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Abstract

Artificial intelligence doctor assistants (AIDAs)
help streamline clinical decision-making and
reduce physician workload. While existing sys-
tems primarily utilize Large Language Mod-
els (LLMs) or retrieval-augmented generation
(RAG), these methods typically retrieve static
facts—whether as text passages or structured
graphs—Ilacking the explicit logical pathways
essential for multi-step reasoning. In this paper,
we propose the AIDA-SEAT framework to pro-
vide reliable clinical decision-making support.
First, we design the state-evaluation-action tree
(SEAT), which covers diagnosis, treatment, and
examination. To develop this tree, we refine
and transform SEAT collected from medical
documents and doctors. Then, we propose an
adaptive method to select optimal trees tailored
to the current patients’ state. Finally, we lever-
age LLMs to perform state assessment, evalu-
ation, and action execution based on the tree,
thereby generating reliable responses. To eval-
uate the effectiveness of our method, we con-
ducted extensive experiments on a self-built
dataset. Our method achieves 1.01% higher
than current state-of-the-art (SOTA) baselines
across five departments, including common
RAG-based methods. Furthermore, analysis of
200 consultation records during deployment on
an online hospital revealed that system-assisted
responses are 24.16 seconds faster on aver-
age than manual ones, improving efficiency
by 26.85%.

1 Introduction

Artificial intelligence doctor assistants (AIDAs) are
essential in medical dialogue systems, designed to
communicate with patients to gather information
and make decisions (Liao et al., 2022; Zhong et al.,
2022). To build a reliable and trustworthy medical
dialogue system, it is crucial to integrate the clinical
logic into the AIDA (Shi et al., 2024).
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Recently, LL.Ms like GPT-4 (Achiam et al.,
2023) have shown promising capabilities for health-
care, especially advanced medical dialogue sys-
tems (Fan et al., 2025). To curate an effective and
reliable AIDA for the medical dialogue system,
the LLM-based method can be divided into three
parts: fine-tuning-, prompt- and RAG- based meth-
ods. The fine-tuning approach involves collecting
and constructing high-quality medical corpora and
datasets, followed by adapting LLMs to the medi-
cal domain through continued pre-training (Yang
et al., 2024b), instruction tuning (Chen et al.,
2024), or reinforcement learning (Dou et al., 2024).
While these methods enhance medical knowledge
in LLMs, they also introduce two significant draw-
backs: catastrophic forgetting (Liu et al., 2024) and
high computational cost (Chen et al., 2024). There-
fore, prompt-based methods have gained attention
by combining the chain-of-thought (CoT) (Wei
et al., 2022) and human expert experience (Sing-
hal et al., 2023; Nori et al., 2023). However, these
approaches require manual integration of clinical
logic. Conversely, RAG dynamically retrieves
external medical knowledge to ground LLM re-
sponses. While traditional RAG retrieves unstruc-
tured text passages (Xiong et al., 2024a,b), recent
advancements like Graph-based RAG (Edge et al.,
2024; Wu et al., 2025) leverage structured knowl-
edge graphs. Although these approaches effectively
mitigate hallucinations (Wang et al., 2025a), they
primarily supply static medical facts. Whether re-
trieving textual snippets or structural graph rela-
tions, they fail to explicitly model the step-by-step
clinical logic critical for clinician-like diagnostic
reasoning. Furthermore, retrieving noisy or irrele-
vant content can compromise both response quality
and efficiency (Arslan et al., 2024).

Therefore, leveraging the Clinical Guidance Tree
(CGT) to enable LLM reasoning with clinical logic
has shown promising performance (Li et al., 2023).
Contrasting with the traditional, regimented frame-
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works of clinical guidance and decision trees (Zhu
et al., 2022), this method adopts natural language
for a nuanced representation of node content, and
executes the decision system with LLM. Build-
ing on this idea, we propose the State-Evaluation-
Action Tree, which simulates the clinical reasoning
of human experts: based on the patient’s condi-
tion, experts evaluate the state and determine the
appropriate action.

In this paper, we introduce the SEAT and explore
SEAT-guided LLM generation for an advanced
AIDA system. The SEAT integrates root, condition,
transition, and action nodes along with their inter-
connecting relations. Each node is annotated with
a natural language description, while each relation
carries multiple natural language labels pointing to
the next node. To construct SEATSs, we first extract
raw clinical guidance trees using the tool of Li et al.
(2023). We then employ an LLM to decompose the
natural language content of each node into struc-
tured logical facts, stored in JSON format for easier
reasoning. Finally, clinicians refine and customize
the SEAT based on their domain expertise. When
a patient submits their current information to the
AIDA system, it triggers SEAT-guided LLM gener-
ation through a three-step process: tree selection,
condition node judgment, and response generation.
(1) Tree Selection: An LLM evaluates each fact
against the patient’s current state and selects the
optimal tree using a heuristic rule. (2) Condition
Node Judgment: The LLM assesses the relations
associated with the current condition node, assigns
judgments, and identifies the most suitable next
node. (3) LLM Generation: The AIDA system
adaptively chooses between a standard CoT prompt
and a SEAT-guided prompt to generate the final re-
sponse. The online hospital physician reviews the
response and then sent to the patient.

The contributions are summarized as follows:

* We design the state-evaluation-action tree
(SEAT) and introduce an SEAT-guided LLM-
based AIDA system.

* Experiments on a self-built dataset across five
departments demonstrate that our approach
outperforms CoT and RAG-based methods,
achieving a 1.01% improvement over SOTA
baselines.

* Deployment in a real-world online hospital
confirms that our method enhances both the
efficiency and reliability of the AIDA system.

2 Related Work

Recent studies highlight RAG-based methods that
retrieve relevant passages from external knowl-
edge sources—such as clinical guidelines and sci-
entific literature—and inject them into prompts
to provide contextual grounding, steering the
LLM toward more accurate responses. For exam-
ple, MedRAG (Xiong et al., 2024a) constructs a
large, authoritative medical corpus from PubMed,
Wikipedia, and other sources. To enhance per-
formance, i-MedRAG (Xiong et al., 2024b) in-
troduces iterative retrieval, enabling the LLM to
dynamically issue follow-up queries based on ini-
tial results, significantly improving answer qual-
ity for complex clinical questions. Meanwhile,
MedCite (Wang et al., 2025b) enhances verifiabil-
ity by generating responses with explicit citations.
To leverage structural connections across knowl-
edge bases, GraphRAG (Edge et al., 2024) fur-
ther enhances complex reasoning by constructing
knowledge graphs, while MedicalGraphRAG (Wu
et al., 2025) explores this within the medical do-
main. However, while traditional RAG approaches
rely on unstructured text snippets and graph-based
methods utilize structured relational data, both still
fall short in capturing the explicit decision-making
pathways required for multi-step diagnostic reason-
ing. To address this limitation, we introduce SEAT,
which integrates static medical facts with explicit
clinical logic to guide the LLLM toward more reli-
able and coherent reasoning and generation.

3 Methodology

As illustrated in Figure 1, our method comprises
two main modules: (1) construction of the SEAT,
and (2) SEAT-guided LLLM generation.

3.1 Problem Definition

Given the patient’s information P;, which con-
sists of self-report, medical records, and current
utterance, the LLM generates a response R using
a carefully designed prompt P to assist the doc-
tors. This process can be formally expressed as:
Response = LLM (Prompt, Pr)

3.2 SEAT Construction

The State-Evaluation-Action Tree (SEAT) is a
structured decision framework composed of four
distinct node types that facilitate clinical or logical
reasoning. The Root Node serves as the founda-
tion of the tree, representing the core symptom,
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Figure 1: Framework diagram of the AIDA-SEAT

primary disease name, or the initial examination
that triggers the diagnostic process. Branching
from the root, the Condition Node acts as a log-
ical gatekeeper, determining the subsequent path
in the decision process based on specific criteria
or clinical findings. In cases where the decision
flow requires external logic, the Transition Node
is utilized to redirect the process to another spe-
cialized tree. Finally, the Action Node marks the
termination of the decision path and specifies the
ultimate action taken or the final diagnostic con-
clusion reached. These nodes are interconnected
via a network of relations, in which each relation
is annotated with multiple labels that specify the
precise links between different stages of the tree.

To ensure the effectiveness and authority of the
tree, we adopt the method from Li et al. (2023)
to collect the raw clinical guidance tree and then
use an LLLM to convert its natural language into
a structured format. For example, the statement
“Has hyperlipidemia and experiences muscle pain”
is parsed into: {"conditions": ["Diagnosed with
hyperlipidemia", "Muscle pain"], "logic": "and"}.
Each resulting SEAT is saved as a JSON file for
easy configuration. Human experts further review
and refine the SEATS.

3.3 SEAT-guided LLM Generation

This section details the SEAT-guided LLM genera-
tion framework, which integrates structured clini-
cal logic with large language models through three
primary phases: Tree Selection, Condition Node
Judgment, and LLM Generation.

Tree Selection. To initiate the process, the sys-
tem must identify the most relevant decision tree
based on the patient information. This selection
strategy is designed to balance computational effi-

Role definition
You are a cardiologist who can communicate with patients in a clear
and concise manner.

Instruction

Task:
During the dialogue, turns alternate between the patient and the doctor,
and each patient utterance may correspond to one or more predefined
scenarios. ...
Scenarios and Reasoning Frameworks:
1. Etiology Consultation: When patients proactively inquire about
possible causes of symptoms, ...

Input
Current Patient Utterance:
High BP (190/110) recently, requests coronary angiography; History:
Essential hypertension, heart attack 2 years ago. ...
Medical Records:
Gender: Male, Age: 40, Vitals: BP 197/128 mmHg ...
Tips:
Dangerous blood pressure level. Immediate emergency department
treatment required.

Figure 2: Prompt template for LLM generation

ciency with clinical accuracy. First, the system per-
forms Fact Extraction and Verification by gathering
and deduplicating medical facts from all available
root nodes; an LLM then labels each fact as either
True or False. Based on these results, the process
follows a specific branching logic: if no facts align
with any existing tree, the current turn terminates
and reverts to a standard prompt; if exactly one tree
matches, the decision process continues along that
specific path. In cases where multiple trees match,
a hybrid approach is employed, combining heuris-
tic rules with LLM judgment centered on patient
severity. This heuristic prioritizes trees in the hier-
archical order of Treatment, followed by Examina-
tion, and finally Symptom. Should multiple trees
of the same type persist, the LLM selects the most
pertinent one by evaluating the patient’s dominant
symptom. Condition Node Judgment. Once a tree
is selected, the LLM evaluates each relation label
associated with the current condition node relative
to. The model assigns one of three categorical judg-
ments to each label: True, False, or Not Sure. The
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Department #Test #Symp. #Exam. #Treat. Med. Cli. Com. Emp. Avg.S.
Cardiology 200 3 4 4 CoT 4.6572 47393 4.517 4.2547 4.5421
Liver Surgery 200 3 12 1 i-MedRAG 4.6303 4.6150 4.3390 3.9872 4.3929
Gastroenterology 200 14 13 / MedCite  4.7927 4.8181 4.4881 4.2300 4.5822
General Medicine 200 24 49 4 MedRAG 4.7806 4.8182 4.4726 4.1671 4.5596
Reprod. Med. 43 5 8 / Ours 4.7922 4.8399 4.5417 4.3407 4.6286

Table 1: Statistics of test datasets. Symp. denotes symp-
tom tree, Exam. denotes examination, Treat. denotes
treatment. Reprod and Med. denotes Reproductive
Medicine.

subsequent navigation depends on this assessment:
if multiple labels are judged as True, the system
applies the same prioritization strategy used during
the initial tree selection. If only a single relation la-
bel is True, the decision flow proceeds through the
tree until it reaches either a transition node leading
to another tree or an action node that concludes the
current turn, at which point the system proceeds
with a SEAT-guided prompt. Conversely, if labels
are deemed False or Not Sure, a specific flag is set
to True, the current turn terminates, and the system
defaults to a standard prompt. This flag mechanism
is crucial for maintaining state, as it prevents the
redundant re-evaluation of the same condition node
in subsequent interaction turns.

LLM Generation. The system adaptively se-
lects between two prompt templates: (1) a stan-
dard CoT prompt, handcrafted to include Role
Definition, Instruction, and Input; (2) an SEAT-
guided prompt, which augments the standard tem-
plate by incorporating action node information into
the 7ip. The details are shown in Figure 2.

4 Experiments

We conduct extensive experiments to validate the
effectiveness of our proposed method.

4.1 Experimental Setup

Datasets. We construct and employ the follow-
ing datasets: (1) Test Sets: 843 single-turn sam-
ples with three types of SEATSs from anonymized
patient-doctor dialogues across five departments.
(2) Tree Selection Dataset: 70 cardiology cases an-
notated with optimal SEATS. (3) Condition Node
Judgment Dataset: 98 Cardiology questions de-
rived from SEAT nodes, labeled True, False, or Not
Sure. (4) Human Evaluation: 72 anonymized re-
sponse pairs assessed by a cardiologist across five
dimensions. See Table 1 for detailed statistics.
Baselines and Models. We compare our pro-
posed method with the following baselines: Chain-

Table 2: Overall results across five departments. The
abbreviations stand for Med. (Medical Accuracy), Cli.
(Clinical Logic), Com. (Communication), and Emp.
(Empathy). Avg. S. denotes the average score. Bold
denotes the best performance. Underline denotes the
second performance.

of-Thought (Wei et al., 2022), MedRAG (Xiong
et al., 2024a), i-MedRAG (Xiong et al., 2024b),
MedCite (Wang et al., 2025b). We choose different
representative LLMs such as Qwen series (Yang
et al.,, 2025), Llama3.1-8b-instruct (Grattafiori
et al., 2024) and DeepSeek-R1 (Guo et al., 2025)
for comprehensive experiments. To balance cost
and performance, we chose the Qwen3-8B for tree
selection and Condition node judgment tasks. Us-
ing Qwen3-8B as the backbone for generation, we
compare our method against baselines. More im-
plementation details in Appendix A and B.
Evaluation Metrics. We employ three distinct
sets of metrics tailored to our different experimen-
tal objectives. Model Selection and Condition
Node Judgment. For model selection, we use ac-
curacy. For condition node judgment, we adopt
a fine-grained scoring scheme: correct = 1, incor-
rect = 0, and “uncertain” on a determinable case
= 0.5. The final score is the total points earned
divided by the maximum possible, scaled to 100.
LLM as Judge for Medical Dialogue System. We
adopt the LLM-as-Judge paradigm and define four
clinically grounded dimensions, each scored on
a 0-5 scale: Medical Accuracy, Clinical Logic,
Communication, Empathy. The final evaluation
score is the average across all four dimensions. To
mitigate model-specific bias (Ye et al., 2025), our
main experiments aggregate judgments from three
LLMs—DeepSeek-V3.1, Qwen-Max, and Doubao-
Seed-1.6-Thinking '—while ablation studies use
only DeepSeek-V3.1. Human Evaluation. We fol-
low the work (Zhu et al., 2025) and evaluate the re-
sponse in five dimensions ranging from 0-5: Med-
ical Accuracy, Reliability Score, Fostering the
Relationship, Gathering Information, Providing
Information. The final score is the average rating
across dimensions. More details in Appendix C.

"https://console.volcengine.com/
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DeepSeek-V3.1

Qwen3-Max

Doubao-Seed-1.6-Thinking

Method Avg. Score
Med. Cli. Com. Emp. Med. Cli. Com. Emp. Med. Cli. Com. Emp.
CoT 4.6982 47738 4.5089 4.2113 4.7798 4.7500 4.8333 4.7679 3.7054 3.9583 3.9107 3.7887 4.3905
i-MedRAG  4.8333 4.8988 4.2560 3.8482 4.8810 4.8214 4.5119 43690 4.3512 4.3661 3.8750 3.4673 4.3733
MedCite 4.8006 4.8214 44762 4.2172 4.8333 4.7976 4.8631 4.7560 4.0357 4.1964 4.1429 3.9554 4.4913
MedRAG  4.8179 4.8262 4.5054 4.2119 4.8333 4.7619 4.8155 4.7143 4.1220 43065 4.1696 3.8512 4.4947
Ours 4.8691 4.9345 4.6191 4.3691 4.8810 4.8750 4.8690 4.8274 4.2440 4.5119 4.4256 4.1935 4.6349
Table 3: Main results of Qwen3-8B on test set of Cardiology.
Medical Accuracy | ECH 7Y i Medical Accuracy k138 .
CoT
Reliability Score - N T 2 Reliability Score = Ours
Fostering the Relationship 14 [Zll 9 Fostering the Relationship
Gathering Information 16 48 | Gathering Information
L
Providing Information 13 44 15 Providing Information
0% 20% 40% 60% 80% 100% 4.0 42 4.4 4.6 4.8

(a)

(b)

Figure 3: Human evaluation, comparing our SEAT-guided method with the CoT baseline: (a) Pairwise comparison
results (win/tie/lose) across all dimensions. (b) Average score comparison across the five dimensions.

Stagel Med. Cli.

Effectiveness of different models in stage 1
/ Qwen3-8B 4.6982 4.7738 4.5089 4.2113
Qwen3-0.6B  Qwen3-8B 4.8185 4.8566 4.5714 4.2441

Qwen3-4B  Qwen3-8B 4.7738 4.8869 4.6577 4.3630
Qwen3-8B  Qwen3-8B 4.8691 4.9137 4.6191 4.3691

Stage2 Com. Emp.

Impact of different models in stage 2

/ Qwen3-A22B 4.8363 4.8839 4.9524 4.8506
Qwen3-8B Qwen3-A22B 4.8537 4.9065 4.8618 4.6911
/ DeepSeek-R1 4.7597 4.8178 4.8527 4.3992
Qwen3-8B DeepSeek-R1 4.8622 4.9370 4.7992 4.6063

Table 4: Ablation study on different models at two
stages. Qwen3-A22B denotes the Qwen3-235B-A22B.

Tree Sel. Node Judg.
Model (Acc.%)  (Score)
Qwen2.5-7B-Inst. 75.71 71.81
Qwen2.5-3B-Inst. 61.43 67.64
Qwen3-8B 82.86 79.48
Qwen3-4B 72.86 78.25
Qwen3-0.6B 41.43 53.62
Llama-3.1-8B-Inst. 71.43 73.45

Table 5: Ablation study on model selection of tree se-
lection and Condition node judgment.

4.2 Main Results

Table 2 compares our method with baselines across
five departments. Key observations: (1) Using
Qwen3-8B, our approach outperforms CoT and
RAG-based methods on all four metrics, surpass-
ing MedCite by 1.01% and achieving the high-
est Clinical Logic scores(4.8399). (2) RAG im-
proves Medical Accuracy and Clinical Logic but
often reduces Communication and Empathy; our

method avoids such trade-offs, demonstrating ro-
bustness. (3) As shown in Table 3, we evaluate
on cardiology data with three judge models. Our
method consistently achieves the best performance.
DeepSeek-V3.1 offers more discriminative scor-
ing than Qwen3-Max (uniformly high) or Doubao
(inconsistent). More results are in Appendix D.

4.3 Detailed Analysis

In this section, we conduct extensive experiments
to analyze our proposed method in detail.

Ablation Study. We ablate key components
in Table 4. Qwen3-8B is selected as the opti-
mal Stagel model for tree selection and condi-
tion judgment. Fixing Qwen3-8B as the generator:
(1) Stagel—even Qwen3-0.6B outperforms CoT;
Qwen3-8B yields the best results, consistent with
Table 5. (2) Stage2—SEAT-guided generation im-
proves Medical Accuracy and Clinical Logic for
DeepSeek-R1 and Qwen3-235B-A22B over CoT,
occasionally at the expense of Communication
and Empathy. Notably, SEAT enables Qwen3-8B
to rival much larger models.

Human Evaluation. Our method outperforms
the baseline in four dimensions (Figure 3), partic-
ularly in Medical Accuracy (19 vs. 11 wins; avg.
4.28 vs. 4.14), Gathering Information (16 vs. 8
wins), and Reliability Score (4.28 vs. 4.19). Per-
formance is comparable in Providing Information
(44 ties; avg. 4.64). These results demonstrate
our method’s superiority in producing clinically
reliable responses.
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40 years old male; Complaint: High BP (190/110) recently, requests coronary angiography; History: Essential

Input hypertension, heart attack 2 years ago; Vitals: BP 197/128 mmHg; Medication: Amlodipine/Benazepril,
Hydrochlorothiazide.
This level of high blood pressure carries a real risk of an acute heart problem. You must go to the Emergency

Reference Department immediately to have it stabilized before we can proceed with the angiogram. Also, please under-
stand that this procedure requires hospitalization, so you will need to be admitted.

CoT ... before scheduling this procedure, I suggest you first make an appointment with the cardiology outpatie-
nt department for a comprehensive evaluation.

MedRAG ... it is recommended that you make an appointment with the cardiology clinic... to adjust your antihyperten-

sive medication plan and bring your blood pressure into a safer range before the procedure.

Ours-with inco-

... before proceeding, I suggest you first make an appointment with the cardiology outpatient clinic for a

rrect judgment specialist to assess whether this procedure is necessary.
... this indicates a serious risk that must be addressed immediately.
Ours for urgent evaluation and treatment... your blood pressure
before re-evaluating.
Figure 4: Case Study
100 P ive Abili
49,08 = Significantly Reduce roactive Ability 100.00
50 65.82 Slightly Reduced Clinical Logic 85.70
Other 57.10 Guideline Consistency 85.70
0 0.00
Manual  AIDA assisted 0% 25% 50% 75% 100%
(@) (b) (o)

Figure 5: Online evaluation of the AIDA system. (a) Manual vs. AIDA-assisted: average response time. (b)
Perceived reduction in physicians’ cognitive load. (c) Approval rates for core clinical functionalities.
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£ [ = W) BRI TES:
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A patient with mild mitral regurgitation (found via
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BERER echo) asks about taking an unprescribed medication.
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AIDA confirms no medication is needed
and recommends monitoring instead.

13:22
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Figure 6: The user interface of the AIDA’s web client.

Case Study. We validate how different knowl-
edge affect LLM outputs (Figure 4). For a patient
with severe hypertension (190/110 mmHg), both
CoT and RAG suggest BP control and cardiology
referral. Our method instead recognizes clinical
urgency and recommends immediate ED admis-
sion. While baselines reflect general knowledge,
our approach yields condition-specific, expertise-
driven advice. Introducing an incorrect action node
(claiming BP in the ideal range) misled the LLM to

omit emergency referral, revealing the critical role
of precise tree selection and condition judgment.

5 Application on Online Hospital

Application Deployment. The system has been op-
erational in the hospital since May 21, 2025. As of
January 4, 2026, 85 physicians have trialed AIDA,
resulting in over 4,700 model invocations and the
processing of more than 5,900 images by the mul-
timodal model. Furthermore, the Chief Physician
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of the Department of Cardiology handled an av-
erage of 234 follow-up consultations per month
from January to July 2025 (excluding patients seek-
ing rapid prescription renewals). From August to
December 2025, this monthly average increased
to 303, representing an increase of approximately
29.48% compared to the previous period. A com-
plete timeline of our phased deployment is outlined
in Appendix F. User Interface. The application
provides responsive web and mobile interfaces for
seamless user access across devices. As shown in
Figure 6-7, based on the reasoning and responses
it generates, doctors can perform the following ac-
tions: revise, edit, or send. Online Evaluations.
Through seamless integration of LLM technology,
AIDA significantly enhances physicians’ decision-
making efficiency. As indicated in Figure 5, AIDA-
assisted responses reduced time by 24.16 seconds
compared to manual responses on 200 medical con-
sultations. Survey results revealed that (1) all doc-
tors acknowledged AIDA’s time-saving benefits in
decision-making, (2) all participants affirmed its
proactive ability, and (3) 85.7% valued its clinical
logic and guideline consistency. Additionally, we
analyzed the system’s end-to-end inference time,
which averages 6.43 seconds. Stage 1 (retrieval)
takes 1.30 seconds, Stage 2 (LLM generation) takes
5.12 seconds, and the remaining 0.01 seconds is at-
tributed to inter-component communication and
preprocessing overhead. Application Use and
Payoff. We highlight the practical impact and piv-
otal role of the AIDA system. AIDA introduces an
innovative, effective approach to clinical decision-
making, substantially advancing beyond traditional
workflows that depend solely on human expertise.
By leveraging SEATS, physicians can tailor their
own AIDA instances to reflect their clinical reason-
ing, enabling more natural, logic-driven dialogues.
This customization fosters a progressively reliable
and trustworthy Al-powered medical dialogue sys-
tem. More details in Appendix E.

6 Conclusion

In this paper, we construct SEAT and introduce
the SEAT-guided LLM generation method to en-
hance the AIDA system. Experiments demonstrate
that our method outperforms CoT and RAG-based
methods across five departments from a real-world
online hospital. Online evaluations further demon-
strate that SEAT-guided LLM improves clinical
decision-making efficiency, while its reliability sig-

nificantly reshapes physicians’ cognitive processes.

Limitations

The AIDA-SEAT framework has several limita-
tions. (1) Although an automatic tool was intro-
duced to construct the raw SEAT, its outputs still
require review by clinical experts. (2) This study
only compares CoT and RAG-based methods; the
impact of fine-tuning-based approaches will be ex-
plored in future work. (3) While a human evalu-
ation was conducted, the number of experts and
departments involved was limited. Future efforts
will aim to scale up this evaluation.

Ethical Consideration

We collect the medical dialogue from a real-world
online hospital. To safeguard patient privacy, the
dataset excludes any personally identifiable details,
such as patient names, hospital information, or
other sensitive data. As a result, there is no risk of
privacy violations related to the dataset. Further-
more, all data usage adheres to ethical guidelines
and regulations governing medical information and
research.
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A Baseline and Models

Baselines. We compare our proposed method with
the following baselines:

¢ Chain-of-Thought (Wei et al., 2022): We
handcraft the prompt with human expert
guided. The prompt is set in all experiments.

* MedRAG (Xiong et al., 2024a): Retrieving
the medical fact from a large and authoritative
medical corpus to enhance the LLM genera-
tion.

* i-MedRAG (Xiong et al., 2024b): Through
multi-round decomposition and iteration to
improve the performance.

* MedCite (Wang et al., 2025b): An end-to-end
system featuring a novel multi-pass retrieval-
citation mechanism that enables LLLMs to gen-
erate verifiable text.

Models. We choose different representative
LLMs such as Qwen2.5-{3b/7b}-instruct (Yang
et al., 2024a), Qwen3-{0.6b/4b/8b} series (Yang
et al., 2025), Llama3.1-8b-instruct (Grattafiori
et al., 2024), DeepSeek-R12, and Qwen3-235B-
A22B-Thinking-2507 ? for comprehensive experi-
ments.

B Implementation Details

(1) We conduct all experiments on A800 and use
VLLM 3 to accelerate for general LLMs. Specif-
ically, we load the medical LLMs directly. Addi-
tionally, we set the max_new_tokens = 8192; repe-
tition_penalty = 1.2; temperature = 0.001. (2) We
use the MedCPT (Jin et al., 2023) as the retriever
for the baseline method. (3) The medical corpus is
compiled from three main sources: (i) PubMedQA
(508 MB); (ii) curated expert-consensus documents
(203 files, 563 MB); and (iii) a broader collection
of clinical guidelines and medical books (5,437
files, 2.4 GB). To align with SEAT, we specifically
curate literature and clinical guidelines from these
sources. The selected documents are then stored in
the Faiss database.

C Evaluation Details

We employ three distinct sets of metrics tailored to
our different experimental objectives.

*https://bailian.console.aliyun.com/
3https://github.com/vlim-project/vlim

(1) Model Selection of tree selection and Con-
dition node judgment. For tree selection, we cal-
culate the metric as accuracy; For Condition node
judgment, we employ a refined scoring scheme to
better reflect model capability: a correct judgment
earns 1 point, an incorrect one 0 points, and an
“uncertain” response on a case that admits a defi-
nite answer receives 0.5 points. This partial credit
recognizes that a cautious “uncertain” prediction
is more informative than a confident but incorrect
guess. The final score is the total points earned
divided by the maximum possible score, as given
by the formula:

core N x 100 )]

where s; is the score for the i-th sample and N is
the total number of samples.

(2) LLM as Judge for Medical Dialogue Sys-
tem. Traditional automatic metrics such as F1 and
ROUGE rely heavily on lexical overlap and of-
ten overlook semantic nuances. Even embedding-
based metrics like BERTScore, despite leveraging
pre-trained language models, exhibit weak correla-
tion with human judgments (Zhang et al., 2025). To
address this, we adopt the LLM-as-Judge paradigm
and define four clinically grounded dimensions,
each scored on a 0-5 scale: 1) Medical Accuracy:
factual correctness of the medical content. 2) Clin-
ical Logic: coherence of the response within a clin-
ical reasoning context. 3) Communication: clarity
and comprehensibility of the response. 4) Empa-
thy: expression of care and compassion. The final
evaluation score is the average across all four di-
mensions.

(3) Detail Criteria for Human Evaluation.
1) Medical Accuracy: Assesses the factual cor-
rectness of the diagnosis and other medical in-
formation provided by the model. 2) Reliability
Score: Evaluates whether the proposed diagnosis,
treatment plans, or recommended tests are consis-
tent with established medical knowledge and guide-
lines. 3) Fostering the Relationship: Measures
the model’s ability to build trust, rapport, and a
positive connection with the patient. 4) Gathering
Information: Assesses the model’s effectiveness
in eliciting relevant and necessary information from
the patient. 5) Providing Information: Gauges the
model’s proficiency in delivering information that
is clear, understandable, and accurate to the patient.
The final reported score is the average rating for
each dimension.
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D More Experiment Results

As shown in Tables 6-10, our method achieves the
best performance across four of five departments
(Cardiology, Gastroenterology, General Medicine,
and Liver Surgery), with the sole exception being
Reproductive Medicine—due to the quality of the
corresponding SEAT and supporting documents.

Med. Cli. Com. Emp. Avg. S.

CoT 4.6982 4.7738 4.5089 42113 4.5480

i-MedRAG 4.8333 4.8988 4.2560 3.8482 4.4591

MedCite 47935 4.8226 44940 4.2173 4.5818

MedRAG  4.8179 4.8262 4.5054 4.2119 4.5903

Ours 4.8691 49345 4.6191 43691 4.6979
Table 6: Overall results of Cardiology.

Med. Cli. Com. Emp. Avg. S.

CoT 4.6212 4.8485 4.5000 4.4394 4.6023

i-MedRAG  4.5606 4.5455 4.3030 4.0758 4.3712

MedCite 4.8409 4.8788 4.4318 43788 4.6326

MedRAG  4.8485 4.8939 4.5909 43030 4.6591

Ours 4.8030 4.8939 4.5455 4.4091 4.6629

Table 7: Overall results of Liver Surgery.

Med. Cli. Com. Emp. Avg.S.

CoT 4.6484 4.6813 4.4615 4.0604 4.4629
i-MedRAG  4.5275 4.4835 43077 3.8407 4.2898
MedCite  4.7830 4.8077 4.4615 4.0577 4.5275
MedRAG 47187 4.7830 4.3379 39093 4.4372
Ours 47363 47912 4.4451 4.1484 4.5302

Table 8: Overall results of Gastroenterology.

Med. Cli. Com. Emp. Avg. S.

CoT 4.6978 4.7698 4.6835 4.5252  4.6691
i-MedRAG  4.6403 4.5827 4.5755 4.4029 4.5503
MedCite 4.8417 4.8489 4.5827 4.4317 4.6762
MedRAG  4.8129 4.8201 4.6187 4.4604 4.6780
Ours 4.8345 4.8273 4.6475 4.6043 4.7284

Table 9: Overall results of General Medicine.

Med. Cli. Com. Emp. Avg. S.

CoT 43906 4.5312 4.1875 4.0312 4.2851
i-MedRAG 42500 4.1562 4.0000 3.5625 3.9922
MedCite 45312 4.5938 4.3125 4.0938 4.3828
MedRAG  4.6562 4.8125 4.1875 3.8438 4.3750
Ours 45000 4.5625 4.2188 4.0000 4.3203

Table 10: Overall results of Reproductive Medicine.

E Application on Online Hospital

In this section, we introduce the deployment of
the AIDA in the Online Hospital and report the

application use in detail.

Application Deployment The system has been
operational in the hospital since May 21, 2025. A
complete timeline of our phased deployment is out-
lined in Appendix F. In the following, we introduce
the deployment into three parts: computational re-
sources, software development, and user interface.

Computational Resources. The system runs on
a single server equipped with eight NVIDIA A100
40GB GPUs. We deploy three models tailored
to different tasks: Qwen2.5-VL-72B-AWQ (Bai
et al., 2025), used for extracting patient image infor-
mation, is distributed across four GPUs to manage
its high computational demand. Qwen3-8B han-
dles tree selection, condition node judgment, and
LLM generation, and runs on the remaining four
GPUs.

Software Development. The system adopts a
containerized architecture orchestrated by Docker
to ensure reproducibility and simplify environment
management. Core application logic—handling
user interactions and coordinating model infer-
ence—is implemented in a custom Python 3.10
container powered by a FastAPI server.
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Figure 7: The user interface of the AIDA’s mobile client.

F Clinical Deployment Timeline

The clinical deployment of the system adhered to
a structured, phased strategy designed to collect
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iterative feedback, ensure stability, and validate its
practical utility across multiple clinical specialties.
The implementation timeline proceeded as follows:

Phase 1: Initial Pilot (May 21, 2025): Follow-
ing a phase of rigorous technical validation, we
initiated a pilot study with a single Chief Physi-
cian in the Department of Cardiology. This phase
focused on iterative usability testing and collect-
ing preliminary expert feedback to guide system
refinement.

Phase 2: Limited Production and Specialty
Expansion (July 29, 2025): After successful ini-
tial refinements, the system was integrated into the
production workflow of the initial physician. Si-
multaneously, we expanded pilot testing to the De-
partment of Gastroenterology and the Department
of Liver Surgery, engaging one Chief Physician
from each to provide preliminary assessments.

Phase 3: Scaled User Adoption in Cardiol-
ogy (August 19, 2025): We expanded the user
base within the Department of Cardiology to seven
clinicians, including three Chief Physicians, three
intermediate-level physicians, and one attending
physician. This phase was designed to evaluate the
system’s performance and utility across a spectrum
of clinical seniority.

Phase 4: Full Departmental Rollout and
Broadened Specialty Trials (September 2025):
On September 10, the system was deployed to all
physicians in the Department of Cardiology. Sub-
sequently, on September 21, the pilot was further
extended to include the Department of Rheuma-
tology, Department of Urology, Department of
Bone and Joint Surgery, Department of Reproduc-
tive Medicine, Department of Pain Management,
and General Medicine Department, with one Chief
Physician from each department participating in
initial trials and feedback collection, before gradu-
ally expanding the trial to more physicians.

This meticulous, phased approach enabled con-
tinuous validation of the system’s real-world per-
formance through clinical feedback, ensuring its
alignment with medical workflows and supporting
iterative refinement.
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