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Abstract001

The initial outpatient consultation is critical002
for clinical decision-making, yet it is often003
conducted by a single physician under time004
pressure, making it prone to cognitive biases005
and incomplete evidence capture. Although006
the Multi-Disciplinary Team (MDT) reduces007
these risks, they are costly and difficult to scale008
to real-time intake. We propose Aegle, a syn-009
chronous virtual MDT framework that brings010
MDT-level reasoning to outpatient consulta-011
tions via a graph-based multi-agent architec-012
ture. Aegle formalizes the consultation state013
using a structured SOAP representation, sepa-014
rating evidence collection from diagnostic rea-015
soning to improve traceability and bias control.016
An orchestrator dynamically activates special-017
ist agents, which perform decoupled parallel018
reasoning and are subsequently integrated by019
an aggregator into a coherent clinical note. Ex-020
periments on ClinicalBench and a real-world021
RAPID-IPN dataset across 24 departments and022
53 metrics show that Aegle consistently out-023
performs state-of-the-art proprietary and open-024
source models in documentation quality and025
consultation capability.026

1 Introduction027

The trajectory of clinical care is fundamentally es-028

tablished during the initial consultation (Starfield029

et al., 2005). In this pivotal phase, a physician030

must transmute a patient’s unstructured narrative031

of symptoms and concerns into a structured med-032

ical record, crystallizing it as the Initial Progress033

Note (IPN) in the SOAP (Subjective, Objective,034

Assessment, Plan) format. This document serves035

as more than a mere administrative summary; it036

is the cornerstone for downstream diagnostic deci-037

sions and treatment planning (Krishna et al., 2021).038

Consequently, the comprehensiveness and accuracy039

of this intake process are paramount to effective040

healthcare delivery, serving as the bedrock upon041

which the entire clinical pathway rests.042

Patient Input: “Severe chest pain, 
occasional acid reflux, mild backache. ”

chest pain

(a) Traditional Single-View Reasoning (Susceptible to Anchoring Bias)

Single
LLM

Fragmented Output
Potential cardiac issue.
(Other symptoms ignored)

(b) Virtual MDT (Decoupled Parallel Reasoning)

Patient Input:
“Severe chest pain, occa-
sional acid reflux, mild 
backache. ”
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Figure 1: Single-view vs. virtual MDT reasoning for
clinical intake. (a) A single LLM is prone to anchoring,
over-focusing on salient symptoms, and producing frag-
mented notes. (b) A virtual MDT enables decoupled par-
allel specialist reasoning coordinated by an Orchestrator
and integrated by an Aggregator, improving evidence
coverage and coherence.

However, achieving high-quality intake in rou- 043

tine practice is fraught with cognitive and systemic 044

challenges (You et al., 2025). The traditional pro- 045

cess typically relies on a single physician operating 046

under significant time constraints. When formu- 047

lating diagnoses while simultaneously engaging in 048

empathetic dialogue, individual providers are sus- 049

ceptible to anchoring bias (Croskerry, 2013), fix- 050

ating on prominent symptoms while overlooking 051

subtler, yet critical, diagnostic clues. As illustrated 052

in Fig. 1(a), this “single-view” setting narrows the 053

exploration of the diagnostic space and can lead to 054

fragmented evidence capture in the resulting note. 055

This is not merely a matter of physician compe- 056

tence but a fundamental limit of human cognitive 057

bandwidth when processing high-entropy patient 058

narratives under time pressure. 059

To address complex cases where a single 060

perspective is insufficient, medical practice tra- 061

ditionally turns to a Multi-Disciplinary Team 062

(MDT) (Taylor et al., 2010). By aggregating spe- 063

cialists from diverse fields, MDT enables parallel 064

and complementary reasoning across different clin- 065

1



ical perspectives, mitigating the anchoring effects066

inherent to single-view decision making (Fig. 1(b)).067

While this collaborative model significantly re-068

duces the risk of oversight, it is inherently resource-069

intensive, asynchronous, and difficult to scale. Or-070

ganizing a team of human experts for every routine071

outpatient consultation is logistically impractical.072

Thus, a critical gap remains: how can we transpose073

the systematic depth of MDT-level reasoning to074

the widespread, real-time outpatient intake phase075

without prohibitive resource costs?076

In this paper, we bridge this gap by proposing077

Aegle, a multi-agent framework that virtualizes the078

MDT paradigm. Rather than relying on a single079

Large Language Model (LLM) or a static chain080

of agents, Aegle introduces a novel computational081

architecture for medical inquiry. We posit that the082

essence of effective collaboration lies in decoupled083

parallel reasoning, where distinct specialist agents084

analyze the case from their unique domain perspec-085

tives without interference, followed by a semantic086

aggregation phase. Furthermore, to address the087

efficiency issues common in multi-agent systems,088

we implement a dynamic topology controlled by089

a meta-cognitive orchestrator. This allows the sys-090

tem to adaptively scale its reasoning network based091

on the real-time completeness of the clinical docu-092

mentation.093

Our contributions are summarized as follows:094

• We propose Aegle, a Synchronous Virtual095

MDT framework that leverages decoupled par-096

allel reasoning to transcend physical resource097

constraints. This paradigm transposes system-098

atic, inpatient-level diagnostic depth into real-099

time outpatient inquiries, significantly enhanc-100

ing robustness while mitigating single-view101

cognitive biases.102

• We propose a State-Aware Dynamic Topol-103

ogy that aligns multi-agent collaboration with104

the evolving clinical document. By imple-105

menting on-demand specialist activation, this106

mechanism dynamically constructs reason-107

ing paths tailored to case-specific ambiguity,108

thereby maximizing the diagnostic signal-to-109

noise ratio and ensuring high-density informa-110

tion gathering.111

• We conduct a comprehensive evaluation112

across 24 clinical departments using 53 fine-113

grained metrics. Empirical results demon-114

strate Aegle’s superiority over state-of-the-art115

baselines in diagnostic accuracy and documen- 116

tation quality, establishing a robust benchmark 117

for next-generation clinical AI assistants. 118

2 Related Works 119

2.1 LLMs for Clinical Consultation and 120

Documentation 121

LLMs have shown promise in clinical workflow op- 122

timization tasks such as clinical documentation sup- 123

port and conversational assistance during patient 124

intake (Zhou et al., 2025a). In the realm of docu- 125

mentation, models function as semantic compres- 126

sors, transforming unstructured dialogues into stan- 127

dardized formats like SOAP notes (Krishna et al., 128

2021). While models such as Med-PaLM 2 have 129

achieved accuracy comparable to human scribes in 130

summarizing static records (Singhal et al., 2025), 131

they exhibit significant fragility in temporal reason- 132

ing. Specifically, when summarizing longitudinal 133

patient trajectories, these models often succumb to 134

the “lost-in-the-middle” effect, failing to accurately 135

distinguish between historical ailments and current 136

presenting symptoms, thereby compromising the 137

integrity of the medical record (Kruse et al., 2025; 138

Zeng et al., 2025). 139

Conversely, in interactive consultation, frame- 140

works such as AMIE (Tu et al., 2025) and Health- 141

care Agent (Ren et al., 2025) have attempted to 142

simulate the diagnostic inquiry process. Despite 143

their conversational fluency, a critical limitation 144

persists: these monolithic systems largely oper- 145

ate as passive information receivers (Zhou et al., 146

2025b). Rather than executing proactively asking 147

rule-out questions to narrow the differential diagno- 148

sis space, they tend to hallucinate details or prema- 149

turely commit to a diagnosis based on incomplete 150

user input (Qiu et al., 2025). This passivity reveals 151

a fundamental misalignment with real-world intake, 152

where the core challenge lies not merely in process- 153

ing available text, but in the strategic elicitation of 154

missing evidence (Brooks et al., 2024). 155

2.2 Multi-Agent Systems in Medical 156

Reasoning 157

To transcend the cognitive bounds of single-model 158

architectures, Multi-Agent Systems (MAS) have 159

emerged as a computational analogue to the clinical 160

MDT (Han et al., 2025). By assigning specialized 161

roles such as oncologists, radiologists, and pathol- 162

ogists to distinct agents, frameworks like MedA- 163

gents (Tang et al., 2024) and MAC (Chen et al., 164
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2025) leverage dialectical debate to decompose165

complex diagnostic tasks. More advanced archi-166

tectures, such as MDAgents, introduce an adaptive167

topology that dynamically structures collaboration168

based on the perceived medical complexity of the169

case, thereby optimizing the trade-off between ac-170

curacy and computational cost (Kim et al., 2024).171

Furthermore, frameworks such as ClinicalLab have172

demonstrated the utility of agentic collaboration173

in managing multi-departmental diagnostics, simu-174

lating the referral and consultation dynamics of a175

physical hospital (Yan et al., 2025).176

However, the “black-box” interaction between177

agents introduces varying degrees of collaborative178

failure modes. A recent large-scale audit of med-179

ical MAS reveals that agentic collaboration can180

lead to “flawed consensus” where agents reinforce181

each other’s biases, and the suppression of correct182

minority opinions during the voting process (Gu183

et al., 2025). Additionally, the interplay of multiple184

probabilistic models creates a problem of “com-185

pound opacity”, making it exponentially difficult186

to trace the provenance of a clinical error (Salehi187

et al., 2025). These vulnerabilities highlight that188

while MAS can broaden the hypothesis space, they189

require rigid structural constraints to prevent unan-190

chored speculation, a gap that our proposed frame-191

work specifically addresses.192

3 Methodology193

We propose Aegle, a multi-agent consultation194

framework designed to virtualize the cognitive ben-195

efits of MDT collaboration during early-stage pa-196

tient encounters. As illustrated in Fig. 2, Aegle197

integrates structured, virtualized MDT-style col-198

laboration directly into the consultation workflow.199

By coordinating multiple specialized agents dur-200

ing information gathering, the framework aims to201

surface overlooked considerations earlier and to202

reduce bias arising from single-perspective reason-203

ing.204

Built upon DeepSeek-V3.2 (DeepSeek-AI et al.,205

2025), Aegle instantiates a constrained graph-based206

agentic topology. Agent interactions are governed207

by explicit state representations and execution pro-208

tocols, enabling controllable, transparent, and bias-209

aware clinical dialogue.210

3.1 Structured Clinical State211

To ground multi-agent collaboration in established212

clinical practice, Aegle formalizes the consultation213

state using the canonical SOAP schema. We denote 214

the clinical state at turn t as St. Beyond its role as 215

a documentation standard, SOAP provides a cog- 216

nitive structure that explicitly separates evidence 217

collection from diagnostic interpretation, thereby 218

supporting bias-aware reasoning. 219

We decompose St into two functionally distinct 220

components: 221

• Case Features (F). Corresponding to the 222

Subjective and Objective sections of SOAP, F 223

serves as an incremental repository of factual 224

evidence. It accumulates verifiable patient 225

information throughout the consultation, in- 226

cluding Basic Information, History of Present 227

Illness, Past Medical History, Physical Exami- 228

nation, and Auxiliary Examination results. 229

• Diagnosis and Plan (P). Corresponding to 230

the Assessment and Plan sections, P repre- 231

sents the analytical output of the consultation. 232

It includes the preliminary diagnosis, diagnos- 233

tic reasoning, and treatment plan, all of which 234

are derived exclusively from the finalized case 235

features in F . 236

The structured state is defined as St = [Ft,Pt] 237

and functions as a shared blackboard accessible 238

to all agents. Aegle enforces a unidirectional de- 239

pendency from F to P such that diagnostic and 240

planning components may only be generated after 241

evidence stabilization. This constraint explicitly 242

links clinical conclusions to accumulated evidence, 243

ensuring traceability and mitigating premature com- 244

mitment to unsupported hypotheses. 245

3.2 Multi-Agent Graph Topology 246

Aegle operationalizes virtual MDT collaboration 247

through a dynamic multi-agent graph topology 248

composed of three types of nodes, each fulfilling a 249

distinct role in the consultation workflow. 250

Orchestrator. The Orchestrator acts as a routing 251

and coordination policy πorch that governs agent 252

activation. It does not perform medical reasoning 253

itself. Instead, it allocates computational attention 254

by selecting a subset of specialist agents based on 255

the evolving consultation context: 256

Asub, ι = πorch(Ht,Ft), Asub ⊆ Atotal, (1) 257

where Ht denotes the dialogue history and ι spec- 258

ifies context-dependent task instructions. This se- 259

lective activation mechanism mirrors real-world 260
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GateStage I: Interative History Taking Stage II: Diagostic Synthesis

State State 𝓕

Orchestrator Specialists AggregatorOrchestrator Specialists Aggregator Frozen 𝓕
Transition

(a)

(b)

Initial Progress Note
Case Features

Diagnosis and Plan

IPN

(c)

Dialogue
History

Clinical
State

Orchestrator

Cardiology
Specialist

Pathology
Specialist

Radiology
Specialist

Next Inquiry

Updated IPN

Aggregator

(d)

Preliminary Diagnosis

Diagnostic Discussion

Treatment Plan

Basic Information 

History of Present Illness Past Medical History

Physical Examination Auxiliary Examination

Case Features   𝓕

Hello. May I ask your gender 
and age first? Could you tell 
me whait has been bothering 
you today?

Hello, doctor. I’m 34 years 
old women. I’m here be-
cause I’ve been experienc-
ing palpitations lately.

Initial Progress Note
Case Features

Diagnosis and Plan

Figure 2: Overview of the Aegle framework. (a) A two-stage consultation workflow consisting of iterative history
taking followed by diagnostic synthesis after freezing the case feature set F . (b) An evolving draft Integrated Patient
Note (IPN) that is incrementally updated throughout the consultation. (c) Dynamic multi-agent collaboration, where
a context-aware Orchestrator activates relevant specialist agents and an Aggregator integrates their outputs to update
the clinical state and generate the next inquiry. (d) Structured clinical state St = [Ft,Pt] separating evidentiary
features from diagnostic and planning components.

MDT practice by engaging specialized expertise261

only when warranted by the available evidence,262

thereby avoiding unnecessary or premature expert263

involvement during early-stage information gather-264

ing.265

Specialist Agents. Each specialist agent operates266

as an independent domain expert, analyzing the267

clinical state from a distinct medical perspective.268

Specialists are executed in parallel and generate269

proposed updates to the clinical state in isolation.270

This decoupled architecture preserves hypothesis271

diversity by construction and delays consensus for-272

mation, reflecting the cognitive advantage of inde-273

pendent expert opinions in MDT discussions.274

Aggregator. The Aggregator πagg serves as the275

interface between internal agent reasoning and276

patient-facing communication. It follows a write-277

then-speak protocol. First, it validates and inte-278

grates specialist proposals to update the structured279

clinical state:280

St+1 = πwrite
agg

(
St, {∆S(a)

t }a∈Asub

)
. (2)281

Subsequently, it generates the patient-facing utter- 282

ance conditioned solely on the updated state: 283

ut+1 = πspeak
agg (St+1). (3) 284

This separation ensures internal consistency and 285

technical precision of the medical record while 286

maintaining clear and empathetic communication 287

with the patient. 288

3.3 Sequential Clinical Execution 289

Building upon the structured clinical state and de- 290

fined agent roles, Aegle executes consultations 291

through a two-stage finite state machine. This 292

temporal structure enforces a strict separation be- 293

tween evidence acquisition and diagnostic reason- 294

ing, serving as an explicit bias-control mechanism. 295

Stage I: Iterative History Taking. As shown in 296

Fig. 3, the consultation begins with iterative his- 297

tory taking. The Orchestrator activates relevant 298

specialist agents based on patient responses and 299

the current completeness of Ft. Each specialist 300

examines the updated clinical state from its domain 301

perspective and proposes follow-up questions to- 302

4



Hello. Could you please tell me the patient’s gender and 
age first? What brings you in today, and what symptoms 
or concerns are you experiencing?

Dear parents, first of all, please rest assured that many 
children are found to have heart murmurs during physical 
examinations, but most of them are physiological and do 
not necessarily indicate serious problems. We need to 
have a detailed understanding of the child's condition to 
make an accurate judgment. 
According to the advice of the specialist doctor, I have a 
few questions that I need to know 
1. You mentioned that you recently had a follow-up echo-
cardiography. Could you tell me the specific results of the 
examination? For instance, have any abnormalities in the 
heart structure, valve problems been found, or what spe-
cific diagnosis did the doctor give? 
2. Regarding the child's growth and development, could 
you tell me what her current height and weight are? Is her 
growth and development curve normal? 
Please speak slowly. There's no need to rush.

Hello, doctor. I am the child’s mother. My daughter is 3 
years and 5 months old. We came to the hospital 
because a heart murmur was found during her physical 
examination. It has been noted for about two years now, 
and we recently had a follow-up echocardiogram. The 
doctor suggested that we come here for further evalua-
tion.

Orchestrator

Activated specialist: ['cardiology', 'pediatrics']
Instruction: 
The patient is a 3-year-old and 5-month-old girl. A heart 
murmur was detected during a physical examination 
two years ago. After a recent re-examination with a 
color Doppler ultrasound of the heart, the doctor rec-
ommended that she seek medical attention. Please have 
two experts collaborate to collect a complete medical 
history.

Cardiologist 

(i) Suggested questions:
As a pediatrician, I need to understand the growth and 
development of children. May I ask what your daughter's 
height and weight are? Is her growth and development 
curve normal? 
(ii) Suggestions for draft revision:
1. Basic information: Write "Patient, female, 3 years 
and 5 months old, visited the hospital due to 'heart 
murmur detected during physical examination 2 years 
ago'" into basic_infomation 
2. History of present illness: Write "The child was found 
to have a heart murmur during a physical examination 
two years ago. After a recent re-examination with a 
color Doppler ultrasound of the heart, the doctor sug-
gested seeking medical attention" into history_of_pre-
sent_illness

Pediatricians

Suggested questions:
As a cardiologist, I need to have a detailed understand-
ing of the child's condition. First of all, could you tell me 
the specific result of the recent echocardiogram re-ex-
amination? For instance, have any abnormalities in the 
heart structure, valve problems been found, or what is 
the specific diagnosis?
Suggestions for draft revision:
1. Basic information: Write "Patient, female, ...
2. History of present illness: Write "The child was found 
to have a heart murmur ...

Initial Progress Note
Case Features

Diagnosis & Plan

Basic Information:
The patient is a 3-year-5-month-old female who present-
ed to the hospital with a chief complaint of "a cardiac 
murmur detected on physical examination for 2 years."

(blank)

History of Present Illness:
A cardiac murmur was first noted during a routine physi-
cal examination 2 years ago. Following a recent 
follow-up echocardiographic evaluation, the physician 
recommended further consultation."
Past Medical History: (blank)
Physical Examination: (blank)
Auxiliary Examination: (blank)

Aggregator

Figure 3: Stage I of Aegle, iterative history taking, illustrated with a pediatric heart murmur case. Patient responses
are incorporated into the structured SOAP state and analyzed by multiple specialist agents in parallel. Each specialist
proposes follow-up questions and targeted updates to case features. The Aggregator integrates these suggestions
and generates the next patient-facing inquiry under a write-then-speak protocol.

gether with evidence-centric revisions to the draft303

Integrated Patient Note.304

The Aggregator integrates these parallel propos-305

als, updates the case features in F , and generates306

the next consultation question. This process con-307

tinues until all mandatory fields in F are either308

populated or explicitly marked as unavailable by309

the patient, ensuring that downstream diagnostic310

reasoning is grounded in sufficient evidence.311

Stage II: Diagnostic Synthesis. Once F is final-312

ized, it is frozen to prevent further modification,313

and the system transitions deterministically to di-314

agnostic synthesis. In this stage, the Orchestrator315

commissions specialist agents to perform indepen-316

dent diagnostic reasoning based on the same fixed317

evidentiary substrate. Specialists propose diagnos-318

tic hypotheses and treatment considerations with-319

out introducing new inquiries.320

The Aggregator then integrates these heteroge-321

neous perspectives to produce the final diagnosis322

and plan P , resolving inconsistencies and gener-323

ating a complete and coherent SOAP note. This324

staged execution ensures that diagnostic conclu-325

sions are derived exclusively from stabilized evi-326

dence, reinforcing traceability and reducing bias327

induced by early hypothesis fixation.328

4 Experiments 329

4.1 Datasets 330

To evaluate Aegle’s performance across diverse 331

clinical scenarios, we utilize two distinct datasets: 332

ClinicalBench. We employ ClinicalBench (Yan 333

et al., 2025), a comprehensive end-to-end bench- 334

mark derived from de-identified electronic health 335

records (EHRs) of top-tier Grade 3A hospitals in 336

China. It contains 1,500 cases covering 24 clin- 337

ical departments and 150 diseases. Crucially, it 338

enforces a strict data-leakage-free protocol and sup- 339

ports open-ended generation tasks, simulating the 340

whole trajectory from triage to treatment planning. 341

RAPID-IPN. To evaluate complex differen- 342

tial diagnosis, we curated the Real-world 343

Abdominal Pain Integrated Diagnostic-pathway 344

Initial Progress Note (RAPID-IPN) dataset from a 345

top-tier Grade 3A hospital in Eastern China. Span- 346

ning from 2018 to 2024, this cohort comprises 347

322 patients with abdominal pain across 12 de- 348

partments, encompassing internal medicine (e.g., 349

Cardiology, Gastroenterology) and surgery (e.g., 350

Hepatobiliary Surgery). A rigorous review proto- 351

col by three senior physicians (>5 years of expe- 352

rience) ensured that the standardized SOAP notes 353

and treatment plans strictly aligned with patients’ 354
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Model ClinicalBench RAPID-IPN

IDEA SOAP READ chrF++ IDEA SOAP READ chrF++

HuatuoGPT-o1-7B†‡ 46.54 ± 11.16 37.98 ± 14.11 68.66 ± 6.30 9.62 ± 1.98 41.89 ± 7.69 40.28 ± 12.96 68.58 ± 3.00 6.66 ± 1.23
Qwen3-8B-think† 43.18 ± 9.22 27.66 ± 10.69 66.74 ± 5.48 10.19 ± 2.11 39.93 ± 8.99 28.92 ± 13.42 66.14 ± 5.67 6.89 ± 1.73
Baichuan-M2-32B†‡ 38.02 ± 9.05 25.58 ± 10.63 64.00 ± 6.93 11.46 ± 2.45 39.40 ± 9.89 31.54 ± 12.25 65.42 ± 5.81 9.24 ± 2.73
Lingshu-32B†‡ 50.50 ± 10.62 39.76 ± 14.92 71.11 ± 5.98 11.53 ± 2.44 51.41 ± 10.66 47.89 ± 13.56 72.07 ± 3.94 8.62 ± 1.89
DeepSeek-V3.2† 50.51 ± 8.61 38.64 ± 12.57 71.73 ± 4.62 17.33 ± 2.62 54.35 ± 8.76 47.39 ± 10.95 72.14 ± 4.56 14.09 ± 2.69
DeepSeek-V3.2-Thinking† 46.73 ± 9.68 34.62 ± 12.71 69.53 ± 4.90 16.17 ± 2.80 49.37 ± 11.12 41.98 ± 13.42 70.72 ± 4.69 12.56 ± 2.92
GLM-4.6† 47.02 ± 8.96 34.70 ± 11.87 68.48 ± 5.00 16.73 ± 2.43 48.23 ± 11.47 40.44 ± 13.68 68.92 ± 5.43 13.31 ± 2.82
Kimi K2 Thinking† 54.05 ± 9.57 42.86 ± 12.70 70.76 ± 6.51 17.10 ± 2.89 55.26 ± 10.00 49.45 ± 10.79 70.55 ± 5.77 13.92 ± 2.60
MiniMax-M2† 57.78 ± 11.02 46.18 ± 12.46 73.87 ± 7.05 16.41 ± 2.90 63.01 ± 10.91 56.84 ± 10.52 79.74 ± 9.28 14.81 ± 3.43
GPT-4o⋆ 41.05 ± 9.73 29.38 ± 12.75 67.66 ± 5.20 10.83 ± 1.98 44.70 ± 9.80 34.79 ± 13.51 69.89 ± 3.66 10.84 ± 2.14
Gemini 2.5⋆ 48.35 ± 11.45 35.58 ± 15.63 70.10 ± 9.38 17.82 ± 3.34 49.89 ± 11.10 39.03 ± 15.49 71.25 ± 4.75 14.69 ± 3.14
Qwen3-Max⋆ 61.75 ± 9.56 53.40 ± 11.25 74.99 ± 4.57 17.73 ± 2.48 60.82 ± 7.83 57.84 ± 8.53 74.29 ± 4.19 14.66 ± 2.42
Doubao-Seed-1.6⋆ 51.51 ± 8.85 39.80 ± 11.20 69.03 ± 5.30 18.04 ± 2.72 51.11 ± 8.90 44.37 ± 9.95 68.35 ± 4.63 14.38 ± 2.61
ERNIE-5.0-Preview⋆ 47.09 ± 9.99 35.55 ± 11.93 67.19 ± 5.73 15.82 ± 2.69 45.05 ± 9.49 40.03 ± 11.59 67.03 ± 5.13 12.41 ± 2.67
CoT 64.72 ± 9.01 60.34 ± 7.09 76.94 ± 4.74 25.83 ± 2.97 65.61 ± 7.57 61.89 ± 7.54 78.57 ± 4.95 21.23 ± 3.55
ToT 66.53 ± 9.75 62.34 ± 6.64 78.46 ± 5.49 25.96 ± 3.14 67.58 ± 6.85 63.96 ± 6.17 79.86 ± 5.50 21.77 ± 3.13
MDAgents 68.41 ± 9.61 56.45 ± 8.53 78.81 ± 6.76 24.83 ± 2.53 66.58 ± 10.05 60.98 ± 8.92 79.95 ± 8.41 21.28 ± 2.73
MedAgents 59.85 ± 9.39 54.48 ± 7.95 72.00 ± 5.88 23.66 ± 2.33 61.51 ± 8.81 57.19 ± 7.42 74.30 ± 5.17 22.04 ± 2.33
Aegle (Ours) 72.78 ± 10.16 63.02 ± 5.57 77.55 ± 5.41 25.83 ± 2.55 71.52 ± 8.35 63.92 ± 4.73 79.93 ± 6.90 24.24 ± 2.44

Table 1: Documentation quality evaluation on ClinicalBench and RAPID-IPN. Models marked with † are open-
source, those with ‡ are medical-domain models, and those with ⋆ are proprietary models. Rows shaded in light
gray correspond to reasoning-strategy baselines, while rows shaded in light blue correspond to medical multi-agent
systems. Mean ± standard deviation is reported.

actual clinical trajectories, thereby guaranteeing355

real-world fidelity. Due to patient privacy regu-356

lations and institutional data governance policies,357

the RAPID-IPN dataset cannot be publicly released.358

All data were fully de-identified in accordance with359

local regulations prior to use, and the study proto-360

col was reviewed and approved by the hospital’s361

ethics committee.362

4.2 Experimental Setup363

Baselines and Evaluation Paradigm. To rig-364

orously benchmark our framework, we compare365

Aegle against general-purpose single-LLM base-366

lines and advanced reasoning strategies including367

CoT and ToT. We further adapt specialized medical368

multi-agent systems, specifically MDAgents (Kim369

et al., 2024) and MedAgents (Tang et al., 2024), to370

this interactive task using DeepSeek-V3.2 as the371

consistent backbone to isolate architectural benefits.372

All models are evaluated under an LLM-as-a-judge373

paradigm using gpt-4o-mini, with identical scoring374

prompts across all conditions to ensure fair and375

consistent comparison. We further conducted a376

small-scale human evaluation to validate the relia-377

bility of the LLM-as-a-judge paradigm; details are378

provided in the Appendix A.379

Evaluation Metrics. We adopt a multi-380

dimensional evaluation framework that assesses381

both the consultation process and the resulting382

clinical documentation. Specifically, documenta-383

tion quality is evaluated along clinical reasoning384

(IDEA), documentation standardization (SOAP), 385

readability (READ), and surface-level similarity 386

(chrF++). Consultation capability is assessed using 387

a consultation skills rubric covering inquiry skills 388

and humanistic care. Detailed introduction and 389

rubrics are provided in Appendix C. 390

4.3 Documentation Quality Evaluation 391

The documentation quality results in Table 1 reveal 392

a clear and consistent performance advantage for 393

Aegle across both benchmarks. This advantage ex- 394

tends beyond comparisons with single-model base- 395

lines and remains evident against strong reasoning- 396

strategy baselines (CoT and ToT) as well as exist- 397

ing medical multi-agent systems (MDAgents and 398

MedAgents). Notably, the gains are most pro- 399

nounced in metrics related to internal coherence 400

and evidential grounding, reflecting a shift from 401

surface-level summarization toward more struc- 402

tured clinical reasoning. 403

In single-model baselines, IPN often exhibit a fa- 404

miliar failure mode: fluent narratives that read well 405

locally but lack global alignment between history, 406

assessment, and plan. While CoT-style prompting 407

partially alleviates this issue by improving local rea- 408

soning consistency, it does not explicitly constrain 409

how evidence is accumulated and reused across 410

sections. Aegle mitigates this limitation by en- 411

forcing an explicit separation between case feature 412

accumulation and diagnostic synthesis. As a result, 413

diagnostic conclusions and management plans are 414

consistently traceable to previously documented 415

6



Model ClinicalBench RAPID-IPN

CA QT VER PJ SP AB Turns CA QT VER PJ SP AB Turns

HuatuoGPT-o1-7B†‡ 4.01 4.44 4.88 4.15 4.96 4.92 21.67 4.00 4.43 4.89 4.20 4.99 4.98 19.42
Qwen3-8B-think† 4.00 4.10 4.69 4.78 4.94 4.14 7.03 4.00 4.07 4.66 4.68 4.96 4.11 6.86
Baichuan-M2-32B†‡ 3.99 3.97 4.47 4.86 4.89 3.97 11.54 4.00 3.87 4.32 4.91 4.86 3.94 11.10
Lingshu-32B†‡ 4.00 4.52 4.91 4.34 4.98 4.91 8.03 4.00 4.48 4.88 4.30 4.99 4.92 7.36
DeepSeek-V3.2† 4.01 4.55 4.81 4.31 4.93 4.86 20.50 4.02 4.64 4.79 4.25 4.95 4.90 19.61
DeepSeek-V3.2-Thinking† 4.00 4.86 4.96 4.57 4.99 4.97 8.80 4.00 4.84 4.92 4.40 5.00 4.98 8.26
GLM-4.6† 4.00 4.65 4.97 4.79 5.00 4.98 8.21 4.00 4.60 4.94 4.64 5.00 4.98 8.10
Kimi K2 Thinking† 4.02 4.88 4.93 4.58 4.99 4.97 8.96 4.01 4.85 4.87 4.38 5.00 4.97 8.14
MiniMax-M2† 4.04 4.77 4.77 4.44 4.99 4.85 9.14 4.04 4.34 4.05 4.68 5.00 4.57 21.23
GPT-4o⋆ 4.00 4.74 4.93 4.91 5.00 4.56 4.60 4.00 4.88 4.94 4.84 5.00 4.49 3.84
Gemini 2.5⋆ 3.88 3.58 4.12 4.89 4.38 4.00 29.98 3.95 3.60 4.09 4.89 4.28 3.96 30.00
Qwen3-Max⋆ 4.01 4.90 4.96 4.38 5.00 4.96 6.42 4.01 4.84 4.97 4.34 5.00 4.96 5.41
Doubao-Seed-1.6⋆ 4.00 4.45 4.88 4.61 4.99 4.66 10.43 4.00 4.32 4.82 4.56 5.00 4.66 10.04
ERNIE-5.0-Preview⋆ 4.00 4.55 4.92 4.59 4.97 4.39 5.06 4.00 4.36 4.84 4.47 4.97 4.36 4.51
CoT 4.00 4.83 4.63 4.05 4.99 4.85 6.40 4.00 4.78 4.48 4.28 5.00 4.86 6.66
ToT 4.00 4.86 4.65 4.00 4.99 4.89 7.37 4.00 4.84 4.56 4.15 5.00 4.91 7.91
MDAgents 4.00 4.66 4.85 4.32 4.98 4.93 6.59 4.00 4.76 4.94 4.57 5.00 4.71 6.61
MedAgents 4.00 4.58 4.90 4.55 5.00 4.80 6.96 4.00 4.62 4.92 4.57 5.00 4.71 6.61
Aegle (Ours) 4.02 4.95 4.94 4.21 5.00 5.00 10.16 4.03 4.96 4.93 4.19 5.00 5.00 8.84

Table 2: Consultation Capability Evaluation Results on ClinicalBench and RAPID-IPN. Metrics: CA = Conversation
Arrangement; QT = Question Types; VER = Verifications; PJ = Professional Jargon; SP = Speech; AB = Amiable
Behavior; Turns = number of dialogue turns. Models marked with † are open-source, those with ‡ are medical-
domain models, and those with ⋆ are proprietary models. Rows shaded in light gray correspond to reasoning-strategy
baselines, while rows shaded in light blue correspond to medical multi-agent systems.

evidence, reducing omissions.416

On metrics such as READ and chrF++, Aegle is417

comparable to the strongest reasoning baselines418

on both datasets, suggesting that linguistic flu-419

ency has largely saturated among modern LLMs.420

Consequently, further gains in clinical documen-421

tation quality depend less on wording and more422

on how information is structured, prioritized, and423

constrained.424

4.4 Consultation Capability Evaluation425

The consultation capability results in Table 2 show426

that Aegle’s strengths are mainly reflected in how427

consultation information is elicited and validated,428

rather than in stylistic or expressive aspects of dia-429

logue. Across both benchmarks, Aegle consistently430

demonstrates a more directed questioning strategy,431

in which dialogue turns are organized around re-432

solving clinically relevant uncertainties.433

When compared with single-model baselines434

and reasoning-strategy baselines such as CoT and435

ToT, Aegle exhibits a more structured pattern436

of information verification. Its higher VER and437

QT scores indicate that follow-up questions are438

more frequently used to confirm or refine patient-439

provided information, instead of extending the con-440

versation through loosely related prompts. This441

pattern is characteristic of specialist-driven history442

taking, where each question serves a specific diag-443

nostic purpose. 444

Conversational style and humanistic expression 445

metrics remain close to their upper bounds for most 446

competitive models, which limits their discrimi- 447

native value. In terms of dialogue length, Aegle 448

occupies a middle range, avoiding both very short 449

interactions that may under-verify critical details 450

and excessively long exchanges that dilute diag- 451

nostic focus. By maintaining this balance while 452

achieving strong verification and question cover- 453

age, Aegle demonstrates a consultation behavior 454

that is both efficient and clinically grounded, which 455

is consistent across the two benchmarks. 456

4.5 Expert Activation Efficiency 457

Beyond output quality, the practicality of multi- 458

agent systems critically depends on the efficient 459

utilization of expert resources during reasoning. 460

Table 3 compares the average number of activated 461

specialists across MDT-style frameworks. 462

Model Architecture Experts per Case Experts per Round

MDAgents Static Multi-Agent 3.702 3.702
MedAgents Static Multi-Agent 4.968 4.968
Aegle (Ours) Dynamic Virtual MDT 2.416 1.423

Table 3: Comparison of specialist activation across dif-
ferent multi-agent frameworks. Architecture indicates
the underlying expert coordination scheme.

Static multi-agent baselines such as MDAgents 463
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Figure 4: Ablation study results on ClinicalBench and RAPID-IPN. (a) Performance Degradation: The score drop
of ablated variants compared to Aegle across five documentation quality metrics. Higher bars indicate a larger
contribution of that component to the model’s performance. (b) Dialogue Efficiency: Comparison of consultation
turns. Removing Generative Inquiry (w/o GI) or Structured State (w/o SS) leads to significantly longer and less
efficient dialogues. (c) Average Drop: The average performance degradation across all metrics, highlighting the
Structured State as the most critical component for overall quality.

and MedAgents activate a fixed set of experts at464

every dialogue turn, resulting in identical expert465

counts per case and per round. In contrast, Aegle466

employs a state-aware dynamic topology that acti-467

vates specialists on demand. This design substan-468

tially reduces redundant expert invocation, achiev-469

ing fewer activated experts per case and, more im-470

portantly, per round, without sacrificing diagnos-471

tic performance. The results highlight that Aegle472

improves not only clinical reasoning quality but473

also computational efficiency, which is essential474

for real-time outpatient deployment.475

4.6 Ablation Study476

To reveal the roles each component plays in Aegle,477

we conduct comprehensive ablation experiments478

and visualize the results in Figure 4.479

As shown in Figure 4(a) and (c), among all vari-480

ants, removing the structured clinical state leads to481

the most severe degradation across both datasets,482

particularly in IDEA and SOAP scores. This483

confirms that explicitly separating case features484

from diagnostic outputs is essential for maintain-485

ing evidence-grounded reasoning and standardized486

documentation.487

Eliminating generative inquiry produces a dif-488

ferent failure mode. In this setting, history taking489

follows a fixed template based on Bates’ Guide to490

Physical Examination and History Taking (Bick-491

ley and Szilagyi, 2012). While surface-level docu-492

mentation quality remains relatively high, reason-493

ing quality deteriorates and, as illustrated in Fig-494

ure 4(b), dialogue length increases dramatically.495

The sharp rise in dialogue turns indicates inefficient496

and unfocused information gathering, suggesting 497

that without context-aware questioning, the system 498

struggles to converge on a sufficiently informative 499

case representation. 500

By comparison, removing dynamic topology or 501

decoupled reasoning results in more moderate but 502

systematic performance drops (Figure 4(a)). With- 503

out dynamic specialist activation, the system loses 504

adaptability to case-specific ambiguity, while re- 505

moving decoupled reasoning reduces hypothesis 506

diversity and increases the risk of premature con- 507

vergence. Taken together, these results suggest 508

that Aegle’s performance gains do not arise from 509

any single mechanism, but from the coordinated 510

interaction of structured state representation, active 511

inquiry, adaptive expert selection, and independent 512

specialist reasoning. 513

5 Conclusion 514

In this paper, we presented Aegle, a virtualized 515

MDT framework that elevates the quality of outpa- 516

tient consultation by enabling synchronous, multi- 517

perspective reasoning within the intake workflow. 518

By enforcing a structural separation between evi- 519

dence acquisition and diagnostic synthesis within 520

a dynamic multi-agent topology, Aegle effectively 521

mitigates the cognitive biases and premature clo- 522

sure inherent in single-view models. Extensive 523

evaluations on ClinicalBench and RAPID-IPN 524

dataset demonstrate that Aegle consistently out- 525

performs state-of-the-art baselines in both docu- 526

mentation quality and consultation capability, es- 527

tablishing a robust and scalable paradigm for next- 528

generation clinical decision support systems. 529
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Limitations530

Despite its strong empirical performance, Aegle531

has several limitations that warrant careful consid-532

eration. First, the multi-agent paradigm inevitably533

introduces additional inference overhead. Dynamic534

routing, parallel specialist execution, and structured535

aggregation increase end-to-end latency compared536

with single-model generation, which may prolong537

user waiting time in real-time outpatient settings538

where responsiveness is critical. Second, maintain-539

ing a state-aware collaboration grounded in a con-540

tinuously evolving SOAP record leads to longer541

effective contexts. As the dialogue progresses,542

the accumulated structured state and intermediate543

agent outputs expand the context window, increas-544

ing token consumption and computational cost, and545

potentially constraining deployment under strict546

resource budgets. Third, while fully decoupled par-547

allel reasoning is central to preserving hypothesis548

diversity and mitigating premature convergence,549

it can also yield redundant or overlapping recom-550

mendations across specialists, particularly in cases551

with shared clinical priors or insufficiently differ-552

entiated task instructions. Such repetition not only553

wastes computation but may also complicate aggre-554

gation by diluting genuinely novel signals. Future555

work should therefore explore mechanisms that bet-556

ter balance cognitive bias mitigation and content557

redundancy, such as diversity-aware expert prompt-558

ing, redundancy-penalized aggregation, or adaptive559

expert selection strategies.560
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Figure 5: Correlation between LLM-as-a-judge scores and physician ratings on ClinicalBench and RAPID-IPN.
Each point represents one evaluated IPN instance (n = 150 per dataset). Pearson (r) and Spearman (ρ) correlation
coefficients are reported for IDEA, SOAP, and READ metrics.

A Analysis of the reliability of728

LLM-as-a-judge729

To assess the reliability of the LLM-as-a-judge eval-730

uation paradigm used throughout our experiments,731

we conducted a targeted human evaluation study732

and compared physician ratings with the scores733

produced by the judge model.734

For each dataset (ClinicalBench and RAPID-735

IPN), we randomly sampled 50 cases and se-736

lected three representative models for compari-737

son (DeepSeek-V3.2, GPT-4o, and Qwen3-Max),738

resulting in a total of 150 evaluated instances739

per dataset. Licensed physicians independently740

scored the generated IPNs using the same evalu-741

ation rubrics as those employed in the automatic742

assessment, covering IDEA, SOAP, and READ di-743

mensions.744

Figure 5 presents the correlation analysis745

between physician scores and LLM-as-a-judge746

scores.747

Across both datasets and all evaluated metrics,748

we observe statistically significant positive correla-749

tions. On ClinicalBench, Pearson correlation coef-750

ficients range from 0.664 (READ) to 0.862 (IDEA),751

with corresponding Spearman rank correlations752

ranging from 0.632 to 0.866. On RAPID-IPN, Pear- 753

son correlations range from 0.625 (READ) to 0.840 754

(IDEA), with Spearman correlations ranging from 755

0.595 to 0.853. All correlations are significant with 756

p < 10−4. 757

These results indicate that the LLM-as-a-judge 758

scores are broadly consistent with physician judg- 759

ments across different datasets and evaluation di- 760

mensions. While minor discrepancies remain, the 761

overall alignment supports the validity of using 762

LLM-based evaluation as a scalable proxy for large- 763

scale comparative experiments. 764

B Prompt Design 765

We present the prompt design for Standardized Pa- 766

tient, Orchestrator, Specialist, and Aggregator in 767

this section. 768
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Standardized Patient

You are a professionally trained standardized patient actor, simulating a realistic medical consultation 
with a physician.

Below is your complete case information:
<Case Information>
{case_infomation}
</Case Information>t

**Role-Playing Principles**

1. **Based on the information**: All of your responses must be strictly based on the case text above.
2. **No fabrication**: Do not imagine, extend, or invent any medical history or details that are not 
provided in the case. If the doctor asks about information that is completely absent from the materials, 
respond naturally with phrases such as “I’m not sure,” “I didn’t notice,” or “I don’t have that issue.”
3. **Non-professional stance**: You are an ordinary patient and should not provide medical explana-
tions, professional interpretations, or diagnostic suggestions.
4. **Natural expression**: Use conversational, natural, emotionally realistic first-person language 
(“I…”). Do not list information like a robot.

**Expression Requirements**

- Respond as a real patient speaking to a doctor, avoid mechanical answers, lists, or summaries.
- When describing experiences, symptoms, and feelings, focus on subjective experience (e.g., severi-
ty, duration, impact, emotions).
- If professional terms are involved (such as test results mentioned in the case), paraphrase them natu-
rally, or only read them out in detail when the doctor specifically asks for the report.

**Exceptions**

- For objective information such as test results, laboratory data, or imaging findings, you may report 
them truthfully according to the case when the doctor asks.
- If the doctor presses for specific details that do not exist in the case materials (e.g., exact numerical 
values or redacted information), clearly state that you cannot provide them.

You will now answer the doctor’s questions in the role of the patient.
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Orchestrator

You are a Medical MDT Orchestrator.

**Current phase: {current_phase_description}**

Phase goal: {phase_goal}

Your responsibilities:

1. **Efficient decision-making**: For simple confirmation questions, routine information gathering, 
or single-dimension follow-up inquiries, you should generate the question directly without activating 
specialist physicians.
2. For complex situations, dynamically dispatch specialist Agents (Specialists) and issue them instruc-
tions that **align with the current phase goal**.

**Decision logic**:

- **Simple cases**: When only specific numerical values need to be supplemented, past medical 
history needs to be confirmed, or simple details need to be clarified → **keep `active_specialists` 
empty** and place the question directly into `suggested_question`.
- **Complex cases**: When differential diagnosis, multi-system symptoms, or in-depth analysis is 
required → activate the relevant Specialists.

**Strictly output in the specified JSON format**
 **You do not make medical diagnoses; you are responsible only for coordination and orchestra-
tion.**

historytaking diagnostic_synthesis
current_phase_description:
Phase 1: History Taking
phase_goal:
Efficiently collect the patient’s case features, 
fill in information gaps, and clarify symptom 
details. Focus on documenting the patient’s 
actual clinical information: basic information, 
history of present illness, past medical history, 
physical examination, and ancillary tests. Note: 
this is an information-gathering and documen-
tation phase, not a phase for formulating inves-
tigation plans.

current_phase_description:
Phase 2: Diagnosis & Plan
phase_goal:
Based on the established case features, orga-
nize discussions among specialists to provide a 
preliminary diagnosis, differential diagnostic 
considerations, and a diagnostic and treatment 
plan.
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Specialist

You are a specialist physician focusing on the field of {spec_id}. As a member of a multidisciplinary 
team (MDT), your core responsibility is to assist in refining the case information and to provide 
precise diagnostic and treatment recommendations from the professional perspective of {spec_id}.

Tasks of the current phase:
 {phase_instructions}

Medical record documentation guidance:
 {soap_guidance}

Your workflow:

1. Analyze the input information and determine which SOAP field each piece of information should 
be written into.
2. Strictly output in the JSON format defined by `SpecialistOutput`, and in `draft_modifications` 
clearly specify the exact SOAP field to which each item of information belongs, for example:
   - “Write ‘chest pain for 2 hours’ into `history_of_present_illness`”
   - “Write ‘blood pressure 150/90 mmHg’ into `physical_examination`”
3. {next_question_instruction}

historytaking diagnostic_synthesis
phase_instructions:
 From the professional perspective of {spec_id}, 
carefully review the current case features. Focus 
on clinical information that is directly relevant 
to your specialty, including basic patient infor-
mation, history of present illness, past medical 
history, physical examination findings, and 
ancillary test results.
 If the existing information is not sufficient to 
fully and accurately document the patient’s 
condition, raise specific and concrete interview 
questions to supplement the missing details. If 
the available information is already adequate, 
clearly state that there are no additional ques-
tions.
 At this stage, your role is strictly limited to 
recording and refining clinical information; do 
not propose diagnostic tests or treatment plans.

next_question_instruction:
Fill in the questions that need to be raised in 
'suggested_questions' to advance the consulta-
tion. If there are no questions, you should state 
the end.

phase_instructions:
Based on the finalized case features, provide 
your professional opinion from the perspective 
of {spec_id}.
 In the suggestions_for_draft_revision section, 
structure your output strictly as follows:

- Preliminary diagnosis
- Diagnostic discussion (including diagnosis 
basis and differential diagnosis)
- Treatment plan, covering further investiga-
tions, pharmacologic therapy, non-pharmaco-
logic interventions, and follow-up require-
ments

next_question_instruction:
Fill in 'N/A' in the 'suggested_questions' field 
and no longer ask questions to the patient.

14



historytaking diagnostic_synthesis

soap_guidance:
Basic Information (basic_information):

- Patient demographics and chief complaint
- Includes: age, sex, occupation, visit date, main 
symptoms
- Keep it concise and focused on the main prob-
lem

History of Present Illness (history_of_pre-
sent_illness):

- Onset and course of the current illness
- Includes: how it started, symptom characteris-
tics, progression, prior evaluation and treat-
ment, and response
- Describe in chronological order with clear 
logic

Past Medical History (past_medical_history):

- Patient’s previous health history
- Includes: past diseases, surgeries, trauma, 
allergies, personal and family history
- Focus on information related to the current 
condition

Physical Examination (physical_examination):

- Objective findings from the physician’s exam-
ination
- Includes: vital signs and system-based exam 
findings
- Describe objectively; avoid subjective judg-
ments

Auxiliary Examination (auxiliary_examina-
tion):

- Laboratory and imaging results
- Includes: test values and examination dates
- Report objective data accurately

DIAGNOSIS & PLAN:

Preliminary Diagnosis (preliminary_diagnosis):

- List diagnoses line by line in standard clinical 
format
- Include major and relevant secondary diagno-
ses
- Order by importance or timeline

Diagnostic Discussion (diagnosis_discussion):

- Explain diagnostic reasoning and differential 
diagnosis
- Summarize key evidence: patient profile, 
symptoms, exam findings, and test results
- Clearly mention:
  - Risk factors or health problems (if unknown, 
state “unclear”)
  - Complications or related conditions
  - Treatment adherence
  - Available family or social support
- Do not invent tests or list unasked negative 
findings

Treatment Plan (treatment_plan):

1. Further evaluation:
   - Planned tests, purpose, and timing, with 
guideline-based rationale
   - If surgery is indicated, include indication and 
approach
2. Medications:
   - Drug classes with indications, contraindica-
tions, and monitoring points
   - Avoid specific dosages
3. Non-drug management:
   - Hydration goals, diet, lifestyle advice, pain 
management, and warning signs
4. Follow-up:
   - Follow-up timeframe, repeat tests, and visit 
format (in-person or remote)

soap_guidance:
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Aggregator

You are a recorder and decision-maker in a medical MDT.

**Current phase: {phase_name}**

As a professional physician, you must organize and document patient information strictly according 
to the standard SOAP format for the initial medical record:

{soap_guidance}

Your task:
{aggregator_task_description}

**Work requirements:**

1. **Information integration**: Carefully review the input from specialist physicians (if any). **If 
`specialist_outputs` is empty, extract information directly from the patient’s latest response and the 
coordinator’s suggestions, and update the SOAP record accordingly.**
2. **Empathy**: You are the doctor directly communicating with the patient; your tone should be 
warm, professional, and patient.
3. **Logical consistency**: Maintain a complete and coherent medical record. If the patient has 
clearly stated that certain information cannot be provided, document this truthfully and do not ask 
again.

**Strictly output in the specified JSON format**

historytaking diagnostic_synthesis
soap_guidance:
(the same as specialist)
aggregator_task_description:
Summarize the question suggestions from 
specialist physicians and ask the patient accord-
ingly.  
  When the patient mentions key symptoms, 
make sure to confirm them.  
  The patient is a layperson, so avoid overly 
technical or uncommon medical terms.  

soap_guidance:
(the same as specialist)
aggregator_task_description:
Integrate all specialist opinions to generate 
preliminary diagnosis, diagnostic discussion, 
and treatment plan.
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C Evaluation Metrics769

We adopt a multi-dimensional evaluation frame-770

work that assesses both the consultation process771

and the resulting clinical documentation. All772

models are evaluated under an LLM-as-a-judge773

paradigm using gpt-4o-mini. Identical scoring774

prompts and rubric definitions are applied across all775

settings to ensure consistency and fair comparison.776

Documentation Quality. We evaluate the qual-777

ity of generated SOAP notes from complementary778

perspectives covering clinical reasoning, documen-779

tation standardization, readability, and reference780

similarity. Specifically, we use the following met-781

rics.782

• IDEA Score (Baker et al., 2015). IDEA eval-783

uates the completeness and coherence of clini-784

cal reasoning by examining alignment among785

history taking, physical examination, diagno-786

sis and differential, and care planning. Higher787

scores require detailed and well-organized788

HPI, complete and diagnostically relevant789

physical examinations, diagnoses supported790

by objective evidence with clear reasoning791

and ranked differentials, and comprehensive,792

appropriate care plans. Internal inconsisten-793

cies across sections are explicitly penalized.794

The detailed rubric is provided in Table 4.795

• SOAP Score (Health Human Resources De-796

velopment Center, National Health Com-797

mission of China, 2024). SOAP Score mea-798

sures adherence to standardized SOAP docu-799

mentation practices. The rubric evaluates com-800

pleteness and accuracy within each section.801

The Subjective component emphasizes struc-802

tured problem descriptions, concise chief com-803

plaints, detailed symptom characterization,804

prior evaluations and treatments, and relevant805

medical, family, and social histories. The Ob-806

jective component focuses on complete phys-807

ical examinations and accurate reporting of808

laboratory and ancillary tests. The Assess-809

ment component rewards clear diagnoses jus-810

tified by clinical evidence, analysis of risk811

factors and comorbidities, and evaluation of812

adherence and family resources. The Plan813

component emphasizes guideline-consistent814

diagnostic and management plans, detailed815

treatment strategies, non-pharmacologic inter-816

ventions, and explicit follow-up requirements.817

Predefined deduction codes are used to anno- 818

tate common documentation errors for fine- 819

grained analysis. The detailed rubric and de- 820

duction codes are shown in Tables 5 and 6. 821

• READ Score (Wang et al., 2024). READ 822

Score assesses presentation quality and clini- 823

cal usability, focusing on structural complete- 824

ness, logical coherence, terminology accuracy, 825

information redundancy, and salience of key 826

findings. It reflects how easily a note can be 827

read, understood, and safely used in practice. 828

The detailed rubric is presented in Table 7. 829

• chrF++. chrF++ measures surface-level sim- 830

ilarity between generated notes and gold- 831

standard documentation using character n- 832

gram overlap, providing a complementary lex- 833

ical similarity signal. 834

Consultation Capability. We operationalize con- 835

sultation capability using the standardized patient 836

(SP) consultation skills grading and scoring crite- 837

ria from (Wang et al., 2025). The rubric adopts a 838

five-tier scale (5 = best) and covers two domains: 839

inquiry skills and humanistic care. For inquiry 840

skills, we score (i) conversation arrangement, fo- 841

cusing on whether the consultation has a clear open- 842

ing, structured middle, and explicit closing with an 843

orderly question flow; (ii) question types, empha- 844

sizing appropriate and balanced use of open-ended 845

and closed-ended questions while avoiding sequen- 846

tial leading questions; (iii) verifications, assessing 847

whether the clinician adequately verifies key infor- 848

mation and cross-checks details through follow-up 849

and reference; and (iv) professional jargon, reward- 850

ing clear patient-friendly explanations with mini- 851

mal unnecessary medical terminology. For human- 852

istic care, we score (v) speech, evaluating whether 853

tone and pace are comfortable and appropriate, and 854

(vi) amiable behavior, assessing whether the clin- 855

ician provides empathetic responses and comfort 856

when appropriate. We score each item by matching 857

dialogue behaviors to tier descriptors, then aggre- 858

gate item scores into an overall consultation capa- 859

bility score. 860
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Sec. Item Definition Max 0 1 2 3 4

1. Present Illness & Comprehensive History

1 1.1 Detailed HPI Complaint: location,
quality, severity, duration,
onset, radiation,
aggravating/relieving
factors.

4 Incorrect/illogical;
key elements
missing

Some elements
present

Most elements
present

All elements present Concise, organized,
diagnostically
salient

1 1.2 Prior Dx/Tx
Course

Prior
evaluations/treatments:
time, location, tests, meds,
interventions; full if first
visit.

4 Incorrect/illogical
description

Some elements
present

Most elements
present

All elements present Concise, structured,
informative

1 1.3 Descriptive HPI
Language

Medical descriptors (e.g.,
acute/chronic, sharp/dull,
constant/intermittent).

3 Inappropriate/none Minimal but
appropriate

Frequent,
appropriate

Consistent, accurate,
concise

–

1 1.4 Chronological
Organization

Temporal ordering and
coherent illness narrative.

3 Temporal
contradictions

Disorganized
timeline

Mostly coherent;
minor gaps

Clear and consistent
chronology

–

1 1.5 Contextualized
HPI

Integrates relevant PMH,
family/social history, and
associated symptoms.

4 No/incorrect
integration

Partial integration Comprehensive
integration

Clear, accurate,
concise

Key info prioritized

1 1.6 Comprehensive
History

PMH, family history,
social history, review of
systems.

3 Major
errors/omissions

Significant missing
content

Mostly complete Thorough and
complete

–

1 1.7 Calibration Internal consistency
across the note.

– Deduction: -2 points per internal inconsistency.

2. Physical Examination

2 2.1 Complete
Physical Exam

Comprehensive
documentation of physical
examination.

4 Errors/not addressed Major components
missing

Mostly complete;
minor omissions

Complete exam Well-organized;
professional terms

2 2.2 Key Physical
Findings

Highlights diagnostically
relevant positive/negative
findings.

3 Missing/incorrect
emphasis

Partial emphasis Comprehensive
emphasis

Prioritized by
relevance

–

3. Diagnosis & Differential

3 3.1 Diagnostic
Completeness

Primary, secondary, and
additional diagnoses.

4 Primary
missing/incorrect

Primary only Primary + some
secondary

Primary + all
secondary

Includes additional
diagnoses

3 3.2 Objective
Evidence

Evidence from history,
exam, and investigations.

4 Missing/incorrect
evidence

One domain Two domains All relevant
domains

Also supports other
dx

3 3.3 Diagnostic
Reasoning

Reasoning for primary
diagnosis.

3 None/incorrect Basic, partial
explanation

Rigorous
explanation

Links features to
presentation

–

3 3.4 Explanatory
Summary

Links diagnoses, risks,
and complications.

3 None/incorrect Partial analysis All associations
discussed

Clear, logical
synthesis

–

3 3.5 Differentials ≥ 3 relevant differentials
ranked by likelihood.

3 Irrelevant < 3 or missing key
alts

All key alts included Ordered by
likelihood

–

3 3.6 Differential
Reasoning

Inclusion/exclusion
rationale; confounders.

3 None/incorrect Exclusion only Adequate exclusion
only

Inclusion +
exclusion;
confounders

–

3 3.7 Overall
Impression

Professionalism, clarity,
logical rigor.

4 Poor professional-
ism/logic

Adequate
professionalism

Clear and consistent Strong professional
quality

Concise, polished,
structured

4. Plan

4 4.1 Plan
Completeness

Investigations, treatment,
lifestyle, follow-up.

4 Missing/incorrect Single aspect Multi-dimensional Dynamic assess-
ment/prognosis

Concise, rigorous

4 4.2 Plan
Appropriateness

Evidence/reasoning
supports key decisions.

3 Inappropriate/incorrectVague/unsupported Generally
appropriate

Clear; strong
evidence

–

5. Overall Competency

5 5.1 Presentation
Skill

Quality of written
presentation.

3 – Basic: partial Good: most Excellent: nearly all –

5 5.2 Reasoning Skill Quality of diagnostic
reasoning.

3 – Basic reasoning Relevant
comparison

Comprehensive,
rigorous

–

5 5.3 Decision Skill Quality of decisions in the
plan.

3 – List actions only Partial reasoning Evidence-based;
patient-centered

–

Table 4: IDEA scoring rubric for clinical note evaluation.
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Item Max Rubric

S: Subjective

S-1. Format 5 Each major health problem is described separately with clear categorization (e.g., somatic vs. psychological). Fully
described problems score 5. If categories are mostly clear but some descriptions are brief, deduct 2–3. If key visit
information or diagnostic/treatment details are omitted, categories are confused, or descriptions are fragmented, deduct
4–5.

S-2.1 Chief complaint 2 Concise and accurate summary of the primary discomfort and duration (2). If it is generally clear but not concise, or
the duration is vague, deduct 1. If unclear or fails to reflect the main problem, score 0.

S-2.2 Symptoms and clinical
course

5 Detailed symptom characteristics (location, quality, severity), frequency, aggravating/relieving factors, and illness
trajectory (5). If key information is partially missing, deduct 2–3. If only symptoms are briefly mentioned without
describing progression, score 0–2.

S-2.3 Prior evaluation and
treatment

3 Prior care is documented, including facility, tests (name/time), diagnoses, medications (name/dose/duration), and
response (3). If brief, deduct 1–2. If absent, score 0.

S-2.4 Relevant medical history 3 Comprehensive and accurate past history, including prior diseases, surgeries/trauma, and allergies (3). If 1–2 important
elements are missing, deduct 1–2. If largely absent, score 0.

S-2.5 Family history 2 Clear documentation of heritable diseases in family members (2). If the key hereditary history is missing, deduct 1. If
absent, score 0.

S-2.6 Lifestyle, psychological,
and social factors

5 Comprehensive description of diet, sleep, exercise, smoking/alcohol use, mental status, work stress, family
relationships, and financial situation (5). If 1–2 key elements are missing, deduct 2–3. If only briefly listed, score 0–2.

O: Objective

O-1. Physical examination 8 Vital signs and system examinations are accurately and completely documented; abnormal findings are described in
detail (8). If 1–2 items are missing or inaccurate, deduct 2–4. If largely missing or incorrect, score 0–3.

O-2. Laboratory and ancillary
tests

5 Test items, timing, and results (values or abnormal flags) are complete and accurate (5). If 1–2 results are missing or
incorrectly transcribed, deduct 2–3. If absent or disorganized, score 0–2.

O-3. Psychological tests/other
assessments

2 If performed, psychological tests are documented with name and results (score/conclusion) (2). If incomplete, deduct 1.
If not performed or not documented, score 0.

A: Assessment

A-1. Preliminary diagnoses 4 Primary diagnosis and comorbid/secondary diagnoses are clear and complete (4). Primary diagnosis correct (2). Some
secondary diagnoses are missing (1). Secondary diagnoses complete (1).

A-2.1 Diagnostic evidence 4 Diagnoses are justified using symptoms, signs, and test results with standard terminology (4). If evidence is insufficient
or terminology is non-standard, deduct 1–2. If the diagnosis is incorrect or unsupported, score 0–1.

A-2.2 Risk factors and health
problems

10 Disease-related risk factors and other potential health problems are comprehensively identified and their relationships
analyzed (10). If 1–2 items are missing or the analysis is weak, deduct 3–5. If only listed without analysis, score 0–4.

A-2.3 Complications and
comorbidities

4 Existing or potential complications and comorbidities are accurately identified and interactions analyzed (4). If
important conditions are missed, deduct 2. If not analyzed, score 0–2.

A-2.4 Adherence/compliance 2 Treatment adherence is assessed based on clinical course with reasonable analysis (2). If brief, deduct 1. If incorrect or
absent, score 0.

A-2.5 Family resources 1 Available family support resources (human, financial, informational) are clearly described (1). If vague, deduct 0.5. If
absent, score 0.

P: Plan

P-1. Further diagnostic and
management plan

6 Guideline-consistent plans specify required tests, follow-up timing, and necessary consultations (6). If 1–2 key
elements are missing or timing is unclear, deduct 2–3. If disorganized or generic, score 0–3.

P-2.1 Treatment plan
(medications/surgery)

10 Medication or surgical plans match diagnoses, with complete details and cited guideline sources and evidence levels
(10). If key information is missing, deduct 3–5. If unreasonable or largely missing, score 0–4.

P-2.2 Non-pharmacologic
treatment

15 Behavioral, dietary, and exercise interventions are specific and feasible, with precautions and cited evidence (15). If
overly general, deduct 5–8. If empty or vague, score 0–6.

P-3. Follow-up requirements 4 Follow-up timing and content (re-evaluation items and assessment focus) are clearly specified (4). If either timing or
content is missing, deduct 2. If absent, score 0.

Table 5: SOAP scoring rubric for clinical note evaluation.
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Code Meaning Code Meaning

A1 Misuse of terminology A2 Vague expression
B1 Missing important positive findings B2 Redundant minor positive findings
C1 Negative stated as positive C2 Positive stated as negative
C3 Missing important negative findings D1 Irrelevant information
E1 Missing time information E2 Vague time information
F1 Incorrect order/sequence F2 Incorrect time value
G1 Incomplete citation of external records G2 Incorrect paraphrase of external records
G3 Non-standard citation format H Compound error
I Logical inconsistency/disorder J Redundant/verbose expression

Table 6: Deduction codes used for error annotation.

Item 1 2 3 4 5

1. Structural
completeness

Severe omission of core
modules (e.g., no HPI,
PMH, or physical exam);
structure is chaotic, and the
basic framework is
unrecognizable.

Incomplete core modules
(e.g., missing treatment or
family history); module
order reversed, impairing
information retrieval.

Major core modules present
(HPI, PMH, physical exam),
but minor modules missing
(e.g., allergy history); order
mostly reasonable.

Core modules complete and
in standard order;
occasional minor omissions
that do not affect
understanding.

All modules complete
(including auxiliary ones
such as personal and
reproductive history);
strictly follows standard
order with clear structure.

2. Logical coherence No clear timeline or causal
relationships; symptom
sequence is contradictory,
and disease course cannot
be reconstructed.

Timeline is vague;
symptom evolution contains
clear contradictions.

Timeline mostly complete,
but relationships between
some symptoms are unclear,
with occasional logical
gaps.

Clear timeline with explicit
causal links between
symptoms and
management; only minor
logical issues.

Strict adherence to onset -
progression - management -
outcome logic with precise
timestamps and rigorous
causal descriptions.

3. Terminology accuracy Frequent misuse of medical
terms or self-created
abbreviations renders core
information uninterpretable.

Multiple terminology errors
or non-standard
abbreviations without
clarification, requiring
repeated inference.

Occasional imprecise terms
or abbreviations that
generally follow
conventions but need
clarification.

Accurate and standardized
terminology; all
abbreviations are
commonly accepted and
unambiguous.

Highly precise,
condition-specific
terminology with clearly
defined abbreviations and
professional expression.

4. Information
redundancy

Large amounts of irrelevant
information obscure core
content; excessive verbosity
overwhelms key findings.

Substantial redundancy or
irrelevant content;
non-essential information
exceeds 20% of the note.

Occasional redundancy or
repetition; irrelevant
information below 10% and
does not impair extraction.

Concise information with
no irrelevant content; only
minor expressions could be
further streamlined.

Highly distilled information
with prominent key content
and no redundancy or
repetition.

5. Information sufficiency Key information is buried
among secondary content
and not emphasized,
making it easy to miss.

Some key findings are
insufficiently highlighted
and require careful
searching to identify.

Most key information is
reasonably placed but not
emphasized through
formatting or structure.

Key information (e.g.,
diagnostic evidence or
critical values) is clearly
highlighted and easy to
identify.

All critical information is
prominently presented
through emphasis,
prioritization, or separate
sections for immediate
recognition.

Table 7: Readability rubric for clinical note evaluation.
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Item Tier Rubric (English)

Inquiry skills

Conversation arrangement 5 The beginning, middle, and end of the consultation are clear and precise, with questions asked in an orderly manner.
4 Between 5-point and 3-point.
3 Most of the consultation is conducted in an orderly fashion, but the beginning and ending are not clearly defined.
2 Between 3-point and 1-point.
1 The consultation lacks coherence and organization.

Question types 5 Reasonable use of open-ended or closed-ended questions.
4 Between 5-point and 3-point.
3 No open-ended questions, directly asking with closed-ended questions.
2 Between 3-point and 1-point.
1 Frequently uses sequential and leading questions.

Verifications 5 Conduct a comprehensive and thorough verification and reference.
4 Between 5-point and 3-point.
3 The verification and reference are incomplete and not sufficient.
2 Between 3-point and 1-point.
1 Did not conduct verification and reference.

Professional jargon 5 The explanation is clear and easy to understand, not using complicated medical terminology.
4 Between 5-point and 3-point.
3 The explanation is understandable, with minimal use of complex medical terminology.
2 Between 3-point and 1-point.
1 Frequently uses complicate medical terminology.

Humanistic care

Speech 5 Appropriate speech speed and tone.
4 Between 5-point and 3-point.
3 The speech speed and tone are mildly uncomfortable.
2 Between 3-point and 1-point.
1 The speech speed and tone are noticeably uncomfortable.

Amiable behavior 5 Appropriate response and comfort.
4 Between 5-point and 3-point.
3 Provides responses and comfort.
2 Between 3-point and 1-point.
1 No response or comfort.

Table 8: Standardized patient consultation skills grading and scoring criteria.
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D Analysis861

D.1 Department-wise Performance Analysis862

Figure 6 presents a fine-grained, department-wise863

comparison of documentation quality across 24864

clinical specialties on ClinicalBench, evaluated us-865

ing IDEA and SOAP metrics. This analysis reveals866

that Aegle’s performance gains are not confined to867

a small subset of domains, but instead generalize868

consistently across all departments.869

On the IDEA metric, which emphasizes870

evidence-grounded clinical reasoning and diag-871

nostic coherence, Aegle outperforms MDAgents872

and MedAgents in the vast majority of depart-873

ments. The advantage is particularly pronounced874

in cognitively complex or high-ambiguity settings875

such as gastroenterology, neurology, cardiology,876

endocrinology, and hepatobiliary surgery. These877

departments typically involve heterogeneous symp-878

tom presentations and overlapping differential diag-879

noses, where single-perspective reasoning is espe-880

cially vulnerable to anchoring bias. The consistent881

IDEA improvements suggest that Aegle’s decou-882

pled parallel specialist reasoning and evidence-first883

state design effectively enhance hypothesis cover-884

age and diagnostic traceability under such complex-885

ity.886

In surgical departments (e.g., thoracic surgery,887

vascular surgery, neurosurgery, and gastrointesti-888

nal surgery), Aegle also demonstrates stable gains,889

despite these domains being traditionally more890

procedure-driven and less conversational. This indi-891

cates that the framework does not merely improve892

dialogue fluency, but meaningfully strengthens the893

structured capture of perioperative history, risk fac-894

tors, and decision rationales. Notably, the confi-895

dence intervals of Aegle are generally narrower896

than those of baseline multi-agent systems, sug-897

gesting reduced variance and more stable behavior898

across cases within the same department.899

The SOAP results exhibit a similar but slightly900

more conservative trend. While baseline multi-901

agent systems already perform competitively in902

highly standardized departments (e.g., pediatrics,903

obstetrics, and hematology), Aegle still achieves ei-904

ther the highest or statistically comparable scores in905

most cases. The gains are especially evident in de-906

partments where documentation structure is more907

heterogeneous, such as otolaryngology, urology,908

and respiratory medicine. This pattern indicates909

that Aegle’s explicit separation between case fea-910

tures and diagnostic outputs contributes to more911

consistent adherence to SOAP conventions when 912

documentation norms are less rigid. 913

Across both metrics, there is no department in 914

which Aegle exhibits systematic degradation rela- 915

tive to other multi-agent baselines. Instead, the im- 916

provements scale with clinical complexity: depart- 917

ments with broader diagnostic spaces and higher 918

information entropy tend to benefit more from vir- 919

tualized MDT-style collaboration. This observation 920

aligns with the design motivation of Aegle, namely 921

to mitigate single-view cognitive bias by distribut- 922

ing reasoning across independent specialists while 923

maintaining a shared, structured clinical state. 924

Overall, the department-wise analysis substanti- 925

ates that Aegle’s advantages are robust, generaliz- 926

able, and clinically meaningful, rather than being 927

driven by a small number of favorable scenarios. 928

It further supports the claim that structured state- 929

aware multi-agent collaboration is particularly ef- 930

fective for complex, multi-system clinical intake 931

tasks. 932

D.2 Case Study: High-Risk Prostate Cancer 933

To qualitatively demonstrate the advantages of Ae- 934

gle’s virtual MDT framework, we analyze a com- 935

plex real-world case from the RAPID-IPN dataset 936

involving a 73-year-old male presenting with pro- 937

gressive lower urinary tract symptoms (LUTS) and 938

a PSA level > 155 ng/mL (Fig 7 and Fig. 8). This 939

case requires integrating urological history, oncol- 940

ogy pathology, and imaging evidence to formulate 941

a high-risk management plan. 942

Precision in Evidence Acquisition. As illus- 943

trated in Table 9, the primary challenge in this case 944

was not the diagnosis of prostate cancer, which had 945

already been confirmed by biopsy, but the accu- 946

rate characterization of risk stratification and the 947

severity of urinary obstruction. Reasoning-strategy 948

baselines (CoT and ToT) captured high-level symp- 949

toms but failed to record granular metrics required 950

for surgical planning. Specifically, both CoT and 951

ToT omitted the quantitative International Prostate 952

Symptom Score (IPSS) and the exact blood pres- 953

sure measurement documented during the physical 954

examination. In contrast, Aegle’s dynamic topol- 955

ogy activated a specialized Urologist Agent during 956

the inquiry phase (Stage I). Whereas MDAgents 957

failed to capture the critical urinary retention met- 958

ric that determines the urgency of decompression, 959

Aegle successfully incorporated this information 960

into the Objective section of the IPN. 961
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Figure 6: Department-wise documentation quality comparison on ClinicalBench. IDEA (left) and SOAP (right)
scores with 95% confidence intervals are reported across 24 clinical departments. Aegle is compared with represen-
tative medical multi-agent baselines (MDAgents and MedAgents). Higher scores indicate better clinical reasoning
quality (IDEA) and documentation standardization (SOAP).

Handling Diagnostic Ambiguity. The pathol-962

ogy report described multifocal adenocarcinoma963

with heterogeneous Gleason scores across biopsy964

cores. Standard baselines generally summarized965

these findings as “Prostate Cancer” without further966

differentiation. MedAgents and Aegle were the967

only models that retained core-level involvement968

percentages ranging from 20 to 70%. Importantly,969

Aegle extended beyond data retention in the As-970

sessment section by synthesizing these findings to971

correctly classify the patient as high risk accord-972

ing to EAU guidelines. This clinically meaningful973

distinction was not captured by the generic summa-974

rization produced by CoT.975

Plan Coherence. The improved evidence ground- 976

ing directly translated into a higher-quality treat- 977

ment plan. Because Aegle explicitly encoded the 978

markedly elevated PSA level (> 155) and the Glea- 979

son score of 8 within the clinical state F , the Oncol- 980

ogist Agent in Stage II generated a comprehensive 981

staging strategy. This plan included a whole-body 982

bone scan and pelvic MRI to exclude metastatic 983

disease prior to scheduling radical prostatectomy. 984

This case demonstrates how Aegle’s decoupled rea- 985

soning framework preserves low-salience yet high- 986

impact clinical details, ensuring that the final IPN 987

satisfies the standards required for specialist refer- 988

ral. 989
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Case in RAPID-IPN (Urology + Oncology)

## Case Features

1. **Patient profile:**
    Male, 73 years old, admitted due to “difficulty in urination for half a year and a confirmed diagnosis of prostate cancer for 2 months.”

2. **History of present illness:**
    The patient began experiencing progressive difficulty in urination half a year ago, accompanied by urinary frequency and nocturia 3–4 times per night. Two 
months ago, he was hospitalized at XX Municipal Central Hospital for **acute urinary retention**. Laboratory testing revealed a PSA level greater than 155 
µg/L. A prostate biopsy was performed, and pathology confirmed **prostate cancer**. Recently, the patient developed hematuria characterized by light red 
urine, beginning 5–6 days ago, occurring occasionally 1–2 times per day, without blood clots. He has also experienced fatigue for several months, with no 
significant impact on daily activities. He is now admitted for further evaluation and treatment with a provisional diagnosis of “prostate cancer.”

3. **Past medical history:**
   3.1 **Chronic diseases:**
    History of gout for over 30 years and hypertension for more than 20 years, currently well controlled with oral medications.
   3.2 **Surgical, trauma, and transfusion history:**
    History of open appendectomy more than 30 years ago. Denies other surgeries or blood transfusions.
   3.3 **Marital, reproductive, and family history:**
    Married at age 26, with one son and one daughter. Family members are generally healthy.
   3.4 **Smoking, alcohol, and substance use history:**
    Denies smoking, alcohol consumption, and use of addictive substances.
   3.5 **Vaccination history:**
    No vaccinations received within the past year.
   3.6 **Allergy history:**
    Denies any known drug or food allergies.
   3.7 **Personal and occupational history:**
    Long-term resident of XX City, Zhejiang Province. Retired company employee. Denies exposure to toxic chemicals or radiation. Denies residence in epidemic 
areas.

4. **Physical examination:**
    Conscious and alert, in fair general condition. Pain score: 0.
    Respiratory rate: 18 breaths/min;
    Oral temperature: 36.7°C;
    Pulse: 69 beats/min;
    Blood pressure: 131/71 mmHg.
    No cyanosis of the lips. No palpable superficial lymphadenopathy. Cardiac and pulmonary auscultation revealed no significant abnormalities. Abdomen soft, 
without tenderness or rebound tenderness; no palpable abdominal masses. No costovertebral angle tenderness bilaterally. No tenderness along the ureters. No 
palpable bladder distension above the pubic symphysis.
    **Digital rectal examination:** Enlarged prostate with a shallow central sulcus; no distinct nodules palpated. No blood noted on the examining glove.

5. **Auxiliary examinations:**

   - **Haining Central Hospital (2017-11-11):**
      Urinary system ultrasound showed mild bilateral hydronephrosis, prostatic hyperplasia, and post-void residual urine volume of approximately 300 mL.
   - **Tumor markers (2017-11-12):**
      Total PSA >155.00 µg/L; free PSA 8.87 µg/L.
   - **Prostate biopsy pathology (2017-11-24):**
     1. *Left inner prostate:* 3 cores obtained; prostate cancer identified in 2 cores; Gleason score 4+3=7; tumor involvement 30%.
     2. *Left outer prostate:* 3 cores obtained; prostate cancer in all 3 cores; Gleason score 4+4=8; tumor involvement 50%.
     3. *Right inner prostate:* 3 cores obtained; prostate cancer in all 3 cores; Gleason score 4+3=7; tumor involvement 20%.
     4. *Right outer prostate:* 3 cores obtained; prostate cancer in all 3 cores; Gleason score 5+3=8; tumor involvement 60%.
     5. *Suspicious area of left outer prostate:* 3 cores obtained; prostate cancer in 2 cores; Gleason score 5+3=8; tumor involvement 70%.

------

## Preliminary Diagnosis

1. Prostate cancer
2. Hypertension
3. Gout
4. Status post appendectomy

------

## Diagnostic Discussion

### Diagnostic Basis

The patient is a 72-year-old male admitted due to “difficulty in urination for half a year and a confirmed diagnosis of prostate cancer for 2 months.” He 
developed progressive urinary obstruction with urinary frequency and nocturia half a year ago, consistent with symptoms associated with prostate cancer. Two 
months prior, he presented with acute urinary retention, and external hospital testing revealed a markedly elevated PSA level (>155 µg/L). Prostate biopsy 
confirmed prostate cancer with Gleason scores ranging from 7 to 8 and tumor involvement of 20%–70%. Recently, hematuria has developed. Digital rectal 
examination revealed an enlarged prostate with a shallow central sulcus. Urinary ultrasound demonstrated mild bilateral hydronephrosis and a residual urine 
volume of 300 mL. These findings strongly support the diagnosis of prostate cancer.

Figure 7: The IPN of a 73-year-old male patient suffering from prostate cancer.
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Case in RAPID-IPN (Urology + Oncology)

Regarding risk factors and health issues, advanced age (72 years) is a major risk factor for prostate cancer. The patient also has comorbid hypertension and gout. 
In terms of complications, mild bilateral hydronephrosis suggests the presence of obstructive uropathy. The patient demonstrates good treatment compliance, 
seeks medical care promptly, and is receptive to therapeutic plans. In terms of family and social resources, he is a retired employee with stable financial support 
and medical insurance, ensuring good access to medical care.

------

### Differential Diagnosis

1. **Benign prostatic hyperplasia (BPH):**
    The patient presents with urinary obstruction, frequency, and nocturia, and digital rectal examination shows prostate enlargement, which may resemble BPH. 
However, the markedly elevated PSA and biopsy-confirmed malignancy exclude isolated BPH.
2. **Urinary tract infection:**
    May cause urinary symptoms and hematuria; however, the patient has no fever or dysuria, and the significantly elevated PSA favors malignancy.
3. **Bladder tumor:**
    Can present with hematuria and urinary obstruction, but prostate biopsy has already confirmed prostate cancer, and there is no current evidence of bladder 
mass lesions.
4. **Neurogenic bladder:**
    Can result in urinary retention and increased residual urine volume, but the patient has no history of neurologic disease and normal anal sphincter tone.
5. **Urethral stricture:**
    May cause urinary obstruction, but in an elderly male with markedly elevated PSA, prostate cancer is more consistent with the clinical picture.

------

## Treatment Plan

### Further diagnostic evaluation

According to EAU guidelines, the patient has high-risk prostate cancer (Gleason score 7–8, PSA >155 µg/L). Comprehensive staging examinations are required, 
including:

- Pelvic MRI to assess local tumor invasion and pelvic lymph node involvement
- Whole-body bone scan to evaluate for bone metastases
- Chest CT to assess for pulmonary metastases
- Abdominal CT to evaluate for liver metastases and lymph node involvement

The patient meets surgical indications. **Radical prostatectomy** is considered for localized or locally advanced prostate cancer, including removal of the 
prostate and seminal vesicles with pelvic lymph node dissection.

### Pharmacologic treatment

Androgen deprivation therapy (ADT) may be considered as neoadjuvant or adjuvant therapy for high-risk prostate cancer to reduce tumor volume and surgical 
difficulty. Liver function, lipid profile, and bone mineral density should be monitored. Optional agents include gonadotropin-releasing hormone (GnRH) 
agonists or antagonists.

### Non-pharmacologic interventions and health education

Daily fluid intake is recommended at 2,000–2,500 mL, adjusted based on renal function. Given the patient’s gout and hypertension, a low-fat diet is advised, 
with restricted red meat intake and controlled purine consumption. Moderate physical activity is encouraged to maintain a healthy body weight. The patient 
should receive education on pain self-management and be instructed to seek immediate medical attention if severe bone pain, complete urinary obstruction, or 
fever occurs.

### Follow-up

The first postoperative follow-up is recommended 1–2 weeks after surgery, followed by regular follow-up every 3–6 months. Follow-up evaluations should 
include PSA levels, liver and renal function tests, and complete blood counts. Given the patient’s good compliance and adequate family support, in-person 
follow-up is preferred, with telemedicine consultations as needed.

Figure 8: The IPN of a 73-year-old male patient suffering from prostate cancer (continued).
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Key Clinical Evidence Aegle CoT ToT MDAgents MedAgents

Age: 73-year-old male ✓ ✓ ✓ ✓ ✓
Progressive LUTS (weak stream, hesitancy, intermittency, straining, dribbling) ✓ ✓ ✓ ✓ ✓
Nocturia 3–4 times/night ✓ ✓ ✓ ✓ ✓
Intermittent painless light-red hematuria (1–2×/day, no clots) ✓ ✓ ✓ ✓ ✓
Acute urinary retention 2 months ago (catheterized) ✓ ✓ ✓ ✓ ✓
PSA >155 ng/mL ✓ ✓ ✓ ✓ ✓
Prostate biopsy: adenocarcinoma, Gleason 7–8, multifocal, 20–70% involvement ✓ △ △ △ ✓
Urinary ultrasound: bilateral mild hydronephrosis ✓ ✓ ✓ ✓ ✓
Post-void residual ≈300 mL ✓ ✓ ✓ × ✓
No CT / MRI / bone scan performed yet ✓ ✓ ✓ △ ✓
Renal function & baseline labs not yet available ✓ ✓ △ ✓ ✓
Blood pressure from original exam ✓ × ✓ ✓ △
IPSS score mentioned ✓ × × × ×

Table 9: Coverage of key clinical evidence across different reasoning frameworks. ✓ = explicitly documented; △ =
partially mentioned or ambiguous; × = missing;
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