, the physician model outputs
diagnostic hypotheses (the core reasoning) and in-
quiry. We compare diagnostic hypotheses at round
five, with GT in the patient profile to assess the
model’s diagnostic reasoning ability and inquiry
direction. For further details, see Appendix §B.2.
Patient profiles in bench are different from those in
§3.4.

ICD-10 matching. We map the diagnostic hy-
potheses of both model and GT to ICD-10 (Inter-
national Classification of Disease) (Hirsch et al.,
2016) codes, P and G respectively by LLM. We
then calculate their similarity as formalized in Ap-
pendix Algorithm 1. In clinical practice, the ICD-
Recall of diagnostic hypotheses is positively cor-
related with the reasoning and its whole inquiry
strategy, which is our main target. But we still
include precision for reference.

ICD-Recall (Rycp). This is our primary metric,
measuring the coverage of ground truth diagnoses.

Ricp = ’g‘ Zmax Simicp(p, 9)- (13)

ICD-Precision (PICD). It reflects diseases requir-
ing exclusion via further inquiry in diagnostic hy-
potheses, while not in GT:

Z max Simycp(p, 9). (14)

Picp = !77!

As shown in Table 1: (1) Overall, Dr. Assis-
tant achieves advance in ICD-Recall, improving
by 6.70% relatively compared to the best closed-
source model, Gemini-3-Pro-Preview (0.5066 v.s.
0.4748). This demonstrates its effectiveness. (2)
Compared to open-source general-purpose models,
Dr. Assistant outperforms Qwen3-32B by 16.30 %
relatively (0.5066 v.s. 0.4356). This is because Dr.
Assistant learned diagnostic reasoning logic and
inquiry skills to infer patient’s disease from a core
symptom. (3) Compared to open-source medical
models, Dr. Assistant achieves state-of-the-art in
ICD-Recall, even surpassing HuatuoGPT-01-72B
by 13.59% relatively (0.5066 v.s. 0.4460). It is
because previous medical models focus on domain
knowledge but lack clinical diagnostic reasoning
and inquiry skills. In the RL stage, Dr. Assistant
internalized reasoning and inquiry skills, thereby
driving the inquiry dialogue to an optimal trajec-
tory.



Model Recall' +  Prec.
Open-source (Medical)

HuatuoGPT-01-72B 0.4460 0.5211
Baichuan-M2-32B 0.3687 0.4517
Doctor-R1-8B 0.3873 0.4800
Llama3-OpenBioLLM-70B 0.2216 0.2755
Med42-v2-8B 0.2787 0.3081
Open-source (Non-medical)

Qwen3-14B 0.4298 0.4600
Qwen3-32B 0.4356 0.4660
DeepSeek-R1-Distill-14B 0.3913 0.4267
Close-source

GPT-5 0.4651 0.4842
Gemini-2.5-Flash 0.4288 0.4497
Gemini-3-Pro-Preview 0.4748 0.5333
Grok 4 Fast 0.4284 0.5159
Dr. Assistant 0.5066 0.4717

Table 1: Average ICD-Recall & Precision, sorted by
ICD-Recallf. ICD-Recall (denoted by 1) is the primary
criterion for assessing a model’s diagnostic reasoning
correction. Model performance across secondary de-
partments is detailed in Appendix Table 5.

Satisfaction with baselines
Satisfaction with baselines

Med42-v2-8B

Satisfaction with ours
Satisfaction with ours

Open-source model
Closed-source model
49.21%

Ours 13.38%

Ours 41.95% 16.78% Llama3-OpenBioLLM-70B

Ours 47.39% 20.41% HuatuoGPT-01-72B

Ours 42.63% 19.27% Qwen3-32B

Ours 47.17% 22.45% Qwen3-14B

Ours 41.95% 22.22% Baichuan-M2-32B

Ours 39.91% 26.98% Doctor-R1-8B

Ours 35.83% 26.76% DeepSeek-R1 Distill Qwen-14B

Ours 36.96% 21.77% GPT-5

Figure 5: Physician’s satisfaction. For a clearer display
of comparison, tie cases are excluded from this figure.

5.3 Physician Satisfaction

To evaluate model inquiries in real CDSS settings,
we had the model produce inquiries based on real
clinical inquiry records (147 rounds), submitted
them to physicians for evaluation. We invite 11
physicians, each with about 6 years of clinical ex-
perience. The evaluation criteria consist of two
parts: relevance and expertise, where relevance
serves as the prerequisite for winner. Physicians
must determine a winner of inquiry-couple (ours,
baseline), or declare a tie. Each evaluation is inde-
pendently reviewed by three physicians to ensure
reliability. For further details, see Appendix §B.3.

As shown in Figure 5: (1) Dr. Assistant gets
higher physician satisfaction compared to open-

source models. It shows improvements of 35.83%
and 26.78% over the medical model Med42-v2-8B
and HuatuoGPT-01-72B, respectively. Dr. As-
sistant maintains focus on the diagnostic target.
It stems from its clear diagnostic reasoning logic,
which enables it to deliver more valuable inquiries
throughout the clinical process. See case study in
Appendix §C. (2) Dr. Assistant advances GPT-5
by 15.19% (36.96 v.s. 21.77). This highlights that
complex clinical inquiry requires precise diagnos-
tic reasoning. Dr. Assistant integrates diagnos-
tic reasoning logic during RL, achieving superior
physician satisfaction.

Qwen3- Dr. Reten-
Benchmark 14B Assistant tion
CMMLU (Medical, Chinese)
Anatomy 0.8649 0.8784 101.56%
Professional Medicine 0.7952 0.8032 101.01%
Nutrition 0.8207 0.8276  100.84%
Clinical Knowledge 0.7890 0.7932  100.53%
TCM 0.8324 0.8324  100.00%
College Medicine 0.8828 0.8791 99.58%
Genetics 0.7727 0.7670 99.26%
Virology 0.8639 0.8580  99.32%
MMLU-Pro (English)
Zero-shot 0.6710 0.6799 101.33%
Five-shot 0.6724 0.6686  99.43%
MedQA (English)
Zero-shot 0.7021 0.6897 98.23%
Five-shot 0.6960 0.6952  99.89%
Average (Overall) 0.7803 0.7810  100.10%

Table 2: Performance on general benchmarks. The
Retention reflects model’s ability to maintain original
knowledge after our post-training.

5.4 General Medical Knowledge Retention

To assess the general knowledge retention of Dr.
Assistant, we conduct a comparative analysis of
its performance against Qwen3-14B on the gen-
eral knowledge benchmarks CMMLU(0/5-shot)
(Li et al., 2024), MMLU-Pro (0/5-shot) (Wang
et al., 2024b), and MedQA (Jin et al., 2021b). For
CMMLU, we select eight medical-related subsets
for evaluation. Results are in Table 2.

Overall, Dr. Assistant maintains close perfor-
mance to Qwen3-14B (0.7810 v.s. 0.7803), demon-
strating no significant knowledge forgetting. No-
tably, on the eight Chinese medical subsets of
CMMLU (Li et al., 2024), Dr. Assistant achieves
equal or superior performance to Qwen3-14B in



five of them, further validating the effectiveness of
our training method.

Method Satisfac- pecall’ + Prec. |
tion

Dr. Assistant -0.00 % 0.5066 0.4717

w/o SFT -18.82% 0.5024 0.4475

w/o RL -6.80% 0.3927 0.5144

w/o Ry -8.62% 0.4856 0.5192

W/0 Recomp-r -5.50% 0.4893 0.4830

Table 3: Ablation study on Dr. Assistant. Satisfaction
is calculated as the difference in winning percentage
compared to Dr. Assistant.

5.5 Ablation Study

We evaluates the contributions of SFT, RL and re-
ward function to Dr. Assistant on our benchmark,
with results summarized in Table 3.

The removal of SFT and RL leads to perfor-
mance drops 0.84% and 29.00% relative to the full
on ICD-Recall separately, and drops 18.82% and
6.80% on satisfaction separately. SFT improves
model’s clinical diagnostic logic, while RL further
reinforces reasoning and inquiry skills. Notably,
performance degrades less when SFT is omitted
than when RL is. This suggests SFT tends to solid-
ify the model’s response patterns around the tuning
data, which may constrain its adaptability to prior
tasks. And RL not only guides the model beyond
these fixed patterns but also further refines and ex-
pands its learned capabilities. (Lai et al., 2025a).

Furthermore, we individually removed the Rgjy
and Rcomp-r reward. This leads to performance de-
clines of 4.32% and 3.54% on ICD-Recall, respec-
tively, and 8.62% and 5.50% on satisfaction, respec-
tively, demonstrating their effectiveness. The Rgiy
component serves to penalize the generation of in-
correct diagnostic information, improving output
quality. The Re¢omp-r function rewards the model’s
clinical reasoning, which is similar to GT.

5.6 Easy and Hard Diagnostic Inquiry

We stratified patient profiles by diagnosed dis-
ease (1~6) into single-disease (1, easy) and multi-
disease (2~6, hard) cases to evaluate model’s rea-
soning and inquiry skills across diagnostic com-
plexity levels. As shown in Table 4, compared
to Baichuan-M2-32B and GPT-5, Dr. Assistant
achieves disease-recall improvements of 31.09%
and 2.80% (0.5426 v.s. 0.4139 and 0.5426 v.s.
0.5278) on single-disease tasks, and 37.39% and

Model Diag.=1 Diag.>1
Open-source (medical)

HuatuoGPT-01-72B 0.5248 0.4461
Baichuan-M2-32B 0.4139 0.3688
Doctor-R1-8B 0.4733 0.3890
Med42-v2-8B 0.2938 0.2788
Llama3-OpenBioLLM-70B 0.2240 0.1867
Open-source (general)

Qwen3-14B 0.5030 0.4316
Qwen3-32B 0.5307 0.4356
DeepSeek-R1-Distill-14B 0.4198 0.3913
Close-source

GPT-5 0.5287 0.4652
Gemini 2.5 Flash 0.5192 0.4289
Grok 4 Fast 0.4821 0.4092
Gemini-3-Pro-Preview 0.5455 0.4749
Dr. Assistant 0.5426 0.5067

Table 4: Model performance (ICD-Recall) stratified by
diagnostic complexity: single-disease cases (Diag.=1,
easy) vs. multi-disease cases (Diag.>1, hard). We pro-
vide detailed Diag.=1~6 in Appendix Table 6.

8.92% (0.5067 v.s. 0.3688 and 0.5067 v.s. 0.4652)
on multi-disease tasks respectively. Dr. Assis-
tant not only achieves competitive performance
on single-disease tasks but also demonstrates supe-
rior diagnostic performance in hard (multi-disease)
settings. It is because Dr. Assistant stays on the
diagnostic target. It stems from its clear diagnostic
reasoning logic, which enables it to deliver more
valuable inquiries throughout the clinical process.
We also analyze the model’s performance across
different departments, as shown in Appendix §D.

6 Conclusion

To address the limitations of traditional CDSSs
and enhance the diagnostic reasoning capability of
LLMs in clinical diagnostic inquiry, we propose (1)
a structured Clinical Diagnostic Reasoning Data
(CDRD) format along with a construction pipeline
to capture abstract clinical reasoning logic, and (2)
the Dr. Assistant model, which integrates clinical
reasoning and inquiry skills through a two-stage
training strategy of Supervised Fine-Tuning fol-
lowed by Reinforcement Learning with a tailored
reward function. Evaluated on a dedicated diagnos-
tic reasoning and inquiry benchmark, Dr. Assistant
outperforms open-source models and achieves com-
petitive performance compared to closed-source
models, offering a practical solution for clinical
diagnostic inquiry guidance.



7 Limitation

Our study has several limitations. First, the con-
struction of Clinical Diagnostic Reasoning Data
(CDRD) relies on physician refinement, which in-
troduces manual effort and may limit scalability.
While we employed a three-stage pipeline to ensure
quality, this process remains resource-intensive
and could be subject to individual clinical judg-
ment biases. Second, our evaluation benchmark,
though constructed from real clinical cases and di-
alogues, is moderate in scale and covers a limited
number of secondary departments. This may af-
fect the generalizability of our findings to broader
or more specialized clinical settings. Third, the
reward function used in reinforcement learning,
while designed with clinical dimensions in mind,
is inherently heuristic and may not fully capture
all nuances of real diagnostic reasoning. Future
work could explore more automated, data-driven
reward modeling or incorporate direct clinical out-
come feedback. Lastly, our experiments primarily
focus on diagnostic inquiry within a controlled dia-
logue framework, the model’s performance in fully
open-ended clinical conversations or integration
with live electronic health record systems remains
to be tested.
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A Parameter Setting

Data construction. We use DeepSeek-V3.2
(DeepSeek-Al, 2025b) for constructing CDRD
data. For constructing QA pairs and multi-turn
inquiry dialogue data, we employ Qwen3-235B-
A22B (Team, 2025). The model selection is deter-
mined through manual validation on a small set of
test data.

SFT. The training epoch is set to 4 and a cosine
annealing strategy is adopted, with a maximum
learning rate of 5e-6. The warm-up ratio is set
to 0.03 and the regularization coefficient is set to
0.01. SFT training process is conducted on 32
A800 GPUs.

RL. Our RL training is based on the VeRL frame-
work (Sheng et al., 2024) with Qwen3-32B (Team,
2025) as the LLM-judge in our reward function.
The learning rate is set to (1 x 107), clipping pa-
rameters are (€;,, = 0.2) and (epign, = 0.28), the
rollout number is 4, and the training batch size is
512. The entire reinforcement learning process was
run for 185 steps. Reomp’s (€. (10)) weights are set
t0 Wreason = [0.1,0.3] (0.1 is for 7 to r2, and 0.3
for others) and Winquiry = [0.6]. Raiv’s (eq. (11))
weight is set to A = 3. The RL training process is
conducted on 8 H800 GPUs, with an additional 16
H800 GPUs used for the LLM-judge.
Evaluation. To evaluate the ICD-Recall, ICD-
Precision and Physician Satisfaction metrics, we
set greedy decoding (with temperature = 0) for all
models to ensure deterministic and comparable gen-
eration outputs. The prompts in §F.1 and §F.2 are
used to generate response for metric computation.

B Evaluation

Dr. Assistant is for clinical diagnostic reasoning
and inquiry guidance (internal-medicine in Chinese
in experiment). However, existing benchmarks are
not fully aligned with it. HealthBench (Arora et al.,
2025) covers general healthcare consultation in-
stead of multi-turn diagnostic inquiry. MAQuUE
(Xie et al., 2023), while involving multi-turn di-
agnostic inquiry, separates inquiry and diagnostic
reasoning. Therefore, it does not align the real-
world interdependence between them.

B.1 Reasoning-inquiry Loop

In practice, the reasoning lead to different trajectory
of inquiry. Physician issues inquiry based on their
diagnostic hypotheses (the reasoning core). Upon
receiving an inquiry, patient responds with new
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queries. The physician then updates the diagnostic
hypothesis based on this new query and continues
the dialogue. We show this reasoning-inquiry loop
in Figure 1 (a), which ultimately result in different
diagnostic conclusion for the same patient.
Although the reasoning before an inquiry con-
sists of multiple steps as mentioned in §3.4, their
ultimate goal is to verify the diagnostic hypoth-
esis. Including the correct diagnoses within this
hypothesis is a prerequisite for proper inquiry.

B.2 ICD-10 Matching of Clinical Diagnostic
Reasoning

Physicians form initial diagnostic hypothesis based
on available information and iteratively refine it
through targeted inquiry as new information is gath-
ered, ultimately arriving at diagnostic results. The
evolving diagnostic hypothesis drives the reason-
ing of inquiry. Therefore, we compare the model’s
diagnostic hypothesis with the diagnosis GT. To
simulate dynamic clinical inquiry, we use an LLM
as a patient simulator, conditioned on real patient
profiles (includes basic medical history, commu-
nication style and diagnosis, anonymized). Each
inquiry starts from patient simulator’s main com-
plaint. At each turn, the evaluated model outputs
two parts: a diagnostic hypothesis and an inquiry
to the patient. After five rounds, we compare the
model’s last diagnostic hypotheses with the diag-
noses in the patient profile. Average ICD-Recall
and ICD-Precision of each baseline are reported in
Table 1.

ICD-10 matching. ICD-10 (International Clas-
sification of Disease) (Hirsch et al., 2016) codes’
leading letter indicates major chapter and subse-
quent digits specify granular categories. We map
the diagnosis results by LLM from both the model
and the ground truth to ICD-10 codes, P and G
respectively. We then calculate the similarity be-
tween them using Simjcp(p, g), as formalized in
Algorithm 1. Based on this similarity, we compute
two metrics:

ICD-Recall (Rycp). This is our primary metric,
measuring the coverage of ground truth diagnoses.

1
Ricp = — max Sim , 15
o = 151 ze:g max ico(p, 9) (15)

Reason for ICD-Recall priority: In clinical diag-
nostic reasoning, missing right diagnoses means
the model loses critical diagnostic clues, leading
to skewed inquiry and results. More importantly,



Algorithm 1: Hierarchical ICD-10 Similarity
Scoring
Input: Predicted Code p, Ground Truth Code g
Output: Similarity Score S € [0.0,1.0]
1 Function Simcp(p, 9):
/I Level 1: Exact Match
2 if p = g then

3 | return 1.0
/I Level 2: Sub-category (First 4 chars, e.g.,
J45.9)
4 else if Prefix(p, 4) = Prefix(g,4) then
5 | return0.8
/I Level 3: Category (First 3 chars, e.g., J45)

6 else if Prefix(p, 3) =
7 | return 0.6
/I Level 4: Block
8 else if Block(p)
9 | return 0.4
/I Level 5: Chapter (First Letter, e.g., J)
10 else if Prefix(p, 1) = Prefix(g, 1) then
1 | return0.2

12 else

13 | return 0.0

Prefix(g, 3) then

Range (e.g., J40-147)
= Block(g) then

it poses a severe safety risk as the true condition
remains unaddressed. Conversely, a false alarm
can be ruled out by a physician.

ICD-Precision (FPicp). It reflects the mount of
disease candidates (requiring exclusion via further
inquiry) in differential diagnoses set.

(16)

Picp = 2 Z max Simicp(p, 9)

1P|

B.3 Physician Satisfaction: Inquiry Quality

We also involve physicians to assess response qual-
ity following CDSS’s application perspective.

For evaluation, real clinical dialogue records are
formatted into historical context and the latest pa-
tient message. The model is tasked with generating
the next response. Finally, we pair Dr Assistant’s
response with a single baseline model’s output for
physician comparison. For each pair, the physician
selects the better response or indicates a tie (select
0 or 2 per pair). The evaluation is based on two
criteria: Relevance. Response should appropri-
ately follow up on the patient’s statements, and not
deviate from the core inquiry topic. Expertise &
standardization. The response should be clinically
accurate in diagnosis, adhere to medical expertise,
display a logical inquiry progression, and provide
scientifically sound and appropriate recommenda-
tions. In practice, physicians first assess relevance.
Responses that lack sufficient relevance are directly
rejected, regardless of other qualities.
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C Case Study

We show a clinical inquiry dialogue record in our
bench and the following inquiry guidance gener-
ated by Dr. Assistant and HuatuoGPT-o01-72B. The
results are shown in Figure 6.

This inquiry case reveals a notable divergence
in clinical focus: HuatuoGPT-01-72B did not ad-
equately identify the potential cardiovascular risk
underlying the patient’ s symptoms and directed
the inquiry toward orthopedics. But Dr. Assis-
tant consistently prioritized cardiovascular exam
by anchoring on key symptomatic clues through-
out inquiry process. The case demonstrates how
Dr. Assistant sustains correct diagnostic reason-
ing and inquiry skills when faced with complicated
symptom patterns.

D Performance on Different Secondary
Department

We stratified the evaluation dataset by secondary
departments to assess the performance of different
models under real-world long-tail scenarios. Re-
sults are presented in Table 5.

Our benchmark reflects the long-tail distribution
of real clinical departments. Consequently, models
underperform in tail categories like Rheumatology
compared to head categories like Gastroenterology.

Compared to HuatuoGPT-01-72B, Dr. Assistant
achieves a performance improvement of 22.71%
(0.3857 v.s. 0.3143) in Rheumatology and 17.17%
(0.5424 v.s. 0.4629) in Gastroenterology. These re-
sults further validate the effectiveness of Dr. Assis-
tant in integrating diagnostic reasoning logic within
clinical inquiry scenarios.



Model Metric Avg. Gastro. Resp. Neuro. Card. Neph. Endo. Infec. Rheum. Hema.
Open-source LLMs
HuatuoGPT-01-72B Recall 0.4460 0.4629 0.5061 0.3526 0.3875 0.5278 0.5094 0.3178 0.3143 0.3444
Prec. 0.5211 0.5265 0.6000 0.4260 0.4064 0.6130 0.6375 0.5333 0.3000 0.6000
Qwen3-14B Recall 0.4298 0.5294 0.3899 0.2438 0.3792 0.4722 0.5135 0.2571 0.1714 0.4111
Prec. 0.4600 0.5442 0.5053 0.2583 0.3672 0.4907 0.4771 0.3857 0.2000 0.5667
Qwen3-32B Recall 0.4356 0.5194 0.4061 0.3854 0.3840 0.4000 0.4260 0.2486 0.2429 0.2000
Prec. 0.4660 0.5540 0.5149 0.3875 0.3558 0.3963 0.4250 0.4000 0.1714 0.2000
DeenSeck-R 1-Distill-14B Recall 0.3913 0.4526 0.4285 0.2354 0.3645 0.4000 0.4844 0.2600 0.1000 0.2444
P Prec. 0.4267 0.4766 0.4914 0.2458 0.3523 0.4111 0.5604 0.5238 0.1071 0.4000
Baichuan-M2-32B Recall 0.3687 0.3844 0.4031 0.1969 0.3826 0.4833 0.6094 0.2143 0.1000 0.1667
Prec. 0.4517 0.4471 0.5724 0.2385 0.4486 0.5519 0.6667 0.4000 0.2000 0.3333
Doctor-R1-8B Recall 0.3873 0.4433 0.4026 0.2521 0.3806 0.4778 0.3604 0.2771 0.0571 0.5111
Prec. 0.4800 0.5237 0.5368 0.3359 0.4222 0.6111 0.4000 0.4714 0.0571 1.0000
Med42-v2-8B Recall 0.2787 0.1575 0.4532 0.1813 0.4674 0.3056 0.5578 0.4111 0.1000 0.1333
Prec. 0.3081 0.1857 0.5435 0.2396 0.4638 0.2648 0.5311 0.4333 0.1286 0.1333
. Recall 0.2216 0.1227 0.2412 0.1563 0.2708 0.2000 0.4042 0.2238 0.0857 0.1667
Llama3-OpenBiolLM-70B 1, '™ (3755 01619 03593 02042 03083 02167 04625 03714 0.1143 0.3333
Close-source Models
GPT-5 Recall 0.4651 0.4923 0.4961 0.3641 0.4021 0.3944 0.6115 0.3610 0.5571 0.4556
Prec. 0.4842 0.5068 0.5816 0.3869 0.4426 0.3537 0.5896 0.4810 0.3898 0.3444
.. Recall 0.4288 0.5181 0.4325 0.2724 0.3877 0.4278 0.4156 0.2771 0.2286 0.4111
Gemini 2.5 Flash )
Prec. 0.4487 0.5222 0.5114 0.2833 0.3783 0.3972 0.4958 0.4714 0.1524 0.3889
Grok-4-fast-non-reasonin Recall 0.4284 0.4672 0.4162 0.3051 0.5017 0.4500 0.6136 0.2722 0.0857 0.2444
& Prec. 0.5159 0.5316 0.5886 0.3615 0.5352 0.5370 0.7636 0.4667 0.1143 0.3111
Gemini-3-Pro-Preview Recall 0.4748 0.4974 0.4491 0.4247 0.4529 0.5111 0.5200 0.3514 0.6000 0.3444
Prec. 0.5333 0.5391 0.6036 0.4667 0.4964 0.5093 0.5422 0.5571 0.5167 0.5333
Dr. Assistant Recall 0.5066 0.5424 0.4368 0.4370 0.5313 0.4722 0.7219 0.3981 0.3857 0.3778
: Prec. 0.4717 0.5146 0.4882 0.3938 0.4124 0.4444 0.6113 0.3381 0.2796 0.3667

Table 5: Comprehensive comparison of ICD-Recall and ICD-Precision across all 9 secondary departments.
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Number of Disease in Case’s Diagnosis

Diag.=1 Diag.=2 Diag.=3 Diag.=4 Diag.=5 Diag.=6

Model Metric

Open-source LLMs

HuatuoGPT-01-72B Recall 0.5248 0.3949 0.3920 0.3286 0.4400 0.5667

Prec. 0.4807 0.5259 0.6040 0.5619 1.0000 1.0000

Recall 0.5030 0.3960 0.3387 0.3679 0.0000 0.4000
Prec. 0.4475 04675 0.4853 0.5036 0.0000 0.6667

Recall 0.5307 0.3810 0.3360 0.3321 0.4400 0.2333
Prec. 0.4621 04647 0.4360 0.4952 1.0000 0.8000

Recall 0.4198 0.3820 0.3194 0.3893 0.1200 0.4667
Prec. 0.3745 0.4484 0.4938 0.5200 0.4667 0.6000

Recall 0.4139 03310 0.3627 0.3571 0.0000 0.2667
Prec. 0.4030 0.4580 0.5753 0.5500 0.0000 0.7333

Qwen3-14B

Qwen3-32B

DeepSeek-R1-Distill-14B

Baichuan-M2-32B

Recall 0.4733 0.3434 0.3227 0.2286 0.4400 0.2333
Prec. 0.4521 0.4939 0.5287 0.4786 1.0000 0.7000

Recall 0.2938 0.2639 0.2806 0.2821 0.0000  0.4667
Prec. 0.2656 0.3131 0.3583 0.4571 0.0000 0.9333

Recall 0.2240 0.1808 0.1333  0.0679 0.0000 0.2333
Prec. 0.2160 0.2700 0.2533 0.1857 0.0000  1.0000

Doctor-R1-8B

Med42-v2-8B

Llama3-OpenBioLLM-70B

Close-source Models

GPT-5 Recall 0.5287 0.4340 0.4000 0.3750 0.3600 0.1667

Prec. 0.4491 05111  0.5224  0.4690 0.6000 0.5000

Recall 0.5192 03910 0.2667 0.3679 0.4400 0.1667
Prec. 0.4414 04578 0.4120 0.5048 0.5000 0.6000

Recall 0.4821 0.4032 0.3545 0.3875 0.0000 0.2333
Prec. 0.4592 0.5588 0.5174 0.6333 0.0000 1.0000

Recall 0.5455 0.4330 0.3920 0.4321 0.3600 0.3333
Prec. 0.5003 0.5498 0.5140 0.6495 0.6000 1.0000

Recall 0.4787 03629 0.3884 0.2821 0.4400 0.2333
Prec. 0.4779 0.5449 0.6797 0.5714 1.0000 1.0000

Recall 0.5426 0.4750 0.4613 0.5500 0.5200 0.5667
Prec. 0.4173 04874 0.5165 0.6536 0.4667 0.7500

Gemini 2.5 Flash

Grok-4-fast-non-reasoning

Gemini-3-Pro-Preview

Grok-3-Mini

Dr. Assistant

Table 6: Performance comparison of ICD-Recall and ICD-Precision across different numbers of ground truth
ICD-10 codes (Diag.=1 to Diag.=6).
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ﬂlinical inquiry dialogue history: \

Pain in the left and right shoulders and upper back for one ~
month, occasional chest pain, with a history of hypertension.
No ECG or cardiac-related tests have been performed.
] How well is your hypertension controlled? Have you
v monitored your blood pressure recently? Do you usually
have issues with obesity or high blood lipids?
| am overweight, but | don’t know about blood lipids. But ~
haven’t checked, probably not high.
(. Not necessarily.
v ~
When high, blood pressure is around 150 systolic,
diastolic 90 or 100.
(o] You need to check your blood lipids and heart.
|
Usually it's around 120 systolic, diastolic 70-80. ~
Should | check if my blood lipids are high?
-
v Yes.
But my arms don’t hurt at night when sleeping; sometimes it feels ~
like pain in the gaps.
) That could be periarthritis of the shoulder. It is related
v to orthopedics.
What about the occasional chest pain? Sometimes it feels like
something is coming up, but once | was checked and told | had
pharyngitis.
v Any acid reflux or heartburn?
No heartburn, no acid reflux. Just feels like something is coming o
up, very uncomfortable.
(o] : :
v You could try omeprazole + domperidone to improve the symptoms.
N ~
\Patlent S query: Okay. Sometimes there is pain around the collarbone. /
Inquiry guidance by assistants:
HuatuoGPT-01-72B:
Your symptoms do sound concerning, but please rest assured that we will work through this step by step.
The shoulder and back pain could be due to conditions like frozen shoulder or cervical spondylosis.
| recommend that you consult an orthopedic specialist for further evaluation.
Dr. Assistant:
The collarbone pain, together with your previous shoulder and chest pain, requires evaluation for shoulder
or heart concerns. Your blood pressure control remains suboptimal. Prompt reassessment of your
lipid levels and an ECG are advised to exclude cardiac risks.

Figure 6: Case study. Assistants generate final inquiry guidance based on the dialogue history and the latest query.
Please note that the data in our study is in Chinese. English is used here solely for illustrative purposes.
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E Prompt for Data Synthesis

E.1 Prompt for CDRD Construction

Stage I | Symptom Extraction Prompt

\

PARE CRRIZITHRFY H—min g
» Below is the core content of a chapter in “Clinical Diagnosis and Treatment Guidelines”:

{4}
» { Guideline}

BT b, WK AR Y S S A S 10 A D]

» Based on the above guidelines, please identify 10 [Diseases] related to the symptom “{Symptom}”.

BOR: SR DBOR] & ESE RPN, AnRKIEN . ArTPAEE, AR
» Requirements: The extracted [Diseases] need to be specific diseases, not broad categories. Do not
fabricate, only extract!

f iy List #53K:
» Output in List format:
[4‘AAA’7’ L‘BBB”, L‘CCCC”]

.

Stage II | Disease Matching Prompt

LA QARSI TR R mi L g
» Below is the core content of a chapter in “Clinical Diagnosis and Treatment Guidelines”:

{#5H}
» {Guideline}

ERIAEIR “UHEAR Y MR BRI RN - (BB )

» The disease list corresponding to the known symptom “{Symptom}” is: {Disease_List}

VT LASER, AR (B AU A%, BRI, A
RS HARIR)

» Based on the above guidelines, please complete the diagnosis section (diseases must strictly
correspond to the known list, no additions or omissions, with content strictly extracted from the
guidelines):

BKR:

» Requirements:

L BRI 5 AL B “BERE R A0l B PSS

» 1. Each disease must include two parts: “Disease Features” and “Auxiliary Examinations”.

2. BRSNS M BIPE R D A DRRAE , IR 4 1

» 2. Disease Features: Highlight the core features of the disease related to the current symptom,
clarifying differential points.

3. kA SR e R . T IR WA A I H

» 3. Auxiliary Examinations: List the examination items recommended by the guidelines for
confirming the diagnosis.

4. ¥ AE BEE R BI -

» 4. Strictly follow the example format:

—. XXX I




» 1. xxx Disease
PRIFHE I,
» Disease Features
*AZDREIR T XXXXXXX
» * Core Symptoms: XXXXXXX
*AEREREIR : XXXXXXX
» * Accompanying Symptoms: XXXXXXX
i Bh AL
» Auxiliary Examinations
*REAIIH 11 XXXXXXX
» * Exam Item 1: XXXXXXX
*REAIIH 2 XXXXXXX
» * Exam Item 2: XXXXXXX

RISl JISON, (LS 2 W7 B, ARTESsish

» Return format strictly as JSON, containing only the diagnosis field, no extra content:

(YU (BRTRE S SERE) s < IR BTN T)
» {“Diagnosis (Disease Features + Further Checks)”: “Diagnostic content in the above format”}
\ J

Stage III | Logic Completion Prompt

PAR R CIRIRISIT IR —Er LA
» Below is the core content of a chapter in “Clinical Diagnosis and Treatment Guidelines”:

{45/}
» {Guideline}

EfE R

» Known information:

-REAR: {AEIR )

» - Symptom: {Symptom }

- XENBR AN (A )

» - Corresponding Disease List: {Disease_List}

- DAMERIDWINA: (IDWTNEA)

» - Completed Diagnosis Content: {Diagnosis_Content}

THET AR ISR, iR (FR B ST PR E B 2 a, B IR SE
) :

» Based on the above guidelines and diagnosis content, please complete the medical condition
collection section (must cover differential points for all diseases, with clinical practicality):

ok

» Requirements:

L A EARRT KRR, HANER, FRER. SOWFEE . BEESL. 2%, AL 2%
i35

» 1. Including but not limited to dimensions such as attack frequency, inducing factors, accompanying
symptoms, severity, past history, medication history, personal history, etc.

2. FRAYERE R BT 1), R RE SRS W Th A B 24 51

» 2. Each dimension requires a clear collection direction to support the differentiation of diseases in
the diagnosis.

3. A AR B R B
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» 3. Strictly follow the example format:

L R BB B R, KARERRNR], FRE

» 1. Attack Frequency: Sudden or recurrent, interval time, duration

2. RARAREE AR EAEE (KGR PORER), gl e H T

» 2. Severity: Severity of symptoms (e.g., range of edema, pain level), whether it affects
vision or daily life

3R R E M. A, Bk, J7R . IS

» 3. Inducing Factors: Contact with allergens, trauma, infection history, fatigue, mood
swings, etc.

4 HEREAEIR . REAIRLL. Y2 . K WREEEIC. BT RESE

» 4. Accompanying Symptoms: Red eyes, increased secretions, fever, lymph node enlarge-
ment, vision loss, etc.

5. RN R IREREON . B Y. MM A

» 5. Past Medical History: Eye diseases, skin diseases, infectious diseases, chronic diseases,
etc.

6. N2y BRMMUUER. WMELAGY. Sl M2 &7t

» 6. Medication History: Use of antibiotics, hormones, anti-allergy drugs, etc., duration and
efficacy

AN A WL R SR 5

» 7. Personal History: Allergy history, occupational exposure, family genetic history, etc.

IRl AE A% JSON, (LSRR 7B, AU Ao 2
» Return format strictly as JSON, containing only the condition collection field, no extra content:
TS IEE Ve SOl w SR WEP S V€ S E
» {“Condition Collection”: “Condition collection content in the above format™}
\ J

E.2 Prompt for Inquiry Dialogue Synthesis

A B0 25 HE il (Doctor Simulator Prompt for Inquiry Dialogue Synthesis)

e—2BEE. B RIEEREINE, TEr s BESER e P g, 45 s . T
PV AP EEEINS N

» You are a doctor. The goal is: based on the patient’s statement, after confirming or highly suspecting
a specific disease, provide clear and actionable treatment advice and medical advice.

i TN H
L s i B AR A 2 i

» 1. Strictly output according to the template format

2. 1M FEAUHGABHON AERAFR, AEmash s
» 2. The [Diagnosis] field should only contain the disease name corresponding to this template,
without adding extra prefixes

3. UoEiR AT S 2N AN SRR, I TN S RIS E
» 3. Prioritize providing treatment plans, medication advice, lifestyle and follow-up plans, and
clearly state when emergency/medical attention is needed

4 HEEAR, SO 124 R P AR AR A, FRea e A R
» 4. If information is insufficient, first use 1-2 key questions to quickly confirm, then give safe
interim advice
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5. BRI G T 1-2 A G HE )8

» 5. Ask only 1-2 key questions per answer

# SR T R

» ### Symptom Conditions to Collect ###
{RER AR 1 )

» {Symptom_Checklist}

RIS (Bwits i+l bR A ) #H

» ##Ht Differential Diagnosis of Symptoms (Disease Features + Further Tests) ###
{#1Z )

» {Differential_Diagnosis}

HH ORBIRE R (RS EIRILR ) ##

» ### Example Format (Strictly Follow This Format) ###

[1 QA FERF-5 M 5 AR

» The symbols [] wrapping each field must be exactly the same
(L]

>> [Known Information]

LR % K]

>> [User Needs to Address]

[ERESHFEE]

>> [Information Provided to User]

[ 7]

>> [Diagnosis]

[k %R E]

>> [Information to Collect]

EES |

>> [Response Strategy]

[E£]

>> [Response]

Bl
>> For example:
[EafE]
>> [Known Information]
DNLFEITRE. RN, RRRERENEME, KKELH.
>> Child continuously sneezing and runny nose for 1 month, worse in the morning and after
contact with pets, parents suspect allergy.

LRk i P & k]
>> [User Needs to Address]
THRTERE., RE5E38MX. BEFRE/AY.
>> Understand possible causes, whether related to allergies, whether examination/medication is
needed.

[ERELEHFFEE]
>> [Information Provided to User]
REEM N ERINE LGRS, THMER. & .
>> Mentioned symptoms worsening after pet contact and allergy suspicion, no other symptoms or
medical history.

[ #7]
>> [Diagnosis]
MFDW THELR.

>> Preliminary diagnosis: Allergic rhinitis.
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(L EXASY

>> [Information to Collect]

BE.RE. PRI, ERESZFY, Rad8E.

>> Itchy nose, itchy eyes, rash condition; whether symptoms are seasonal; past history of
allergies.

EES |

>> [Response Strategy]
HHNBEEEN, AP rnhkEx#ER.

>> Give phased advice while simultaneously collecting key information.

[E£]
>> [Response]
MPERAGHEER. FRERTALE. RESALG?EREEEARNE ? TH—FEHEFHHLGR,
HEETTE
>> Preliminary consideration is allergic rhinitis. Does the child have itchy nose, itchy eyes or
rash? Do symptoms worsen in spring? You can further consult a physician to clarify allergens
and formulate a treatment plan.

BT ARG P s
» This is the history of your dialogue with the patient:

{7 X3 )
» {Dialogue_History }

o BEHIERHTIHE -

» This is the latest message from the patient:
{HHHE

» {Latest_Message}

X2 R AR -

» This is the patient’s symptom:
{EIRIER D

» {Symptom }

it T R BEOR #Hit
» ### Generation Requirements ###

L AR R AR ARAR 3

» 1. Strictly follow the template format

2. L2 BB EARE , A2
» 2. The [Diagnosis] field must only contain the disease corresponding to this template, without
any prefix.

3. BRUCRAR 12 SRR IA S (RIMISZ S R 1-2 AN GRS, HS 45 vl S TR 7
SRR
» 3. Focus on 1-2 key confirmation questions each time (i.e., ask only 1-2 key questions when
replying), followed by actionable treatment and medical advice

4. TEF R, RGN, EE LR SR et S ET
» 4. Language should be concise, dosage should be clear, avoid excessive professional terminology;
emphasize safety and follow-up

5. WA o SU2 BRI R

» 5. Clearly state when emergency or immediate medical attention is needed

6. [l Z S, USRI RN 2y i AE R, In] 52 2 et 44 A T 2K RImT 4% 1k 35 B 24t fik 1 591
OB, A
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» 6. When answering, if drug information is involved, only reply with the drug name and usage
method, and it is forbidden to explain the dosage, frequency, cycle, etc. of the drug use

A B2 P (Patient Simulator Prompt for Inquiry Dialogue Synthesis)

A, RIS AT B RS A SexE, A E A HER R I .
» You are a patient. Please generate a natural and realistic patient response based on the following
patient profile information and dialogue history.

BEmREE:

» Patient Profile Information:

{BEmER}
» {Patient_Profile}

LSS
» Dialogue History:

{7 5% )
» {Dialogue_History}

WETUELER, ARERSORIZEE. 2OK:

» Please respond to the doctor as a patient based on the above information. Requirements:

L S AT BRI . RSB AEIRRAE AT XA

» 1. The response should match the patient’s age, gender, symptom characteristics and tone style

2. MR EARAEL, AT IR

» 2. The response should be natural and colloquial, not too formal or literary

3. IS BB A E— R i) A B

» 3. The response should address the doctor’s inquiry or suggestion in the previous round

4 ANEASALAE S SRRSO, E R R 015

» 4. Do not include any thinking process or analysis, directly output the patient’s response

SEESIR PSSR N RPN S
» 5. Do not forcibly associate unrelated symptoms

6. AR LNy R, 25 A I D7 2CRIRT, &5 U W2y i AR B AR
Jil 39145
» 6. If drug information is involved, only reply with the drug name and usage method, and it is
forbidden to explain the dosage, frequency, cycle, etc. of the drug use

TR IRATULHYTE AT A W 5K
» Note: What you say must be consistent with objective facts

BHMI:

» Patient Response:
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E.3 Prompt for QA-pair Data Synthesis

QA Bt Pt 7] (QA-pair Data Synthesis Prompt)

BTLAT [ZHERY, LA IR 10

» Based on the following [Reference Answer], generate 1 clinical examination question:

[BEEXK]:
» [Reference Answer]:

(IR B}

» { Extracted_Content}

ZOR

» Requirements:

L [E@) FET EAEMEE A [BHERE]Y &it, FaEmKFHE. 8] AHEE
Shrdpse, RSB SRR TR S N I IR
» 1. The [Question] should be designed based on the above information and [Reference Answer]
to test clinical knowledge. The [Question] does not need a real scenario, but each answer must
have a corresponding question.

2. L] RAEE FUE, B e W, A n] AR AR, (S5 55T iR,
AL IR Y T, PO 5 25 2 AR X AR I SRV
» 2. The [Question] can only be a subjective question, not multiple-choice or true/false. Do not
generate questions without corresponding [Reference Answer]. Do not include “{Symptom}” text,
as this is intended to test the student’s sensitivity to the symptom.

3. [ZHEEY FEME LR 35 oK SR B n—Bok, w AT A BT,
ELIA I B W 5 S 0 e B B A T
» 3. The [Reference Answer] needs to add “connecting words” according to the [Question] to form
a complete paragraph. The order of segments can be rearranged, but must closely adhere to all the
semantics of the original segments.

4. [ZHER] FEAT “UER) BEER.
» 4. The [Reference Answer] must contain information about “{Symptom}”.

5. [ZHER]Y PESAEERBMER Bk, AT E M.
» 5. Medical information in the [Reference Answer] can only come from the original segments
and cannot be arbitrarily supplemented.

6. HIRS B E R S T2 B TR HIAE 800 “FLAN .
» 6. Ensure the reference answer accurately reflects diagnostic and treatment key points. Total
word count should be within 800 characters.

EE

» Format:
[(2£% %]

>> [Reference Answer]

[E 4]
>> [Question]
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F Prompt for Evaluation

F.1 Data Generation Prompt for ICD-Recall and ICD-Precision Metric

ICD MilvFEcH Hi g Bisi it 7] (Patient Model Prompt for ICD Metric)

RR—frgsE, ATHR2RMAAEER:
» You are a patient. Below is your personal information:

{EEm R}

» {Patient_Profile}

PATR 2 Z T B o 3 i B8 -
» Below is the previous dialogue history:

{7 5t )
» {Dialogue_History }

PREG A (20K

» Your role requirements:

L g g m g i 8, Al T A

» 1. Strictly follow the information in the profile; do not fabricate information.

2. BT P, AR M BE A R HR M, BRI R 50 Y R
» 2. Based on the dialogue history, respond naturally to the doctor’s questions/suggestions, or
proactively ask about concerns.

3. PRI SR AL PR KR E

» 3. Do not reveal information not mentioned in the profile in advance.

4. HEhiESEE, AN Ssh s e
» 4. Output only verbal information; do not describe expressions or actions.

5. W EIRE I NA, A BB SR

» 5. Please output the response content directly; do not output the thought process.

A
» Output format:

ek

» Patient:

ICD MeEEcHs g BI (BEA:) $énsin (Tested-model (Physician) Prompt for ICD

Metric)

RR—RARHEE, FEONRERMEL. hOrES TS
» You are an internal medicine physician, expected to provide professional and compassionate medical
guidance.

PATR & 2 H R 7 B2 -
» Below is the previous dialogue history:

{ 7 S}
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» {Dialogue_History }

PREG A (L E0K

» Your role requirements:

L SRAFIAE, B Bht—2 T e
» 1. Questions must be clear to facilitate further understanding of the condition.

2. BUWLEARAIET, FELITER
» 2. Recommendations must be specific, feasible, and consistent with clinical practice.

3. HEiiEH R, A s S/aiiEE R
» 3. Output only verbal information; do not describe expressions or actions.

i A UK

» Output format requirements:

A

» Doctor:

W] (DU545, QR E AT 5 5EML)

» [Diagnosis] (Only write the disease name; if uncertain, write “suspected”)

[5152 ] xxxx

» [Response] xxxx

F.2 Data Generation Prompt in Satisfaction Metric

T 2 B PR B A kA 715 i] ( Data Generation Prompt for Satisfication)

# AR LR IR AR, AR AR R A I SR TE . 19T (EIR TR B AR R 1 ek
MEERNZWT) A2 3 AN

## You are a professional clinician. Please generate 3 responses based on your dialogue history with
the patient and the diagnostic template (conditions to collect for symptoms, differential diagnosis of
symptoms)

BAEEE (MR}, (4Fi%)

» Patient Information: {Sex}, {Age}

RRARAT R P SR 3
» This is your dialogue history with the patient:

{7 SeXF 3 )
» {Dialogue_History }

X2 B BRI R

» This is the latest message from the patient:
{FHTH )

» {Latest_Message}

HE PR

» ## Requirements:

LT DAY, (M ARHmER, WA RIS . FRETT.
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» 1. For each [Response], prioritize addressing the patient’s needs and caring for their emotions
such as fear and worry. Then proceed with diagnosis and treatment.

2. HaRk, AR oW, WRsRtsit .
» 2. Secondly, if a diagnosis can be made, it should be provided first.

3. FBE AU SR W S Teis) AR B A, W KA 1] RSEHUAR B B H AR !
» 3. If the patient’s reply is merely a declarative sentence without diagnostic information such as
“OK” or “Thank you”, [Response 1] should prioritize wishing the patient a speedy recovery!

4. FitkgsCh s B RIEANEE 100 7, HAEAS [T M7 FA
(% 1]
(% 2]
(EIR=EE) |
» 4. Output format: each response should not exceed 100 characters, and each [Response] should
be independent.
» [Response 1]
» [Response 2]
» [Response 3]

5. HAHGITRERREN, B [T 2R A RSS!
» 5. If there are questions needed for diagnosis and treatment, each [Response] should contain no
more than two question marks!

6. #iA I ZG, Anlgy Wl R & !

» 6. If medication is mentioned, do not specify exact dosage!

7. AATHEE AT RIS !

» 7. Do not repeat what the doctor has already said!

Bt

» For Example:
[E%£1]

>> [Response 1]
aaaaa

[E£2]

>> [Response 2]
bbbbbbbbbb

[ £3]
>> [Response 3]
cceeeecce

## i 3 Al

» ## Please output 3 responses:
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G Data Demos

G.1 CDRD
SRR S WHHEREYE (CDRD)

» Chief Symptom
A
» Cough

A FLI& S
» Symptom Collection

L WEMRAPE: 0% A%

» 1. Nature of Cough: Dry cough, productive cough (with sputum)

2. WEMRIIREE]: JLR. LA JUEIEJLR

» 2. Duration of Cough: Days, months, years; aggravation for days

3. WIS IR ISR IR XIS (G

» 3. Timbre of Cough: Hoarse cough, whooping cough, weak cough sound

4. BRAPPER: RICIEAR . WIRERE . et . ARl

» 4. Nature of Sputum: Mucous sputum, frothy sputum, purulent sputum, blood-stained sputum

5.8 D, £

» 5. Sputum Amount: Scant, copious

6. PERGREAR: PR PRI . FERZIL. PRI . e . PEIRPIG IR, T, IR, I,
LRIE, WME, FNE R
» 6. Accompanying Symptoms: With fever, with chest pain, with hemoptysis, with purulent
sputum, with asthma, with dyspnea, dry throat, itchy throat, sore throat, nasal congestion, sneezing,
clear runny nose

S5k

» Diagnosis Considerations

L. P i ik g

» 1. Upper Respiratory Tract Infection

PR EIECR, JLR. RPN, W, R, EERWR, fa SilaeR i ge,
WAL, RIEER. IR i RE, DECHAR .
» Disease Features: Acute onset, days. Manifested as cough, dry throat, itchy throat, even sore
throat, accompanied by nasal symptoms such as nasal congestion, sneezing, clear runny nose.
Pathogens are mostly viruses, occasionally bacteria.

SR AT ROE B, AR EL A0 BB s -

» Laboratory Tests: WBC count normal or low, with elevated lymphocyte percentage.

WITRBE: ZPOK. REFE N2 BB IR MR AR . — S ™7 Ry, fEA0F
KAEH ] EURREITIE .

» Treatment Response: Drink plenty of water, maintain indoor air circulation, and prevent
secondary bacterial infection. Generally recovers in 5-7 days; complications may prolong the
course.
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2. AP UE R

» 2. Acute Bronchitis

PERIFERL: TR S, JLR, RATIRER T EURRALNS, Walh St b iE gy
ARSI, AR VI TZE bR RR

» Disease Features: Often acute onset, days, occurring in cold seasons or during weather changes,
or may result from unresolved acute upper respiratory infection. Mild systemic symptoms, possible
fever. Initially dry cough or scant mucous sputum.

Sk A AL A AT RO T IR, (i R R, TR A S BOR R R
AN o> TR . LTI, BRIETR AT LR

» Laboratory Tests: Peripheral WBC count may be normal, but in bacterial infection, total WBC
and neutrophil percentage may be elevated. ESR increased, sputum culture may show pathogenic
bacteria.

SARSER AL X il Fr R 22 A SO, DTG 5 A B

» Imaging: Chest X-ray mostly shows increased lung markings; few show no abnormalities.

3. i RSP

» 3. Pulmonary Infectious Diseases

PR R ULAESO 0 1, sl PR ERER N EE, IF Hh BRI R B, ek
AR o AT S TR R RN . RIS . REZEOR AN R

» Disease Features: Common symptoms include cough, sputum production, or worsening of exist-
ing respiratory symptoms, with purulent or bloody sputum, with or without chest pain. Extensive
lesions may cause dyspnea or respiratory distress. Most patients have fever.

Bl B ISR ARG IR oy B AR I A0 T, T i R S T o 00 R e TgM
UL, PRI SIS AR IR 47 FA B AT ARl 55

» Pathogen Identification: Isolation of the same bacteria from blood and sputum cultures can con-
firm the pathogen of pneumonia. Measuring specific [gM antibody titers can identify Mycoplasma,
Chlamydia, Legionella pneumophila, and viral infections.

SRR X M i 22 g fili S B IR TE 2

» Imaging: Chest X-ray mostly shows pulmonary parenchymal infiltration.

RIF RO PUBISRYT - Ve T RER T R R TR 259, FURISIRY T A AL

» Treatment Response: Anti-infective therapy: select antibiotics that may cover the pathogens;
anti-infective treatment is effective.

G.2 Inquiry Example with Reasoning

W HER % 7381 (Inquiry Example with Six Reasoning Steps)

NG N
» Input/Prompt

Pt
» History:

M . TRIEEE, ARJR DR AR AR

» Patient: Cough, itchy throat, granulation tissue inflammation in postoperative wound.
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B2 3 R 2L T JLR? e A R E kT

I SARIBK, REEZAEA, KW EHERHF (i), FHa it
iRk, HZBPRRE .

» Doctor: How long has the cough lasted? Any sputum or fever?

» Advice: Drink warm water, keep air humid, disinfect wound daily with iodine, if redness worsens
or pus appears, seek medical help immediately.

A DR T, BRI KR

» Patient: Coughing for 3-4 days, no sputum, no fever.

Bz 5 I Z BRI AT AT IR R B 287 RS A0 11 R 75 A i B A e 2

EBC SRR REBFRZARE, TEIXEAE XD FbZmR (AaAEEHMAE). &
LA E . BITIR A M, HARE.

» Doctor: Is the cough accompanied by dry/itchy throat or nasal congestion? Any chest pain or
difficulty breathing at the wound site?

» Advice: Drink warm water, keep air humid, try Dextromethorphan cough syrup (follow instruc-
tions). If cough worsens, sputum or fever appears, seek medical help.

B AIHEE, 75 11 75 B e i 1o % e

» Patient: Have itchy throat, no chest pain or breathing difficulty at the wound.

B2k 37 TR RN R A A R ORI B T R R R ARy . S i e

HB kA A R Sk AE R (AARAEG M), REFZARE, B LREM®A
o FoipdFeeit | fRBEINLHKR, B, FRERE. REHOFHERBKEE, &
LLRF e & R R, I S RP RS

» Doctor: Is the cough accompanied by nasal congestion or clear runny nose? Have you been in
contact with allergens such as pollen or pets recently?

» Advice: Continue using Dextromethorphan cough syrup (follow instructions), keep air humid,
avoid irritating gases. If cough persists >1 week or fever/sputum appears, seek medical help. Dis-
infect wound daily with iodine; if redness worsens or pus appears, seek medical help immediately.

Bt R B TR IERR, B A R

» Latest Message - Patient: No nasal congestion or runny nose, no contact with allergens.

ReE H IR LRSI EIF]
» Model Output - Reasoning & Response

[exfEL]
>> [Known Information]
ZH3-4K, TRHEE, TR, TAKR. REERE, KEGOLAMERFTRER, REMAHE.
>> Cough for 3-4 days, dry cough with itchy throat, no sputum, no fever, no nasal congestion or
runny nose, no chest pain or dyspnea at wound site, no allergen contact.

(R i P & K]
>> [User Needs to Address]
Ao RmE, FREEAAREHRE, BFAGRGOHE,
>> Identify the cause of cough, exclude infection or postoperative complications, provide
medication and wound care guidance.

[EREtELHFEE]
>> [Information Provided to User]
EHpR A SR AR (BERH), BUEAEEDFEZ, O FRREE,
>> Excluded typical allergic rhinitis symptoms (nasal congestion and runny nose), advised
Dextromethorphan for cough, wound needs iodine disinfection.

[ #71]
>> [Diagnosis]
AEXAE K
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>> Acute Bronchitis

[ EEE]
>> [Information to Collect]
R T A DR R B R ? R JE A PR A A E SR ?
>> Is the cough accompanied by chest pain or difficulty breathing? Is there worsening redness/
swelling or pus at the wound site?

(QEE-819 |
>> [Response Strategy]
REXEL (ME/PREERTWHRALE, HOREFLY), RFBLERPERI.
>> Focus on key points (chest pain/dyspnea suggests lung infection; wound infection needs ER),
reinforce home care advice.

[E4£1]
>> [Response]
T E RO R R DR SR B R 7 RJE 5 B R R A A A SRR ?
>> Does the cough come with chest pain or difficulty breathing? Is the postoperative wound
currently showing increased redness, swelling, or pus?

BEURSMERAAEEDF IR (BEREERAH), REXAERE, 2HEA. KEHUFSBBRHE

#F, EHALMMWE. RBRHLR, FLIHRE.

>> I recommend continuing Dextromethorphan cough syrup (follow instructions), keeping the air

humid, and drinking warm water. Disinfect the wound daily with iodine; if redness worsens, pus
appears, or fever develops, seek medical attention immediately.

|\ J

G.3 QA Pair

QA Hihispl (QA Data Examples)

()58 1]

» [Question 1]

T (AT SRR B — P AR GEAE AR WEAT (RIS I, I A A] 4 TG DAl 28025 1) P B 3 23 DA ) A o
FI?

» Please briefly describe how to comprehensively evaluate a patient’s respiratory secretions and
related manifestations when taking a history for a respiratory symptom.

(5% % 1]

» [Reference Answer 1]

BB TEZNR, (B I, W R B AR, PR R ARG RIS R0
SZIMPIAITERT, @A RN VAR BRI AL R R 2 DR AT
Ij/ﬁ\g it BT R A B AL, TR R A AT SCREAR AR B W R A
LW

» The patient has no cough, but if cough occurs, attention should be paid to whether the sound is
hoarse or whooping, and whether the voice is weak. At the same time, the nature of the sputum
should be observed, such as whether it is mucous, frothy, purulent, or blood-stained sputum. The
amount of sputum is also an important aspect of the assessment, and it should be determined as scant
or copious. In addition, attention should be paid to whether there are other related symptoms to help
clarify the etiology and diagnosis.

[l 2]

» [Question 2]

T TR IR 58 B S DL R R B, U WATE I A2 W b S AN BE UM N X — IR BEA T H
Wro [RIIN), 98 S =R AR 27 P RITE .

» Please briefly describe the common clinical manifestations of pneumonia, and explain why clinical
diagnosis cannot rely solely on the symptom of “cough”. Also, please indicate the role of laboratory
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tests in the diagnosis and treatment of pneumonia.

[5%%%2]

» [Reference Answer 2]

Fti & e — b UL WP AR SRR P, SR PR AR AR K. Wk, T R B T
AL, FHEA R TR Z SRR . ARG TR EIN,, R ] BB B R R .
HERRE, FHARITA BB M BIZIAEIR T CAEIR RIS W P Y 25 525 IR H AR B . 52
BERA RIS E L TB, AT IR S AR, IR 88R7T .

» Pneumonia is a common respiratory infectious disease. Its typical clinical manifestations include
cough and sputum production; some patients may have blood-stained sputum, often accompanied
by fever, chills, and fatigue. In severe cases, patients may experience chest pain or dyspnea. It is
worth noting that not all patients will present with cough symptoms, so clinical diagnosis should com-
prehensively consider other manifestations. Laboratory tests are an important means of confirming
the diagnosis, helping to determine the type and severity of infection, thereby guiding subsequent
treatment.

G.4 Patient Profile

B m{% ol (Patient Profile Example)

AEWR: 45 %
» Age: 45 years old
P 5
» Gender: Male
PERSFRAIE: BN, X B AR % 32 e vy, (HDRp I SO g SR JH e, 2300 g f
» Personality Traits: Relatively compliant, high acceptance of doctor’s advice, but slightly frustrated
due to recurring illness, frequently asks about disease progression.
WU TP EAT AL, XHRIPRCR MR R TG KR Kol
» Tone Characteristics: Peaceful tone but with worry, concerned about treatment effect and future
prognosis.
RE TR BREE TP, 22545 77
» Speaking Word Count: Medium length per speech, about 25-45 words.
FEAR: Al o LB SRR NG Y, AR T, RN, AR R s, A I
M I o
» Symptoms: Ground-glass nodule in the right middle lobe, accompanied by chronic dry cough,
worse at night, history of allergic rhinitis, occasional sore throat, smoker.
Wi WAL S, TR DR LS T (FFIERAE) .
» Diagnosis: Cough variant asthma, pulmonary ground-glass nodule (considered benign).
FeAl s SA: BT ANERE BB SR R, (B2 R 0 %, A 10 4RI s, i i
REWKAE.
» Other Information: Symptoms alleviated after using inhaled corticosteroids, but prone to relapse
after stopping medication; 10-year smoking history; periodic attacks of allergic rhinitis.
H—Aih: R H—ET%ZT1. 7
» First Sentence: “I’ve had a dry cough and fatigue for the last three months.”

\ y,
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G.5 Real Clinical Inquiry Dialogue in Bench

TP rh g B R 2 id % (Real Clinical Inquiry Dialogue Example in Bench)

X RAR S A 7 S

» This is the history of your dialogue with the patient:

B ARG TR, R R, AL, ARIE T H P O AT S A
. (B4, &, 35%)

» Patient: Pain in both shoulders and back for a month, occasional chest pain, history of hypertension,
no ECG or heart-related examinations. (Anonymous, Female, 35 years old)

B g P WA AR 7 el A BT il aed I s ?

» Doctor: How is the hypertension controlled? Have you monitored your blood pressure recently?
B SN AL LA )

» Doctor: Do you have obesity or high blood lipids?

BB, (HRIMIES AR ARIE, BEL, Wikehs

» Patient: | am overweight, but I don’t know if my blood lipids are high, I haven’t checked, presumably
not high.

B A —rE

» Doctor: Not necessarily.

X BE R -
» This is the latest message from the patient:

B M E—T LA, L teE—7
» Patient: When blood pressure is high, it is around 150, diastolic 90 or 100.
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