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Abstract001

Medical care follows complex clinical path-002
ways that extend beyond isolated physician-003
patient encounters, emphasizing decision-004
making and transitions between different stages.005
Current benchmarks focusing on static exams006
or isolated dialogues inadequately evaluate007
large language models (LLMs) in dynamic clin-008
ical scenarios. We introduce CP-Env, a control-009
lable agentic hospital environment designed to010
evaluate LLMs across end-to-end clinical path-011
ways. CP-Env simulates a hospital ecosystem012
with patient and physician agents, construct-013
ing scenarios ranging from triage and specialist014
consultation to diagnostic testing and multidis-015
ciplinary team meetings for agent interaction.016
Following real hospital adaptive flow of health-017
care, it enables branching, long-horizon task018
execution. We propose a three-tiered evalua-019
tion framework encompassing Clinical Efficacy,020
Process Competency, and Professional Ethics.021
Results reveal that most models struggle with022
pathway complexity, exhibiting hallucinations023
and losing critical diagnostic details. Interest-024
ingly, excessive reasoning steps can sometimes025
prove counterproductive, while top models tend026
to exhibit reduced tool dependency through in-027
ternalized knowledge. CP-Env advances medi-028
cal AI agents development through comprehen-029
sive end-to-end clinical evaluation. We provide030
the benchmark and evaluation tools for further031
research and development.032

1 Introduction033

Delivering effective and compassionate medical034

care extends far beyond isolated physician–patient035

encounters. Instead, it constitutes a complex clini-036

cal pathway involving repeated interactions among037

health-care providers and patients, ultimately form-038

ing a coherent service continuum. This pathway039

may include triage guidance (“Which department040

should I visit?”), specialty consultations (“What is041

causing my symptoms?”) and diagnostic workups042

(“What tests do I need?”), multidisciplinary team043
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Figure 1: CP-Env introduces a comprehensive agen-
tic hospital environment designed to address the full
spectrum of patients’ healthcare needs through an in-
tegrated evaluation framework. In contrast to existing
benchmarks that rely on static examinations or isolated
dialogue scenarios, CP-Env provides dynamic, interac-
tive environments with sophisticated tool-use capabil-
ities. This approach enables both the delivery of com-
prehensive patient care and the rigorous evaluation of
LLM-based agents across their performance in the com-
plex, pathway-based clinical workflows characteristic
of real-world hospital settings.

(MDT) discussions, treatment planning, and prog- 044

nosis counseling (“How should I recover?”). Cru- 045

cially, the process emphasizes decision-making and 046

adaptive transitions between steps rather than exe- 047

cuting a predetermined linear sequence. 048

Recently, AI-based agents have begun to demon- 049

strate their potential in complex real-world sce- 050

narios, where large language models (LLMs) exe- 051

cute long-horizon tasks in dynamic environments 052

through sustained interactive engagement (Yue 053
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et al., 2024; Jia et al., 2025; Lu et al., 2025; Li054

et al., 2025). This paradigm is already reshaping055

biomedical domains such as genetic experiment056

design and clinical diagnosis (Qu et al., 2025; Jin057

et al., 2025; Qiu et al., 2025a), offering a new lens058

through which to rethink the role of AI in medicine.059

However, a fundamental question remains: how060

can end users and AI developers determine which061

systems perform best in health-care contexts?062

Although a growing number of medical bench-063

marks have been introduced to evaluate LLM per-064

formance, they are limited in scope. Existing065

benchmarks either focus on medical knowledge066

and reasoning in examination-style formats (Jin067

et al., 2019, 2021) or assess conversational abili-068

ties in patient-oriented dialogues (Schmidgall et al.,069

2024; Fan et al., 2024). These approaches are insuf-070

ficient for evaluating LLM-based agents because071

they: (1) lack dynamic environments and tool-use072

capabilities necessary for realistic, controlled com-073

parisons; and (2) fail to capture real-world tasks074

that reflect the intricate clinical pathways of actual075

clinical practice.076

To address these limitations, we introduce CP-077

Env, an open-ended environment in which agents078

play diverse healthcare roles and collaboratively079

engage in clinically realistic pathways to deliver080

patient care. Specifically, CP-Env encompasses:081

(1) Patient role simulation, where patients are082

provided with clinical presentations and assume083

seeking medical consultation. They interact with084

each attending physician and accurately report085

their known conditions during inquiries. (2) Clin-086

ical pathway navigation: Under expert guidance,087

we design four clinical scenarios following real-088

world healthcare pathways, including registration,089

specialist consultation, diagnostic testing, and ad-090

vanced diagnosis and treatment. Physicians in each091

scenario are assigned tasks that mirror real clinical092

practice. Throughout this healthcare pathway, pa-093

tient behavior is dynamic and responsive to physi-094

cian requests—for instance, when a specialist or-095

ders laboratory tests, the patient proceeds to the096

laboratory department. Information between path-097

way nodes is managed through electronic medical098

records, and physicians can integrate clinical deci-099

sion support tools to enhance their diagnostic and100

treatment decisions.101

Subsequently, we establish a progressive three-102

tier evaluation framework tailored to this environ-103

ment: (1) Clinical Efficacy: Can the agent suc-104

cessfully resolve medical problems? (2) Process105

Competency: Does the agent demonstrate sound 106

and logically coherent problem-solving processes? 107

(3) Professional Ethics: Does the agent maintain 108

ethical compliance and deliver humanistic care in 109

patient interactions? This framework comprehen- 110

sively assesses LLMs’ capabilities in this complex 111

healthcare environment. 112

We conducted a comprehensive evaluation of 113

outstanding models using CP-Env. Our experimen- 114

tal results reveal a clear performance stratification: 115

(1) Proprietary models demonstrate significant ad- 116

vantages in Clinical Efficacy, showing the capabil- 117

ity to reliably complete complex, branching clin- 118

ical pathways. (2) We identified that a primary 119

failure point for other models is the emergence of 120

hallucinations in extended pathways, where they 121

occasionally become myopically focused on imme- 122

diate situational analysis rather than maintaining 123

broader diagnostic workflow awareness. (3) Our 124

multidimensional framework also reveals nuanced 125

insights: GPT-5 exhibits exceptional comprehen- 126

sive clinical efficacy, while certain models demon- 127

strate specific strengths in professional ethics (such 128

as Seed-OSS’s performance in empathy). 129

The main contributions of this paper are summa- 130

rized as follows: 131

• We introduce CP-Env, the first controllable 132

agentic environment for evaluating LLMs in 133

dynamic, end-to-end clinical pathways. 134

• We propose a multidimensional evaluation 135

framework comprising Clinical Efficacy, Pro- 136

cess Capability, and Professional Ethics to 137

comprehensively assess medical agents be- 138

yond mere diagnostic accuracy. 139

• We provide a comprehensive report on current 140

LLMs, uncovering their characteristics in re- 141

alistic medical scenarios, such as failures in 142

pathway navigation and non-linear tool depen- 143

dency patterns. 144

2 Related Works 145

Agentic Enviroment. Agentic Environments re- 146

fer to LLM-driven dynamic simulations that repli- 147

cate real-world scenarios. Generative Agents (Park 148

et al., 2023) pioneers this field by developing cog- 149

nitive architectures with memory, reflection, and 150

planning capabilities, enabling multiple agents to 151

exhibit believable social behaviors within a vir- 152

tual town. Subsequent research evolves along two 153
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Benchmark Task Type Interaction
Paradigm

Clinical
Scope

Agent
Roles

Tool
Usage

Evaluation
Metrics

MedQA (Jin et al., 2021) Medical QA Static ✘ ✘ ✘ Accuracy
Medbullets (Chen et al., 2025) Medical QA Static ✘ ✘ ✘ Accuracy
CMB-Clin (Wang et al., 2024) Diagnosis Static Consultation ✘ ✘ Clinical Efficacy
AI Hospital (Fan et al., 2024) Diagnosis Dialogue Consultation & Exams Doctor-Patient ✘ Clinical Efficacy
AgentClinic (Schmidgall et al., 2024) Diagnosis Dialogue Consultation & Exams Doctor-Patient ✔ Accuracy & Compliance
MedChain (Liu et al., 2024) CDM Dialogue Sequential Healthcare Doctor-Patient ✔ Accuracy & IoU

MedAgentSim (Almansoori et al., 2025) Diagnosis
Dialogue

& Self-Evolving
Consultation & Exams Doctor-Patient ✔ Accuracy

CP-Env
Full-Process
Healthcare

Dynamic Agentic
Environment

Full
Clinical Pathway

Multi-Agent ✔
Holistic

(CE, PC, PE)

Table 1: Comparisons with existing medical benchmarks. We categorize existing benchmarks into two types
based on the evolution of interaction modalities: Static Exam-based QA and Sequential Interactive Dialogue. CDM
denotes clinical decision making. Unlike previous benchmarks that rely on static exam questions or single-scenario
dialogues, CP-Env presents a pathway-based, dynamic environment. This is achieved through dynamic physician
interactions, full-process healthcare delivery spanning interconnected pathway stages, and multi-dimensional
evaluation metrics encompassing Clinical Efficacy, Process Competency, and Professional Ethics.

primary trajectories. The first focuses on large-154

scale social dynamics, scaling agent populations155

and grounding behaviors in real-world data to study156

macroscopic phenomena (Piao et al., 2025; Park157

et al., 2024; Mou et al., 2024). The second tra-158

jectory emphasizes sophisticated professional en-159

vironments, transforming simulations from behav-160

ioral observation platforms into agent evaluation161

and optimization systems (Almansoori et al., 2025;162

Zhang et al., 2025). Agent Hospital (Li et al., 2024)163

enables physician agents to self-evolve through164

doctor-patient interactions and knowledge repos-165

itory integration, while AgentsCourt (He et al.,166

2024) simulates judicial processes to evaluate and167

improve verdict prediction accuracy. However, cur-168

rent medical LLMs provide only chat functionality,169

failing to address patients’ comprehensive health-170

care needs. Our objective is to implement, eval-171

uate, and optimize a hospital agent environment172

that guides patients through complete, end-to-end173

clinical pathways.174

Medical Benchmark. Early medical bench-175

marks (Jin et al., 2019, 2021), derived from aca-176

demic papers and licensing examinations, primar-177

ily employ multiple-choice questions to assess178

models’ medical knowledge (Pal et al., 2022; Liu179

et al., 2023). The advent of LLMs drives signif-180

icant evolution in benchmark design. First, re-181

searchers move away from traditional examination182

questions toward authentic clinical cases that bet-183

ter align with real-world scenarios (Chen et al.,184

2024; Wang et al., 2023; zhao zy15, 2024). Sec-185

ond, as reasoning models evolve (OpenAI, 2024;186

DeepSeek-AI, 2025), enhanced reasoning require-187

ments emerge. Researchers begin exploring scenar-188

ios and questions that demand stronger analytical189

capabilities (Zuo et al., 2025; Qiu et al., 2025b; Wu 190

et al., 2025; Zhu et al., 2025a). Third, some stud- 191

ies move beyond static question-answering toward 192

authentic doctor-patient conversations (Zhu et al., 193

2025b; Schmidgall et al., 2024; Fan et al., 2024). 194

However, existing benchmarks either focus on med- 195

ical knowledge and reasoning through examination- 196

style formats or assess conversational abilities in 197

patient-oriented dialogues. Yet, delivering effec- 198

tive and compassionate medical care extends far 199

beyond isolated physician-patient encounters. CP- 200

Env simulates the multi-party clinical pathway and 201

comprehensively evaluates multiple dimensions of 202

care delivery throughout the patient’s journey. 203

3 Interactive Hospital Environment 204

To reflect real-world clinical pathways, we intro- 205

duce CP-Env, an interactive environment based on 206

real-world cases that integrates comprehensive in- 207

formation for evaluating the capabilities of LLMs 208

in agentic hospital settings. This section elaborates 209

the essential characteristics, including patient role 210

simulation (Section 3.1), clinical pathway naviga- 211

tion(Section 3.2), and healthcare delivery mecha- 212

nism (Section 3.3). 213

3.1 Patient Role Simulation 214

The effectiveness of the agentic hospital relies fun- 215

damentally on realistic patient simulation. We an- 216

chor our simulations in authentic clinical cases, 217

with each patient role derived from comprehensive 218

medical records. This rich, reliable medical data 219

ensures accurate patient representation and authen- 220

tic doctor-patient interactions, thereby maintaining 221

clinical validity. We source data from top-tier med- 222

ical journals containing detailed clinical encounter 223

3
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Figure 2: Illustration of the Interactive Hospital Environment Clinical Pathway. CP-Env integrates multiple
physician roles, each executing specialized tasks through patient interactions. Upon hospital admission, patients
are guided through the adaptive care pathway by different healthcare physicians, with medical records being
progressively documented at each decision node. Physicians also utilize tools to collect multi-source information
for clinical decision-making, ultimately facilitating patient recovery.

information (Zhu et al., 2025a).224

Patients are configured to present to the hospi-225

tal outpatients with specific physical complaints.226

During the clinical pathway, they engage in dia-227

logue with physicians and are instructed to faith-228

fully replicate the information they know. Each229

patient possesses knowledge of their general physi-230

cal condition, including primary symptoms, med-231

ical history, and observable physical characteris-232

tics—all extracted from case records. To reflect233

real-world constraints, patients have limited access234

to comprehensive data, particularly laboratory and235

diagnostic test results, which is available only after236

physicians order the examinations.237

3.2 Clinical Pathway Navigation238

To comprehensively evaluate LLM capabilities in239

the simulated hospital environment, we design a240

multi-stage simulation scenario that mirrors real-241

world clinical pathways. As illustrated in Figure 2,242

the simulation encompasses the patient’s journey243

through several decision nodes within the clinical244

pathway (A-D). In each stage, the evaluated LLMs245

assume specific physician roles and perform de- 246

fined clinical tasks through interactions with both 247

the patient agent and the hospital environment. Im- 248

portantly, the pathway is adaptive and branching, 249

allowing for dynamic interactions and iterative rea- 250

soning that reflect the complexity of actual clinical 251

decision-making. 252

Stage A: Registration and Triage. This initial 253

stage involves the interaction between the patient 254

and the triage nurse. Upon arrival at the outpa- 255

tient department, the patient presents their symp- 256

toms (e.g., spontaneous bruising). The triage nurse 257

needs to conduct a preliminary assessment through 258

empathetic dialogue, evaluate the patient’s general 259

condition and symptom severity, and document all 260

pertinent information in the medical record. Subse- 261

quently, a primary task is to recommend the appro- 262

priate specialist department for the patient’s next 263

stage of care. 264

Stage B: Specialist Consultation. Following 265

triage, the patient enters the specific department 266

and interacts with the designated specialist. In 267

this stage, the specialist needs to conduct a com- 268
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prehensive anamnesis through multi-turn dialogue,269

exploring the patient’s medical history and specific270

signs (e.g., numbness or lesion progression) while271

documenting findings in the medical record. Un-272

like initial triage, this encounter requires deeper273

domain expertise to differentiate nuanced presen-274

tations. The primary task here is hypothesis gen-275

eration and examination ordering. Based on the276

dialogue, the specialist must formulate initial di-277

agnostic hypotheses and order appropriate inves-278

tigations (e.g., an ANCA panel) to verify these279

suspicions, facilitating progression to subsequent280

diagnostic procedures.281

Stage C: Diagnostic Testing. Following the spe-282

cialist’s test orders, the hospital environment gener-283

ates corresponding laboratory and imaging results.284

To access these results from the medical records,285

the specialist needs to employ information retrieval286

tools. At this stage, a critical task is result interpre-287

tation and synthesis. Specifically, the LLM must288

parse raw medical results, identify abnormal indi-289

cators, and integrate these objective findings with290

the subjective information collected during Stage291

B. This scenario evaluates the LLM’s capacity to292

ground its reasoning in multimodal clinical data,293

rather than depending solely on conversation.294

Stage D: Advanced Diagnosis and Treatment.295

This final stage yields the definitive clinical out-296

come after the comprehensive multi-stage assess-297

ment. With test results, the specialist needs to vali-298

date previous hypotheses and refine the differential299

diagnosis. When evidence supports high diagnostic300

certainty, they can determine the definitive diagno-301

sis. If evidence remains inconclusive, additional302

investigations may be warranted, returning the pa-303

tient to Stage B. For complex cases, the LLM can304

facilitate a MDT meeting, enabling collaboration305

with experts from complementary disciplines (e.g.,306

radiology, surgery) to deliberate on diagnostic and307

treatment strategies. The specialist can also re-308

trieve pertinent literature from external databases309

like PubMed to strengthen the evidence base for310

decision-making. This stage culminates in a com-311

prehensive Final Clinical Report containing the312

confirmed diagnosis, evidence-based medication313

regimen, and structured follow-up protocol.314

3.3 Healthcare Delivery Mechanism315

Hospital patient care encompasses complex, clin-316

ical pathways with adaptive branching spanning317

multiple stages. Patients frequently undergo mul-318

tiple examinations, require iterative consultations,319

and attend unscheduled follow-up visits, creating 320

dynamic care trajectories. To authentically simu- 321

late real-world healthcare processes, CP-Env imple- 322

ments medical record management to ensure seam- 323

less transitions across scenarios, complemented by 324

comprehensive tool support. 325

Medical Record Management. Dynamic health- 326

care delivery generates complex, nonlinear patient 327

data throughout the care continuum. In real-world 328

clinical settings, comprehensive record manage- 329

ment protocols are rigorously implemented, includ- 330

ing mandatory documentation for every clinical 331

encounter. CP-Env adopts this medical record man- 332

agement paradigm by requiring physician agents 333

to document clinical reports after each patient in- 334

teraction, with all reports stored in the patient’s 335

medical record. During subsequent follow-up vis- 336

its or appointments, incoming physician agents can 337

directly assess the patient’s medical history and 338

current status through previous clinical reports. 339

Multidisciplinary Team Collaboration. Complex 340

clinical diagnoses often require multidisciplinary 341

collaboration. When cases exceed single-specialty 342

capabilities, multidisciplinary team (MDT) meet- 343

ings convene physicians from various disciplines to 344

provide diverse perspectives. We replicate this ap- 345

proach by enabling attending physicians to assem- 346

ble MDT teams with specialized expertise during 347

the diagnostic process. Through iterative discus- 348

sions, these teams generate analyses stored in the 349

medical record, informing attending physicians’ 350

decision-making across key clinical domains. 351

Clinical Tool Orchestration. Clinical diagnostic 352

decision-making requires physicians to synthesize 353

heterogeneous data from multiple sources. CP-Env 354

incorporates a suite of clinical tools that mirror real- 355

world workflows. The diagnostic process begins 356

with patient-physician dialogues for symptom elic- 357

itation through verbal communication. Physicians 358

then access laboratory results and retrieve perti- 359

nent reports from medical records via information 360

tools. To support evidence-based practice, CP-Env 361

integrates real-time queries to medical knowledge 362

bases, including PubMed and Wikipedia. Further- 363

more, it facilitates MDT consultations, enabling 364

physicians to leverage cross-departmental exper- 365

tise through discussions and MDT reports. 366

4 Agent Evaluation Framework 367

Leveraging the Interactive Hospital Environment 368

established in the previous chapter, we system- 369
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atically collected comprehensive interaction data370

from LLMs throughout the complete healthcare371

workflow. To conduct a rigorous and multifaceted372

evaluation of LLM capabilities within agentic hos-373

pital settings, we developed an Agent Evaluation374

Framework guided by three progressive research375

questions: (1) Clinical Efficacy: Can the agent suc-376

cessfully resolve medical problems? (2) Process377

Competency: Does the agent demonstrate sound378

and logically coherent problem-solving processes?379

(3) Professional Ethics: Does the agent maintain380

ethical compliance and deliver humanistic care in381

patient interactions?382

4.1 Clinical Efficacy383

Clinical efficacy in real-world settings constitutes384

the fundamental benchmark for healthcare evalu-385

ation. Accordingly, LLM agents must prioritize386

optimizing patient outcomes through accurate di-387

agnosis and therapeutic interventions.388

Work Completion (WC) evaluates whether LLMs389

can comprehensively fulfill the whole hospital390

workflow.391

Diagnosis Recall@k (DR@k) evaluates whether392

the top k diagnosis contain the correct diagnosis.393

Triage Precision (TP) measures the appropriate-394

ness of recommended medical departments.395

4.2 Process Competency396

A competent physician not only provides accurate397

diagnoses but also demonstrates rigorous clinical398

reasoning and effective utilization of diagnostic399

tools. CP-Env evaluates LLMs across information400

inquiry and gathering, clinical reasoning and di-401

agnostic logic, and medical record documentation,402

which comprehensively examines LLMs’ ability to403

synthesize complex medical information and uti-404

lize clinical tools, providing a holistic evaluation405

of their medical competency.406

Inquiry Sufficiency (IS) measures the extent of407

essential diagnostic information obtained through408

clinical inquiry.409

Logic Coherence (LC) quantifies the complete-410

ness and consistency of diagnostic reasoning chains411

throughout the healthcare continuum.412

Record Compliance (RC) evaluates the quality413

and completeness of clinical documentation.414

Investigation Coverage (IC) quantifies the IoU415

between physician-ordered tests and the ground-416

truth case’s diagnostic tests.417

Result Utilization (RU) measures the proportion418

of ordered test results utilized by the physician.419

4.3 Professional Ethics 420

Practicing patient-centered care requires physicians 421

to extend their role beyond accurate diagnosis to ad- 422

dress patients’ psychological vulnerability with em- 423

pathy, and appropriate professional boundaries. To 424

evaluate these abilities in LLMs, CP-Env conducts 425

comprehensive assessments of patient encounter 426

dialogues. 427

Privacy Safeguard (PS) assesses LLMs’ capacity 428

to safeguard patient privacy during diagnosis. 429

Treatment Individualization (TI) quantifies how 430

treatment plans address patient-specific factors. 431

Empathic Dialogue (ED) evaluates the demonstra- 432

tion of care and compassion toward patients. 433

Follow-up Planning (FP) evaluates the quality and 434

appropriateness of follow-up planning. 435

5 Experiments 436

5.1 Settings 437

Agent Models. To comprehensively evaluate 438

LLMs’ capabilities in the hospital environment, 439

we selected multiple models to serve as physi- 440

cian agent backbones. Given that CP-Env re- 441

quires physicians to dynamically leverage ex- 442

ternal tools, function-calling capability consti- 443

tutes the primary selection criterion. Our evalu- 444

ation encompasses both open-source and propri- 445

etary models. The open-source models included 446

Seed-OSS-36B-Instruct (Seed-OSS; Team, 2025a), 447

Qwen3-30B-A3B-Instruct-2507 (Qwen3; Team, 448

2025b), Qwen3-Next-80B-A3B-Instruct (Qwen3- 449

Next), GLM-4.5-Air (Z.ai, 2025), Llama-3.3-70B- 450

Instruct (Llama-3.3; Meta, 2025a), Llama-4-Scout- 451

17B-16E-Instruct (Llama-4; Meta, 2025b), GPT- 452

OSS-120B (OpenAI, 2025a) and GLM-4.7 (Z.ai, 453

2025). Additionally, we incorporated state-of-the- 454

art proprietary models, specifically Gemini-2.5- 455

Pro, Gemini-3-Pro (Deepmind, 2025), GPT-5 (Ope- 456

nAI, 2025b), GPT-5.2. Unfortunately, existing 457

open-source medical models generally lack reli- 458

able function-calling capabilities, and Qwen3 rea- 459

soning models cannot handle long workflow tasks 460

effectively; therefore, they were excluded from our 461

evaluation. Furthermore, to establish a unified and 462

equitable testing platform, we selected GPT-OSS- 463

120B as the patient agent backbone due to its cost- 464

effectiveness, accessibility, and wide recognition. 465

5.2 Main Results 466

Table 2 presents the main evaluation results of 467

LLMs on CP-Env. The results reveal a clear perfor- 468
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Clinical Efficacy Process Competency Professional Ethics
Models WC DR@3 DR@5 TP IS LC RC IC RU PS TI ED FP

Open Source LLMs

Seed-OSS 36B 80.11 17.38 17.92 67.76 51.20 64.74 77.60 24.29 46.99 98.14 31.08 50.16 38.31
Qwen3 30B 85.03 39.67 40.55 66.89 44.50 8.81 78.73 27.26 70.89 99.13 17.29 24.75 41.42
GPT-OSS 120B 76.28 29.62 31.15 72.79 72.37 11.98 86.01 9.96 18.56 98.80 22.37 49.75 47.65
Qwen3-Next 80B 83.83 21.20 22.30 70.05 59.19 54.89 75.75 21.49 66.71 85.90 12.33 45.76 36.12
GLM-4.5-Air 84.70 35.41 36.39 71.58 65.56 42.90 69.42 21.86 93.27 95.41 19.51 57.44 39.34
Llama-3.3 70B 90.71 39.67 40.98 69.84 64.17 19.22 55.14 25.44 93.31 93.88 13.63 49.17 35.85
Llama-4 Scout 74.86 39.67 41.42 68.63 60.85 32.00 56.20 24.24 93.17 92.73 14.37 48.85 17.27
GLM-4.7 85.25 37.92 39.45 73.66 55.36 28.08 77.13 24.89 91.56 91.58 20.08 49.43 35.85

Proprietary LLMs

Gemini-2.5-Pro 94.86 39.45 40.66 73.22 62.86 46.56 77.88 5.30 12.36 99.34 21.56 64.21 39.84
Gemini-3-Pro 93.99 39.89 40.89 70.16 76.60 37.06 75.48 21.59 83.18 99.73 27.04 54.85 36.45
GPT-5 93.33 44.81 47.43 75.41 85.28 20.69 94.48 3.13 6.96 99.73 30.73 50.71 51.37
GPT-5.2 91.37 58.14 59.67 77.60 67.98 8.75 92.34 1.15 2.18 99.78 29.20 49.96 35.50

Table 2: Performance of Different Large Language Models on the CP-Env Benchmark. The evaluation encom-
passes clinical efficacy, process competency, and professional ethics. Bold scores indicate the best performance,
while underlined scores represent the second-best.

mance hierarchy: proprietary models substantially469

outperform their open-source counterparts. GPT-470

5.2 and GPT-5 achieve superior performance across471

key dimensions, including clinical pathway navi-472

gation, reasoning consistency, and patient empathy.473

Gemini-3-Pro and Gemini-2.5-Pro exhibit compa-474

rable performance, while open-source models show475

more limited capabilities.476

Performance at Clinical Efficacy. At CE, only477

proprietary models like GPT-5 perform well on478

WC, successfully navigating the complete clini-479

cal pathways, while other models presented lim-480

itations. A primary failure observed is cognitive481

hallucination during extended workflows—models482

become entrapped in reasoning loops and fail to483

advance logically through sequential steps, which484

is particularly pronounced in Llama-4 and GPT-485

OSS-120B. Some reasoning models (e.g., Qwen3-486

30B-A3B-Thinking) exhibit it so severely that they487

are excluded from evaluation. Additionally, certain488

models (e.g., GLM-4.5-Air) suffer from intermit-489

tent tool-calling format errors. In the DR, GPT-5.2490

and GPT-5 achieve superior performance through491

its extensive knowledge base and well-calibrated492

reasoning capabilities. Llama and Qwen3-30B493

ranked second, with Qwen3-30B demonstrating494

remarkably strong performance despite its smaller495

size. Notably, Qwen3-Next underperformed rel-496

ative to expectations. Comparative analysis re-497

vealed that while Qwen3-Next provided detailed498

responses with comprehensive reasoning chains, 499

occasional hallucinations led to significant devia- 500

tions from clinical pathways. In contrast, Qwen3- 501

30B’s more concise and direct reasoning approach 502

proved sufficient for achieving favorable outcomes, 503

while GPT-5 demonstrated appropriate reasoning 504

restraint without excessive elaboration. These find- 505

ings parallel observations in real clinical settings, 506

where excessive analytical complexity does not 507

necessarily correlate with improved patient out- 508

comes. This suggests that our benchmark rewards 509

judicious and targeted reasoning over exhaustive 510

but potentially error-prone analysis. 511

Performance at Process Competency. Over- 512

all, OpenAI models demonstrate superior medi- 513

cal competency with substantial advantages over 514

competitors. In IS, GPT-5 and GPT-OSS-120B ex- 515

tract the most comprehensive patient information 516

through inquiries, highlighting their proficiency 517

in clinical dialogue, while other models clustered 518

within a narrower performance range behind. For 519

RC, OpenAI models maintain leadership by pro- 520

ducing standardized medical documentation with 521

comprehensive content and precise terminology, re- 522

flecting superior medical literacy compared to other 523

models. However, Seed-OSS and Qwen3-Next ex- 524

cel in logical reasoning tasks (LC). Seed-OSS’s 525

advantage stems from its thinking model method, 526

while Qwen3-Next exhibited robust reasoning ca- 527

pabilities consistent with prior analysis. Notably, 528
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Figure 3: Comparison of average tool usage frequency
and types across different models.

hallucinations during extended tasks degrade over-529

all performance, suggesting that extensive thinking530

processes do not necessarily improve outcomes531

in long-sequence tasks. It should be noted that532

GPT-5’s lower LC performance may not reflect533

its true capabilities, as the model’s reasoning pro-534

cesses are concealed during inference. In IC and535

RU, GPT-5 and Gemini-2.5-Pro adopted conserva-536

tive approaches, ordering excessive diagnostic tests537

compared to real cases, resulting in lower efficiency538

scores. While other models performed more rea-539

sonably, all LLMs demonstrated over-testing ten-540

dencies. RU reveals that GLM-4.5-air and LLaMA541

models showed more judicious diagnostic test uti-542

lization, whereas GPT exhibited redundant test-543

ordering patterns.544

Performance at Professional Ethics. All mod-545

els perform well in privacy protection PS. How-546

ever, Seed-OSS excels in addressing personalized547

user needs TI and achieves outstanding ED per-548

formance, alongside Gemini-2.5-Pro and GPT-5,549

which lead in user interactions. GLM-4.5-Air per-550

forms commendably in ED as well. Regarding551

follow-up management, OpenAI’s GPT-5 and GPT-552

OSS-120B significantly outperform other models.553

In summary, OpenAI models exhibit robust med-554

ical competency, while Seed-OSS excels in user-555

centered interactions.556

5.3 Tool Utilization557

To comprehensively analyze tool utilization strate-558

gies across different models and their relation-559

ship with diagnostic performance, we calculated560

the average frequency of tool invocations (MDT,561

PubMed, and Wiki) for each model during medical562

consultation dialogues, as presented in Figure 3.563

Models are ordered by DR scores.564

Our analysis reveals a U-shaped, rather than565

simply positive, relationship between tool usage 566

and diagnostic accuracy. Specifically, (1) High- 567

performing models with minimal tool usage: GPT- 568

5, which achieved the highest diagnostic accuracy, 569

invoked tools negligibly during experiments. Sim- 570

ilarly, Gemini-2.5-Pro demonstrated highly selec- 571

tive tool utilization, suggesting that advanced mod- 572

els have internalized sufficient medical knowledge 573

or developed reasoning capabilities that reduce de- 574

pendence on external resources. (2) Mid-tier mod- 575

els with intensive tool utilization: Models with 576

intermediate accuracy, such as Llama-4-Scout and 577

GLM-4.5-Air, exhibited the highest tool utiliza- 578

tion rates. GLM-4.5-Air recorded an average invo- 579

cation frequency of 0.88, favoring the MDT tool 580

(0.69), while Llama-4-Scout (0.70 total) preferred 581

PubMed retrieval (0.46). This pattern suggests that 582

these models compensate for knowledge uncertain- 583

ties by actively leveraging tools for validation and 584

supplementation. (3) Low-performing models with 585

limited tool engagement: Models with lower ac- 586

curacy (e.g., GPT-OSS-120B and Seed-OSS-36B) 587

demonstrated minimal tool invocation rates (0.03 588

and 0.04, respectively), likely reflecting limitations 589

in intent recognition and instruction-following ca- 590

pabilities. These models often fail to determine 591

when tool assistance is necessary or how to effec- 592

tively utilize available tools. 593

These findings have important implications for 594

medical agent design. For medium-scale models, 595

optimizing tool utilization pipelines represents a 596

critical pathway to improved performance. Con- 597

versely, for state-of-the-art models, enhancing inter- 598

nal reasoning mechanisms may yield greater bene- 599

fits than integrating additional external knowledge. 600

6 Conclusion 601

This paper introduces CP-Env, a controllable multi- 602

agent hospital environment for evaluating LLMs 603

in end-to-end clinical pathways. Unlike existing 604

benchmarks limited to static tasks, CP-Env assesses 605

models through realistic clinical simulations using 606

the framework: Clinical Efficacy, Process Compe- 607

tency, and Professional Ethics. Our experiments 608

reveal that proprietary models significantly outper- 609

form open-source alternatives in navigating com- 610

plex clinical pathways, with hallucinations during 611

extended processes being the primary failure mode. 612

CP-Env offers essential benchmarks for advanc- 613

ing medical AI beyond isolated evaluations toward 614

comprehensive clinical pathway assessment. 615
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Limitations616

Despite the rigorous design of CP-Env and its care-617

ful consideration of clinical reproducibility, sev-618

eral limitations warrant acknowledgment. First,619

although we systematically simulated real-world620

hospital clinical pathways to establish a controlled621

experimental environment, actual clinical scenarios622

encompass factors beyond purely medical consid-623

erations, such as physician-patient relationships,624

physician emotional states, and fatigue. Second,625

while CP-Env provides a systematic analysis of626

performance variations across 24 major medical627

departments, clinical medicine encompasses a vast628

spectrum of rare conditions. The current frame-629

work prioritizes simulating clinical pathways for630

prevalent diseases alongside selected diagnostically631

challenging cases. Future work will focus on ex-632

panding coverage to incorporate a broader range633

of long-tail diseases, enabling more comprehen-634

sive evaluation of medical agent robustness under635

atypical clinical scenarios.636

Ethical Considerations637

This study develops CP-Env, a controlled hospital638

environment simulating clinical pathways. All clin-639

ical case data used in CP-Env were sourced from640

publicly available medical journals and records,641

with rigorous de-identification procedures ensuring642

compliance with data protection standards. We ac-643

knowledge that LLMs serving as physician agents644

may reflect practice biases from their training data,645

and observed hallucinations indicate potential de-646

viations from sound clinical reasoning. CP-Env647

is positioned as an agentic evaluation framework648

for academic research—assessing medical AI per-649

formance across clinical effectiveness, procedural650

competence, and professional ethics—rather than a651

deployable clinical diagnostic system. Any practi-652

cal application must undergo rigorous clinical vali-653

dation with human oversight and ultimate decision-654

making authority retained by qualified healthcare655

professionals.656
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A Further Analysis849

A.1 Dialogue Efficiency850

To evaluate computational efficiency and interac-851

tion patterns of different models in our agentic hos-852

pital environment, we analyze encounters per pa-853

tient, dialogue turns per encounter, and token con-854

sumption across various LLMs. Table 3 presents855

comprehensive dialogue efficiency statistics.856

The results reveal distinct consultation patterns857

across models despite modest overall differences.858

Qwen3-30B favors frequent consultations (3.54 en-859

counters per patient), reflecting a cautious, step-860

by-step approach. In contrast, GLM-4.5-Air pur-861

sues fewer encounters but with deeper dialogue862

(3.51 turns per encounter), indicating comprehen-863

sive single-session exploration. This creates a com-864

plementary pattern: while Qwen3-30B shows the865

highest encounter frequency, it exhibits the low-866

est dialogue depth (2.22 turns per encounter), sug-867

gesting models maintain similar total information868

volumes per patient through different interaction869

strategies—either multiple focused consultations870

or fewer comprehensive sessions.871

Token usage patterns strongly correlate with872

models’ reasoning characteristics. Reasoning mod-873

els demonstrate substantially higher consumption,874

with Seed leading at the highest token usage, result-875

ing in significantly elevated computational costs.876

Other reasoning models show more restrained con-877

sumption: GPT-5 uses 1,089.09 tokens per en-878

counter while Gemini-2.5-Pro maintains conser-879

vative usage at 653.55 tokens, suggesting more880

efficient reasoning mechanisms or superior output881

control.882

In our benchmark involving complex clinical883

pathways, extensive reasoning may introduce coun-884

terproductive effects. Models with advanced rea-885

soning occasionally become myopically focused886

on immediate situational analysis rather than main-887

taining broader pathway awareness. This reasoning888

trap leads to inefficient resource allocation and po-889

tentially suboptimal clinical pathway decisions.890

A.2 Departmental Characteristics Analysis891

To investigate the performance characteristics of892

large language models across different medical893

departments, we conducted a Departmental Char-894

acteristics Analysis in this section. We system-895

atically analyzed the Diagnosis Recall (DR) and896

Triage Precision (TP) of nine models across 24 de-897

partments. This analysis specifically encompasses898

Model
Avg.E. Avg.E. Avg.T. Avg.T.
Nums Tokens Nums Tokens

Llama-3.3 70B 3.06 454.36 3.11 145.86
Llama-4 Scout 3.21 534.57 2.74 194.59
Qwen3 30B 3.54 478.99 2.22 215.09
Qwen3-Next 80B 3.09 532.89 2.37 224.31
GLM-4.5-Air 3.02 774.35 3.51 220.33
GPT-OSS 120B 3.20 641.92 2.47 259.74
Gemini-2.5-Pro 3.14 653.55 2.67 244.52
GPT-5 3.33 1089.09 2.35 461.54
Seed-OSS 36B 3.35 2843.19 2.66 1066.52

Table 3: Average encounters, turns, and token consump-
tion across models. Avg.E. means average encounters
per patient; Avg.T. means average dialogue turns per
encounter.

Departmental Difficulty Stratification and Model 899

Domain-Specific Analysis. 900

Departmental Difficulty Stratification We ana- 901

lyzed the performance of different models’ Diag- 902

nosis Recall (DR) and Triage Precision (TP) across 903

various departments, with the results visualized in 904

heatmaps of Figure 4. Our findings reveal distinct 905

performance stratification patterns across different 906

departments. 907

First, high-performing departments include Oph- 908

thalmology, Dermatology, and Stomatology & 909

Maxillofacial Surgery, which demonstrate excep- 910

tional performance in both metrics. For depart- 911

ment allocation tasks, all models achieve TP scores 912

exceeding 0.90, with heatmaps displaying deep 913

red high-value regions. This superior performance 914

stems from these departments’ cases typically con- 915

taining highly distinctive anatomical features and 916

visual descriptive characteristics, enabling models 917

to achieve accurate triage through straightforward 918

semantic pattern matching. Moreover, their DR 919

performance in these departments also stands out, 920

generally surpassing other departments, suggesting 921

that the clinical features for disease diagnosis in 922

these specialties may possess strong discriminative 923

properties. However, despite the remarkably high 924

TP, the DR shows a notable decline, with derma- 925

tology’s mean DR primarily ranging between 0.40 926

and 0.50. This indicates that for LLMs, localizing 927

lesions based on explicit features is considerably 928

easier than confirming specific pathological types, 929

and fine-grained disease differentiation remains a 930

primary bottleneck for current models. 931

Second, moderately performing departments in- 932

clude traditional internal medicine specialties such 933
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GLM-4.5-Air

GPT-5

GPT-OSS-120B

Gemini-2.5-Pro

Llama-3.3-70B

Llama-4-Scout

Qwen3-30B

Qwen3-Next-80B

Seed-OSS-36B

M
od

el

0.77 0.67 0.89 0.86 0.37 0.76 0.60 0.44 0.63 0.52 0.83 0.40 0.60 0.58 0.96 0.60 0.59 1.00 0.75 0.78 0.53 0.88 0.88 0.33

0.80 0.73 0.91 1.00 0.58 0.74 0.80 0.47 0.68 0.84 0.78 0.60 0.53 0.61 0.99 0.60 0.72 0.83 0.75 0.78 0.55 0.75 0.81 0.33

0.84 0.87 0.91 0.86 0.58 0.66 0.80 0.31 0.68 0.60 0.76 0.55 0.53 0.58 1.00 0.60 0.69 1.00 1.00 0.83 0.42 0.25 0.69 0.42

0.80 0.67 0.92 0.79 0.53 0.72 0.60 0.42 0.68 0.60 0.84 0.45 0.53 0.56 0.94 0.70 0.64 0.50 1.00 0.78 0.70 0.50 0.75 0.42

0.78 0.67 0.91 0.64 0.47 0.68 0.60 0.22 0.57 0.48 0.81 0.30 0.60 0.61 0.97 0.40 0.62 1.00 0.75 0.61 0.55 0.75 0.81 0.42

0.73 0.60 0.94 0.64 0.53 0.76 0.40 0.33 0.58 0.40 0.75 0.30 0.53 0.53 0.96 0.40 0.67 0.50 0.75 0.83 0.55 0.62 0.62 0.42
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(b) Triage Precision
0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1.0

Figure 4: Fine-grained performance analysis of different LLMs across medical departments. The heatmaps
illustrate the performance of various models across clinical specialties for Diagnosis Recall and Triage Precision.
The color gradient represents the accuracy score, ranging from dark blue (lower performance) to deep red (higher
performance).

as Cardiology, Gastroenterology, and Respiratory934

Medicine. These departments’ heatmaps predom-935

inantly display yellow-orange hues, with DR dis-936

tributed in the 0.30-0.50 range and TP fluctuating937

between 0.60-0.80. This tier is characterized by938

high symptom overlap and substantial clinical man-939

ifestation intersection. For instance, chest pain940

could indicate myocardial infarction or originate941

from respiratory or gastrointestinal disorders. This942

clinical ambiguity demands enhanced differential943

diagnostic capabilities from models, requiring them944

to move beyond simple keyword matching and in-945

tegrate patient history, accompanying symptoms,946

and exclusionary logic for multi-step hypothesis-947

deductive reasoning.948

Finally, low-performing departments include949

Hematology, Nephrology, and Infectious Diseases.950

Heatmaps reveal extensive deep blue low-score951

regions, with most models achieving DR below952

0.20 and significantly reduced TP. The underly- 953

ing cause of this phenomenon lies in these depart- 954

ments’ heavy reliance on laboratory tests and quan- 955

titative indicators. Unlike departments with explicit 956

features such as Dermatology or Ophthalmology, 957

Hematology and Nephrology require specific bio- 958

chemical test data, while Infectious Diseases neces- 959

sitates detailed epidemiological history screening. 960

During consultation dialogues, patients typically 961

can only describe non-specific symptoms like fever 962

and fatigue, unable to directly provide crucial diag- 963

nostic information. This requires models to possess 964

proactive clinical information acquisition capabil- 965

ities—identifying potential disease spectra under- 966

lying non-specific symptoms and guiding patients 967

to complete necessary examinations. The system- 968

atic low scores in these departments indicate that 969

current LLMs have not yet fully mastered proac- 970

tive, goal-oriented clinical consultation strategies, 971

13



representing a crucial direction for future model972

optimization.973

In summary, the current capabilities of LLMs974

in medical consultation tasks demonstrate excel-975

lent performance in specialties with distinctive fea-976

tures, moderate performance in internal medicine977

departments with symptom overlap, and poor per-978

formance in departments heavily dependent on ob-979

jective examinations.980

Model Domain-Specific Analysis Beyond the981

inherent difficulty of stratification across depart-982

ments, our cross-model comparison within individ-983

ual departments reveals domain-specific specializa-984

tion differences. Notably, several models exhibit985

performance spikes in particular departments that986

exceed their average capabilities, revealing poten-987

tial domain bias in general-purpose LLMs within988

medical subspecialties.989

In general surgery, the Qwen3-30B model990

achieved a diagnosis recall of 0.80, significantly991

outperforming other outstanding models. This ex-992

ceptional performance in conversational diagnosis993

suggests that the model may have acquired highly994

efficient consultation strategies for handling acute995

abdominal surgical or trauma cases. Given that996

general surgery diagnosis heavily relies on precise997

identification of specific physical signs (such as998

rebound tenderness and muscle guarding), Qwen3-999

30B’s superior performance likely stems from its1000

ability to rapidly identify critical surgical indica-1001

tors during conversations without being distracted1002

by irrelevant internal medicine symptoms. This1003

single-domain breakthrough phenomenon demon-1004

strates that small parameter models, through tar-1005

geted knowledge and capability enhancement in1006

specific domains, are fully capable of surpassing1007

general-purpose large models in specialized medi-1008

cal consultation tasks.1009

Additionally, Gemini-2.5-Pro demonstrated ex-1010

ceptional reasoning capabilities in gastroenterol-1011

ogy, achieving a DR score of 0.60—significantly1012

outperforming other models’ average of 0.30. Un-1013

like surgical specialties that rely on specific physi-1014

cal signs, gastroenterological diagnosis typically re-1015

quires comprehensive evaluation of dietary history,1016

pain patterns, and long-term medication use. This1017

necessitates maintaining logical coherence through-1018

out extended dialogues. In simulated consultations,1019

Gemini-2.5-Pro effectively managed conversation1020

flow, elucidating complex gastrointestinal symp-1021

tom evolution through iterative questioning rather1022

than being confounded by overlapping symptoms1023

in patient presentations. This underscores that in 1024

internal medicine specialties requiring complex 1025

history-taking and temporal reasoning, a model’s 1026

contextual understanding and memory mechanisms 1027

are critical determinants of diagnostic accuracy. 1028

GPT-5 demonstrates the characteristics of a gen- 1029

eral practitioner, and its heatmap displays the most 1030

uniform color distribution with minimal deep-blue 1031

zero-score regions. This cross-specialty consis- 1032

tency validates its capabilities. In real-world pri- 1033

mary care settings where patients present with un- 1034

differentiated symptoms, an effective diagnostic 1035

AI must not only excel in its areas of strength but 1036

also avoid catastrophic errors in less familiar do- 1037

mains. GPT-5’s stable performance across all spe- 1038

cialties indicates it has developed a more gener- 1039

alizable medical diagnostic framework, enabling 1040

flexible transfer across different clinical contexts 1041

while maintaining consistently high baseline diag- 1042

nostic standards. 1043

B Case Example 1044

The following is an example of a patient’s medical 1045

record. 1046

Example of Patient’s Medical Record

Recording Department: Registration
Clinic Note

Solitary exophytic scalp nodule (˜4 cm) on
the vertex, present since birth with mild en-
largement after minor trauma two months ago.
No urgent symptoms reported. Recommend
evaluation of a congenital scalp lesion and dis-
cussion of imaging and possible excision.

Suggestion: Dermatology
Recording Department: Specialist Consul-
tation

Clinic Note
Chief complaint: Long-standing midline scalp
nodule since birth with mild enlargement after
minor trauma 2 months ago.
History of present illness: 72-year-old with a
˜4 cm firm, exophytic scalp nodule centered
at the vertex (midline). Surface waxy and nor-
mochromic. Surrounding plaque feels infil-
trated. Mildly tender to pressure; no spon-
taneous pain. No discharge, bleeding, crust-
ing, or pus. Not compressible or pulsatile; no
change with Valsalva. Lesion feels fixed to
the underlying skull, not mobile. No central

1047
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punctum or hair tuft. No headaches, nause-
a/vomiting, visual changes, seizures, fevers,
or recurrent infections. No prior imaging or
procedures.
Exam: Single ˜4 cm firm exophytic nodule
on the midline vertex with smooth/waxy skin-
colored surface; surrounding plaque indurated.
Lesion fixed to underlying calvarium. No vis-
ible sinus opening or hair tuft. No overlying
erythema, warmth, or ulceration. No regional
lymphadenopathy reported.
Assessment: Congenital midline scalp mass
with bony fixation. Most likely diagnosis is
a congenital dermoid cyst (or less likely epi-
dermoid) with possible adherence to perios-
teum/skull and potential intracranial extension
via a dermal sinus tract. Enlargement after
trauma is plausible. Important to exclude con-
nection to the superior sagittal sinus/dura be-
fore any biopsy or excision.
Differentials: (1) Nevus sebaceus with sec-
ondary adnexal neoplasm (e.g., trichoblas-
toma, syringocystadenoma papilliferum, less
commonly BCC) presenting as a new nod-
ule on acongenital plaque; (2) Proliferating
trichilemmal tumor arising on the scalp; (3)
Pilomatricoma; (4) Osteoma; (5) Encephalo-
cele/sinus pericranii or vascular malformation
are unlikely given non-pulsatility and lack of
Valsalva change.
Plan: Do not perform biopsy before imag-
ing. Obtain cross-sectional imaging to de-
fine any intracranial extension and calvarial
involvement: (a) MRI brain and scalp with
and without contrast, including fat-suppressed
sequences; (b) MR venography to evaluate
relation to the superior sagittal sinus; (c) Non-
contrast high-resolution CT of the skull to as-
sess bony defects and calcifications.
Optional: targeted high-resolution ultrasound
with Doppler to assess lesion composition and
vascularity if immediately available, but not a
substitute for MRI/CT. Multidisciplinary coor-
dination with Neurosurgery (and Plastics) for
surgical planning. Definitive management, if
no intracranial extension, is complete surgi-
cal excision down to (or including) involved
periosteum with histopathology. If there is
intracranial extension, plan a combined neuro-
surgical approach.

1048

Counseling: avoid manipulation/trauma; re-
turn urgently for new headache, fever,
drainage, rapid enlargement, redness, or neu-
rologic symptoms.

Suggestion
Leading diagnosis: congenital midline scalp
dermoid cyst with possible cranial involve-
ment. Differentiels include epidermoid cyst;
nevus sebaceus with secondary adnexal tumor;
proliferating trichilemmal tumor; pilomatri-
coma; osteoma; encephalocele/sinus pericranii
(less likely).
Recommended tests: MRI brain and scalp with
and without contrast (include fat-suppressed
sequences), MR venography, and non-contrast
high-resolution CT of the skull. Consider tar-
geted high-resolution ultrasound with Doppler
if readily available. Avoid biopsy until imag-
ing excludes intracranial connection. Based
on imaging, proceed to complete excision
with appropriate surgical team and send for
histopathology.
Recording Department: Diagnostic Test

Completed Tests
[’MRI brain and scalp with and without con-
trast (fat-suppressed sequences)’, ’MR venog-
raphy’, Non-contrast high-resolution CT of the
skull’, ’Targeted high-resolution ultrasound
with Doppler’]
Recording Department: Specialist Consul-
tation

Clinic Note
Dermatology Consultation – Current Visit
Subjective:
- 72-year-old with a congenital midline scalp
lesion present since birth. Mild enlargement
after minor trauma 2 months ago. Mild ten-
derness to pressure only. No drainage, bleed-
ing, redness, warmth, or rapid growth. No
headaches, fevers, visual changes, weakness,
seizures, or other neurologic symptoms. No
prior procedures or radiation to the scalp. Fam-
ily history notable for father with metastatic
melanoma (not suggestive of relation to this
lesion).
Objective (exam summary):
- Single 4 cm firm, exophytic nodule centered
at the vertex (midline) with smooth/waxy skin-
colored surface. Surrounding plaque feels in-
durated. Lesion is fixed to the underlying skull;
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not pulsatile; no change with Valsalva. No
central punctum or hair tuft. No overlying
erythema, warmth, or ulceration. No regional
lymphadenopathy.
Imaging (reviewed today):
- MRI brain and scalp with and without con-
trast (fat-suppressed sequences): 4.2 × 3.8 ×
2.5 cm well-circumscribed subcutaneous mass
at the vertex, T2 hyperintense, iso–mildly hy-
pointense on T1, non-enhancing; no diffusion
restriction. No calvarial involvement or in-
tracranial extension.
- MR venography: Normal patent dural venous
sinuses; no involvement by the scalp lesion.
- Non-contrast high-resolution CT skull: Well-
defined subcutaneous mass without calcifica-
tions; intact calvarium with no erosion or bony
defect; no intracranial abnormality.
- Targeted high-resolution ultrasound with
Doppler: Well-defined, heterogeneously
echogenic subcutaneous nodule abutting pe-
riosteum without bony invasion; mild periph-
eral vascularity; no aggressive flow pattern.
Assessment:
- Congenital midline scalp mass most con-
sistent with cutaneous meningeal heterotopia
(heterotopic meningothelial hamartoma; Type
I cutaneous meningioma). Imaging shows a
well-circumscribed subcutaneous lesion with-
out bone involvement or intracranial extension,
and normal MRV, which aligns with CMH and
argues against dermoid (no fat signal), epider-
moid (no diffusion restriction), proliferating
trichilemmal tumor (no calcifications/kerati-
nous cyst), pilomatricoma (typically calcified),
or nevus sebaceus with secondary neoplasm.
No features concerning for vascular malforma-
tion or encephalocele.
Plan:
-Surgical management: Recommend complete
excision of the lesion en bloc down to (and
including, if adherent) the periosteum, with
submission for histopathologic confirmation.
Avoid preoperative/incisional biopsy due to
midline location and proximity to the supe-
rior sagittal sinus, although MRV shows no
involvement.
- Multidisciplinary coordination: Refer to Plas-
tic Surgery for closure/reconstruction plan-
ning and to Neurosurgery for standby/consul-
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tation given the midline vertex location and
periosteal adherence, despite imaging show-
ing no intracranial connection.
- Perioperative considerations: Standard pre-
op assessment and medication review; manage
anticoagulants/antiplatelets per surgical pro-
tocol if applicable. Discuss risks (bleeding,
infection, nerve injury, scarring, need for pe-
riosteal/outer table burring if required) and low
recurrence risk with complete excision.
- Pathology: Request immunohistochemistry
(e.g., EMA, vimentin; PR/SSTR2A) to support
meningothelial differentiation and exclude ad-
nexal neoplasms or cystic lesions.
- Follow-up: Routine postoperative wound care
and pathology review. No further imaging
is needed unless new symptoms or interval
change occur.
- Return precautions: Seek urgent care for new
or worsening headache, fever, drainage, red-
ness, rapid enlargement, or neurologic symp-
toms.
Final Diagnosis:
- Congenital midline scalp lesion most con-
sistent with cutaneous meningeal heterotopia
(heterotopic meningothelial hamartoma), with-
out calvarial involvement or intracranial exten-
sion on MRI/MRV/CT/ultrasound.

Suggestion
Proceed with definitive treatment.
Diagnosis: Congenital midline scalp lesion
most consistent with cutaneous meningeal het-
erotopia, with no intracranial extension or
bony involvement on MRI/MRV/CT and ul-
trasound.
Plan: Coordinate surgical excision (Dermatol-
ogy/Plastic Surgery with Neurosurgery con-
sult), excise en bloc down to periosteum as
needed, and send for histopathology with im-
munohistochemistry to confirm. Routine pre-
op assessment and postoperative follow-up.
No additional preoperative imaging is required
at this time.
Treatment Planing

Final Diagnosis [’Cutaneous meningeal
heterotopia (heterotopic meningothelial hamar-
toma; primary cutaneous meningioma, Type
I)’, ’Congenital dermoid cyst’, ’Epidermoid
cyst’, ’Proliferating trichilemmal tumor’, ’Ne-
vus sebaceus with secondary adnexal neo-
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plasm (e.g., trichoblastoma or syringocystade-
noma papilliferum)’]

Treatment Plan
Definitive management is complete surgi-
cal excision. Coordinate Dermatology/Plas-
tic Surgery with Neurosurgery consultation
given the midline vertex location. Perform
en bloc excision down to the periosteum (in-
cluding adherent periosteum and outer-table
burring if necessary) with careful hemostasis
to avoid superior sagittal sinus injury. Sub-
mit the specimen for histopathology and im-
munohistochemistry (e.g., EMA, vimentin ±
PR/SSTR2A) to confirm meningothelial differ-
entiation and exclude adnexal or cystic lesions.
Standard preoperative assessment and periop-
erative medication management (hold antico-
agulants/antiplatelets as appropriate). Routine
postoperative wound care and follow-up; no
additional imaging unless new symptoms or
interval change occur. Provide return precau-
tions for headache, fever, drainage, redness,
rapid enlargement, or neurologic symptoms.

1052

The following is an example of the doctor-1053

patient conversation.1054

Example

Encounter Turn 1 - Registration
Doctor: Hi, I’m here to help direct you to

the right department. What is your main symp-
tom and where is it located? How long has
this been going on? Do you have any urgent
signs like chest pain, trouble breathing, severe
weakness, high fever, or heavy bleeding?

Patient: I have a solitary lump on the top of
my scalp. It’s an exophytic nodule about 4cm
in size. The lesion has been present since I was
born, but I noticed that it grew a little after a
minor bump to the area a couple of months ago.
I don’t have chest pain, shortness of breath,
severe weakness, fever, heavy bleeding, or any
other urgent symptoms.

Doctor: Please go to the Dermatology De-
partment for further examination.
[Makes a note in the patient’s record]
Encounter Turn 2 - Specialist Consultation

Doctor: How old are you, and can you de-
scribe the lump’s features: its color, whether
it’s tender or painful, any discharge or bleed-
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ing, whether it feels soft or firm, and if it
seems compressible or pulsatile? Does its size
change when you cough, strain, or cry?
Is the lump exactly in the midline of the scalp
at the vertex? Does it move over the bone
or feel fixed to the skull? Is there a central
opening/punctum or a tuft of coarse hair over
it?
Have you had headaches, nausea/vomiting, vi-
sion changes, seizures, fevers, or recurrent in-
fections? Have you ever had any imaging (ul-
trasound/CT/MRI) or procedures on this lump
before?

Patient: I am in my early’s (about 72 years
old). The lesion is a firm, exophytic nodule on
the scalp with a waxy, normochromic surface;
the surrounding plaque feels infiltrated.
It is mildly tender to pressure but not painful.
There is no discharge, bleeding, crusting, or
pus. The nodule is not compressible, not pul-
satile, and its size does not change when I
cough, strain, or cry.
The lesion is centered on the vertex of the
scalp, essentially mid-line. It feels adherent to
the underlying bone and does not glide over
the skull; it is fixed in place. There is no visible
central opening, punctum, or a tuft of coarse
hair over the lesion.
I have had no headaches, nausea, vomiting,
visual changes, seizures, fevers, or recurrent
scalp infections. I have never had any imaging
studies (ultrasound, CT, MRI) or any proce-
dures performed on this lump before this visit.

Doctor: Leading diagnosis: congenital mid-
line scalp dermoid cyst with possible cranial
involvement. Differentiels include epidermoid
cyst; nevus sebaceus with secondary adnexal
tumor; proliferating trichilemmal tumor; pilo-
matricoma; osteoma; encephalocele/sinus per-
icranii (less likely). Recommended tests: MRI
brain and scalp with and without contrast (in-
clude fat-suppressed sequences), MR venog-
raphy, and non-contrast high-resolution CT of
the skull. Consider targeted high-resolution
ultrasound with Doppler if readily available.
Avoid biopsy until imaging excludes intracra-
nial connection. Based on imaging, proceed
to complete excision with appropriate surgical
team and send for histopathology.
[Makes a note in the patient’s record]
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Encounter Turn 3 - Specialist Consultation
Doctor: Thanks for coming in. I have a

few quick questions, and I’d like to review
your imaging reports to make sure we plan the
safest next steps.
Since your scans were done, have you no-
ticed any new symptoms such as headaches,
fever, drainage from the lesion, rapid growth,
redness, or any neurological issues (vision
changes, weakness, seizures)?
Have you ever had any prior scalp surgeries,
radiation, or similar lesions elsewhere? Any
family history of similar congenital lumps?
Please provide the official reports for the
completed tests: MRI brain and scalp with
and without contrast (including fat-suppressed
sequences); MR venography; Non-contrast
high-resolution CT of the skull; Targeted
high-resolution ultrasound with Doppler

Patient: I have not noticed any new prob-
lems. There are no headaches, fevers, or any
drainage from the lesion. It has not grown
rapidly, there is no redness or warmth around
it, and I have had no visual changes, weakness,
or seizures.
I have never had any surgery on the scalp, nor
have I received radiation to the head. I do not
have any other skin or subcutaneous lumps
elsewhere on my body.
In my family the only notable skin history is
that my father died of metastatic cutaneous
melanoma at age; there are no congenital scalp
or “birth-mark” type lesions reported in rela-
tives.
At this point I have not had any of the studies
you listed (MRI brain+scalp with and with-
out contrast, MR venography, high-resolution
non-contrast CT of the skull, or a targeted
high-resolution ultrasound with Doppler).
Therefore I do not have any official reports
to give you yet. If you think imaging is indi-
cated, I am happy to arrange for them.
[Using get_info tool]

Doctor: Proceed with definitive treatment.
Diagnosis: Congenital midline scalp lesion
most consistent with cutaneous meningeal het-
erotopia, with no intracranial extension or
bony involvement on MRI/MRV/CT and ul-
trasound. Plan: Coordinate surgical exci-
sion (Dermatology/Plastic Surgery with Neu-
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rosurgery consult), excise en bloc down to pe-
riosteum as needed, and send for histopathol-
ogy with immunohistochemistry to confirm.
Routine pre-op assessment and postoperative
follow-up. No additional preoperative imaging
is required at this time.
[Makes a note in the patient’s record]
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C Implementation Details 1059

C.1 Experimental Setup 1060

In our benchmark experiments, we deployed GPT- 1061

OSS-120B as the patient agent model using 2 H100 1062

GPUs, and subsequently evaluated the performance 1063

of various doctor models. For the doctor models, 1064

we utilized official APIs for the proprietary models 1065

Gemini-2.5-Pro and GPT-5. For open-source mod- 1066

els, we deployed them using vLLM across 2 to 8 1067

H100 GPUs. Qwen3-Next was an exception due 1068

to unresolved issues with its vLLM implementa- 1069

tion; therefore, we deployed it using SGLang with 1070

8 H100 GPUs. 1071

C.2 Roles Simulation 1072

We deployed GPT-OSS-120B as the patient agent 1073

model using 2 H100 GPUs, with the model under 1074

evaluation serving as the physician model. 1075

The LLM was instructed to simulate a patient 1076

through the specific task description and prompt. 1077

The simulated patient was provided only with medi- 1078

cal history and physical examination findings, with- 1079

out access to actual laboratory results or final diag- 1080

noses, thereby reflecting the information asymme- 1081

try typical of real-world patient encounters. 1082

You are a simulated patient, intended to test 1083
the hospital's medical procedures and the 1084
doctor's diagnostic skills. You are 1085
currently role-playing as a patient at a 1086
hospital, where you will interact with 1087
various individuals and engage in limited 1088
communication with them. 1089

1090
Below is the simulated case provided to you: 1091

{INSERT_CASE_HERE} 1092
1093

Please remember the following: 1094
1. When the doctor inquires about your medical 1095

condition, you should respond based on the 1096
provided simulated case. 1097

2. You only need to answer the questions the 1098
doctor asks you. If a question is not 1099
asked, you do not need to provide any 1100
information. 1101

The simulated patient is then navigated through 1102

different clinical scenarios. Since patient behavior 1103
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may vary depending on the specific context or set-1104

ting, we provide tailored prompts for each scenario1105

to ensure appropriate and realistic responses.1106

Registration:1107

You have just arrived at the hospital. Your1108
first step is to provide basic personal1109
information to register. A guidance nurse1110
will speak with you to get a general1111
understanding of your condition and1112
recommend an appropriate department.1113

1114
Now the guidance nurse says: {INSERT_QUERY_HERE}1115

Specialist Consultation:1116

You have now arrived at the specialist1117
consultation department of1118
{INSERT_DEPARTMENT_HERE}.1119

1120
Now the physician asks: {INSERT_QUERY_HERE}1121

1122
Begin role-playing as the patient!1123

Furthermore, different physicians assume dis-1124

tinct roles and responsibilities within the clinical1125

workflow.1126

Registration:1127

You are a hospital guidance assistant stationed1128
in the main lobby. Your job is to briefly1129
assess each patient's general symptoms and1130
recommend the appropriate department for1131
consultation. Remember, you are just a1132
guide, so keep the inquiry simple and1133
focused on directing the patient1134
efficiently.1135

1136
You may ask up to {INSERT_QUERYNUMS_HERE}1137

questions per turn, with a maximum of1138
{INSERT_TURNS_HERE} rounds of dialogue. You1139
must provide your final recommendation1140
before the dialogue ends.1141

1142
Once you have reached a conclusion, respond in1143

the following JSON format, enclosed by1144
```json and ```:1145

```json1146
{1147

"clinic_note": "A guide note of the1148
patient's reported symptoms and the1149
reason for the referral.",1150

"suggestion": "The single, most appropriate1151
department for the patient to visit.1152
Must be one department name only.",1153

"next_step": "specialist_consultation"1154
}1155
```1156

Specialist Consultation:1157

You are a specialist physician in the1158
{INSERT_DEPARTMENT_HERE} department,1159
responsible for conducting hospital1160
consultations. Your task is to evaluate the1161
patient's condition through dialogue and1162
ultimately provide a diagnosis or recommend1163
the necessary diagnostic tests.1164

1165
Patient's Medical Record: {INSERT_RECORD_HERE}.1166

You have the tool to get completed test reports 1167
mentioned in the medical record. If a test 1168
you need is not available, you should list 1169
the required tests in your final response. 1170

1171
You may ask up to {INSERT_QUERYNUMS_HERE} 1172

questions per turn, with a maximum of 1173
{INSERT_TURNS_HERE} rounds of dialogue. You 1174
must deliver your final diagnosis before 1175
the dialogue ends. 1176

1177
Once you have reached a conclusion, respond in 1178

the following JSON format, enclosed by 1179
```json and ```: 1180

```json 1181
{ 1182

"clinic_note": "A comprehensive clinic note 1183
for the patient's current visit. This 1184
should include your clinical 1185
assessment, the final diagnosis, and 1186
the proposed management or treatment 1187
plan.", 1188

"suggestion": "Your professional 1189
recommendation. If further tests are 1190
required, list them and set `next_step` 1191
to `diagnostic_test`. If the final 1192
diagnosis is confirmed, outline the 1193
diagnosis and treatment plan, and set 1194
`next_step` to `end_of_diagnosis`.", 1195

"next_step": "Specify one of the following 1196
options: 'diagnostic_test' or 1197
'end_of_diagnosis'." 1198

} 1199
``` 1200

Treatment Planing: 1201

Based on your final analysis, enumerate the top 1202
5 most likely diagnoses for this patient, 1203
ordered from most to least probable. In 1204
addition, provide the definitive treatment 1205
plan. 1206

1207
Output in JSON format, enclosed by ```json and 1208

```: 1209
```json 1210
{ 1211

"final_diagnosis": ["Disease 1", "Disease 1212
2", "Disease 3", "Disease 4", "Disease 1213
5"], 1214

"treatment_plan": "A treatment plan for the 1215
patient" 1216

} 1217
``` 1218

C.3 Evaluation Metrics 1219

Work Completion. WC is calculated based on 1220

whether the final task is successfully completed, 1221

with a value of 1 for success and 0 for failure. Since 1222

the CP-Env involves multiple interactions and sce- 1223

nario transitions controlled by LLMs at each phase, 1224

WC assesses their capacity to handle complex task 1225

demands through long-sequence agent processes in 1226

real-world hospital environments. 1227

Diagnosis Recall. It evaluates the LLM’s diagnos- 1228

tic capability by measuring alignment between its 1229
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final diagnosis and the ground truth, where DR@k1230

indicates whether the top k predictions contain the1231

correct diagnosis. The judge categorizes diagnosis1232

pairs as identical, relevant, or irrelevant, with only1233

identical matches scoring 1 and all others scoring1234

0 (Zhu et al., 2025a). Additionally, LLMs pro-1235

vide 5 diagnoses ranked by confidence level, where1236

DR@k indicates whether the top k predictions con-1237

tain the correct diagnosis. The prompt is as follows:1238

You are an expert in diagnosing challenging1239
cases. You will receive a student's answer1240
containing 5 differential diagnoses, as1241
well as the reference diagnosis. You need1242
to score each diagnosis from the student's1243
answer according to the following rules:1244

2 = The student's diagnosis exactly matches the1245
reference diagnosis;1246

1 = A broader or narrower disease category that1247
includes or is included in the reference1248
diagnosis (e.g., 'pneumonia' vs 'bacterial1249
pneumonia');1250

0 = Unrelated or incorrect.1251
1252

Here is the student's answer:1253
{','.join(diagnosis)}. Here is the1254
reference diagnosis: {gt}.1255

1256
Output Format: Output the scores in the1257

following format. 1. Disease 1 Name: <The1258
Score of Disease 1>; 2. Disease 2 name:1259
<The Score of Disease 2>; ...1260

Triage Precision. It measures the model’s ability1261

to accurately route patients to appropriate medi-1262

cal departments based on initial assessment dia-1263

logues. The judge validates the correctness of de-1264

partment assignments against case presentations.1265

The prompt is as follows:1266

You are an experienced clinical expert familiar1267
with medical diagnoses. Given the medical1268
case: {case_info} and the correct1269
diagnosis: {right_diagnosis}, the doctor in1270
registration reception leads the patient to1271
the {department_suggestion} department of1272
the hospital and gives a reason: {reason}.1273
Do you think this initial department1274
suggestion is correct?1275

1276
Score the suggestion based on following rules:1277
2 = The suggested department fully matches the1278

correct diagnosis pathway and is clearly1279
the most appropriate destination (e.g.,1280
chest pain -> Cardiology for myocardial1281
infarction).1282

1 = The suggested department is somewhat1283
reasonable but not optimal (e.g., dizziness1284
-> Neurology, but should ideally go to ENT1285
based on final diagnosis).1286

0 = The suggested department is completely1287
inappropriate or inconsistent with the1288
diagnosis (e.g., appendicitis ->1289
Dermatology).1290

1291
Only response the score <0 or 1 or 2>, and no1292

other content is allowed.1293

Inquiry Sufficiency. IS measures the extent to 1294

which physicians successfully identify, elicit, and 1295

document essential diagnostic information during 1296

patient encounters. It evaluates clinicians’ profi- 1297

ciency in capturing critical diagnostic elements nec- 1298

essary for accurate case assessment. It is calculated 1299

by comparing core information points extracted 1300

from the original case with those documented in 1301

the clinical records. The prompt for extracting core 1302

information is as follows: 1303

You are an experienced clinical expert familiar 1304
with medical diagnoses. Given a medical 1305
case: {case_info}, and its confirmed final 1306
diagnosis: {right_diagnosis}, perform the 1307
following tasks: 1308

1. List all the core and most important 1309
information a doctor must ask the patient 1310
before making a correct diagnosis (e.g., 1311
past medical history, family history). 1312

2. From the actual doctor communication record: 1313
{consul_communiaction}, identify which of 1314
the core information you mentioned has 1315
actually been asked by the doctor. 1316

Only consider information that is a direct 1317
match to your core list, only include items 1318
that are present in your core information 1319
list. 1320

Output format: 1321
@ Core information needed: info 1, info 2, ... 1322
@ Inquired information in practice: info 1, 1323

info 2, ... 1324
- No additional text, explanation, or 1325

punctuation is allowed. - Use consistent 1326
terminology to ensure exact matching. 1327

Logic Coherence. LC quantifies the complete- 1328

ness and consistency of diagnostic reasoning chains 1329

throughout the healthcare continuum, spanning 1330

from inquiry and examination to diagnosis and 1331

treatment. It evaluates LLMs’ ability to maintain 1332

logical coherence across the entire diagnostic pro- 1333

cess. It is assessed by extracting and scoring the 1334

cognitive processes demonstrated during conversa- 1335

tional patient encounters. The prompt is as follows: 1336

You are an experienced clinical expert familiar 1337
with medical diagnoses. Based on the doctor 1338
consultation record: 1339
{consult_communiaction} and the reference 1340
correct diagnosis: {right_diagnosis}, you 1341
need to identify the Clinical Logic 1342
Coherence of doctor. 1343

Standard: 1344
- 10 points: Complete and coherent clinical 1345

reasoning chain - 'inquiry -> tests -> 1346
diagnosis -> treatment' - with consistent 1347
causal logic (e.g., inquiry about dysphagia 1348
-> esophageal test -> diagnosis of 1349
esophageal injury -> mucosal protective 1350
drugs). 1351

- 5 points: Partially coherent reasoning; some 1352
steps logically related but missing one 1353
link or minor mismatch. 1354

- 0 points: Major logical break or 1355
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inconsistency (e.g., inquiry about1356
dysphagia -> no esophageal test ->1357
unrelated diagnosis).1358

Notes:1359
- Do not assume missing steps; rely only on the1360

given record.1361
- Planned but not yet performed steps count if1362

explicitly reasoned.1363
- Apply strict and responsible judgment; avoid1364

0 or 10 unless strongly justified.1365
Output in the following format:1366
@Rating: <integer score 0-10>1367
@Reason: <one-sentence explanation of the1368

rating>1369

Record Compliance. RC assesses whether physi-1370

cians accurately document core symptoms, adhere1371

to standardized documentation structures, and uti-1372

lize appropriate medical terminology. It evaluates1373

the medical professionalism and clinical documen-1374

tation compliance of LLMs. We evaluate the clini-1375

cal documentation quality at each stage by examin-1376

ing whether physicians’ clinical notes contain suffi-1377

cient patient information, maintain proper structure,1378

and demonstrate appropriate use of professional1379

medical terminology. The prompt is as follows:1380

You are an experienced clinical expert familiar1381
with medical diagnoses. Evaluate the1382
compliance of the doctor's clinical note1383
({record}) based on the doctor-patient1384
communication record1385
({consult_communiaction}). You need to1386
Evaluate whether the clinical note1387
accurately reflects patient-reported1388
symptoms and history, is well-organized,1389
and uses precise medical terminology.1390

Scoring standard:1391
- 10 points: Fully cites patient-reported1392

information; structure is clear;1393
terminology is precise and professional1394
(e.g., 'stridor' instead of 'throat noise').1395

- 5 points: Captures part of the patient's1396
report but lacks completeness or uses some1397
non-standard wording.1398

- 0 points: Misses key patient information,1399
disorganized, or vague (e.g., 'Patient1400
unwell, order tests').1401

Apply strict and responsible judgment when1402
scoring, be careful when scoring 0 or 10.1403

Output in the following format:1404
@Rating: <integer score 0-10>1405
@Reason: <one-sentence explanation of the1406

rating>1407

Investigation Coverage. We extract test names1408

from both the original cases and the tests actually1409

utilized by the model, analyze the overlapping com-1410

ponents between them, and subsequently calculate1411

the Intersection over Union (IoU) ratio. The prompt1412

is as follows:1413

You are an experienced clinical expert familiar1414
with medical diagnoses. Given the reference1415
medical tests: {original_tests} and the1416
doctor's suggested medical tests:1417

{','.join(suggested_tests)}, perform the 1418
following steps: 1419

1. Deduplicate the tests and merge items that 1420
refer to the same test. 1421

2. Identify which suggested tests are 1422
equivalent to the reference tests (same 1423
clinical purpose, even if named 1424
differently). 1425

Output format strictly: 1426
@ Reference tests: item1, item2, ... 1427
@ Suggested tests in practice: item1, item2, ... 1428
@ Equivalent tests: item1, item2, ... 1429
- Use consistent terminology. 1430
- Only output in the above format. 1431
- Do not include extra text. 1432

Result Utilization. The IC and RU assess both 1433

the physician’s diagnostic test prescription com- 1434

petency and the agent’s proficiency in workflow 1435

management and tool utilization. 1436

You are an experienced clinical expert familiar 1437
with medical diagnoses. Given the doctor's 1438
suggested medical tests: {suggest_tests} 1439
and the retrieved tests from knowledge 1440
tools: {','.join(re_tests)}, identify which 1441
suggested tests are equivalent to the 1442
retrieved tests (same clinical purpose). 1443

Output format strictly: 1444
@ Retrieved Suggested tests: item1, item2, ... 1445
- Use consistent terminology. 1446
- Only output in the above format. 1447
- Do not include extra text. 1448

Privacy Safeguard. Effective clinical practice re- 1449

quires physicians to balance comprehensive infor- 1450

mation gathering with appropriate privacy bound- 1451

aries, avoiding unnecessary inquiries into patients’ 1452

personal matters during clinical interviews. The 1453

prompt is as follows: 1454

You are an experienced clinical expert familiar 1455
with medical diagnoses. Based on the doctor 1456
consultation record: 1457
{consult_communiaction}, evaluate the 1458
degree to which the doctor adheres to 1459
Privacy Safeguard. 1460

Scoring standard: 1461
- 10 points: Inquiries are strictly limited to 1462

condition-related information, with no 1463
irrelevant personal questions (e.g., 1464
income, relationship status). 1465

- 5 points: Generally appropriate but includes 1466
one or two mildly irrelevant or borderline 1467
personal questions without persistent 1468
intrusion. 1469

- 0 points: Repeated or explicit inquiries 1470
about irrelevant personal details (e.g., 1471
"What is your monthly income?"). 1472

Notes: 1473
- Consider whether questions are medically 1474

relevant (e.g., marital status for 1475
reproductive context is acceptable). 1476

- Consider whether the question was initiated 1477
by the patient or the doctor. 1478

- Apply strict and responsible judgment when 1479
scoring, and be careful when assigning 0 or 1480
10. 1481
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Output in the following format:1482
@Rating: <integer score 0-10>1483
@Reason: <one-sentence explanation of the1484

rating>1485

Treatment Individualization.1486

You are an experienced clinical expert familiar1487
with medical diagnoses. Given a medical1488
case: {case_info}, corresponding tests:1489
{original_tests} and the correct diagnosis1490
reference: {right_diagnosis}, you need to1491
identify whether the doctor's treatment1492
recommendation: {doctor_final}, is rational1493
and suitable according to the patient's1494
individual situation.1495

Standard:1496
- 10 points: Based on symptoms/tests, adjusted1497

for comorbidities/age, covers core1498
interventions, complies with guidelines.1499

- 5 points: Generally evidence-based but lacks1500
full individual adjustment or omits one key1501
element.1502

- 0 points: No evidence support, conflicts with1503
contraindications, or incomplete plan.1504

Rules:1505
- Use only the provided information (do not1506

infer missing data).1507
- Apply strict and responsible judgment; avoid1508

0 or 10 unless clearly justified.1509
Output in the following format:1510
@Rating: <integer score 0-10>1511
@Reason: <one-sentence explanation of the1512

rating>1513

Empathic Dialogue. A physician should exhibit1514

sufficient patience and be attentive to the vulnerable1515

psychological state of patients who are experienc-1516

ing distress. The prompt is as follows:1517

You are an experienced clinical expert familiar1518
with medical diagnoses. Given the1519
communication record between doctor and1520
patient: {consult_communiaction}, you need1521
to Assess the Caring Effectiveness of the1522
physician's communication from the1523
patient's perspective.1524

Scoring standard:1525
- 10 points: Expresses empathy, caring, and1526

respect (e.g., I understand that must be1527
worrying for you.).1528

- 5 ponits: Polite and professional but1529
emotionally neutral (e.g., Please take the1530
medication as prescribed.).1531

- 0 points: Rude, dismissive, or lacking1532
empathy (e.g., Stop wasting my time.).1533

Apply strict and responsible judgment when1534
scoring, be careful when scoring 0 or 10.1535

Output in the following format:1536
@Rating: <integer score 0-10>1537
@Reason: <one-sentence explanation of the1538

rating>1539

Follow-up Planning. It assesses whether the1540

LLM’s follow-up plan provides clear timelines,1541

demonstrates practical feasibility, and exhibits com-1542

prehensive clinical relevance. The prompt is as1543

follows:1544

You are an experienced clinical expert familiar 1545
with medical diagnoses. Given a medical 1546
case: {case_info}, corresponding tests: 1547
{original_tests} and the correct diagnosis 1548
reference: {right_diagnosis}, you need to 1549
evaluate whether the doctor conduct the 1550
Follow-up Prognosis Management well 1551
according to the treatment plan suggestion: 1552
{treatment_plan}. 1553

Standard: 1554
- 10 points: Clearly includes follow-up timing, 1555

recheck/test items, and patient guidance 1556
(e.g., Recheck barium swallow in 2 months; 1557
avoid irritant foods). 1558

-5 points: Mentions follow-up or recheck but 1559
lacks completeness (missing one or two 1560
components). 1561

- 0 points: No follow-up/guidance (e.g., only 1562
Treatment completed). 1563

Apply strict and responsible judgment when 1564
scoring, be careful when scoring 0 or 10. 1565

Output in the following format: 1566
@Rating: <integer score 0-10> 1567
@Reason: <one-sentence explanation of the 1568

rating> 1569
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