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Abstract001

Recent advancements in Large Language Mod-002
els (LLMs) have demonstrated significant003
promise in clinical diagnosis. However, cur-004
rent models struggle to emulate the iterative,005
diagnostic hypothesis-driven reasoning of real006
clinical scenarios. Specifically, current LLMs007
suffer from three critical limitations: (1) gen-008
erating hallucinated medical content due to009
weak grounding in verified knowledge, (2) ask-010
ing redundant or inefficient questions rather011
than discriminative ones that hinder diagnos-012
tic progress, and (3) losing coherence over013
multi-turn dialogues, leading to contradictory014
or inconsistent conclusions. To address these015
challenges, we propose MedKGI, a diagnos-016
tic framework grounded in clinical practices.017
MedKGI integrates a medical knowledge graph018
(KG) to constrain reasoning to validated medi-019
cal ontologies, selects questions based on infor-020
mation gain to maximize diagnostic efficiency,021
and adopts an OSCE-format structured state to022
maintain consistent evidence tracking across023
turns. Experiments on clinical benchmarks024
show that MedKGI outperforms strong LLM025
baselines in both diagnostic accuracy and in-026
quiry efficiency, improving dialogue efficiency027
by 30% on average while maintaining state-of-028
the-art accuracy.029

1 Introduction030

Large Language Models (LLMs) are increasingly031

demonstrating their value as powerful tools for clin-032

ical diagnosis (Wang et al., 2023; Singhal et al.,033

2025; Lin et al., 2025). However, real-world clini-034

cal reasoning is an iterative process in which doc-035

tors need to strategically construct diagnostic hy-036

potheses and gather clinical information in a se-037

quential manner to make the final decision. Current038

LLMs often struggle in such iterative, hypothesis-039

driven settings due to a fundamental discrepancy040

between their probabilistic, token-by-token genera-041

tion and the systematic rigor required for clinical042

deduction (Hager et al., 2024).043

Figure 1: Comparison of diagnostic dialogues and the
MedKGI workflow. Left: The dialogues from the base-
line LLMs. Right: The dialogues from the proposed
MedKGI framework. Bottom: The MedKGI workflow.

This gap leads to several critical limitations: a 044

tendency to produce hallucinations by prioritizing 045

plausible patterns over verified knowledge (Zhu 046

et al., 2025); ineffective questioning due to the lack 047

of an explicit reasoning framework (Li et al., 2025); 048

and context overloading in multi-turn dialogues 049

caused by their associative nature (Savage et al., 050

2024). As illustrated in Figure 1 (left), these limi- 051

tations often result in redundant and non-strategic 052

diagnostic dialogues by baseline LLMs, in contrast 053

to the structured trajectory of rigorous medical rea- 054

soning. 055

To bridge this gap, we ground our method in es- 056

tablished differential diagnosis frameworks rather 057

than language patterns. Differential diagnosis is 058

inherently an iterative process of systematically 059

weighing competing hypotheses against clinical 060

evidence (Hannigen, 2018), which is the opposite 061

of associative LLM reasoning. Accordingly, we 062

integrate three key principles: 063
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• Knowledge-Anchored Hypothesis Gener-064

ation: Inspired by the clinical practice of065

grounding initial differentials in established066

medical knowledge (Zuo et al., 2025), we in-067

tegrate a medical knowledge graph (KG) to068

generate diagnostic candidates based on veri-069

fied disease–symptom relationships.070

• Strategic Uncertainty Reduction: Follow-071

ing the differential diagnosis principle of prior-072

itizing high-yield findings, we adopt an infor-073

mation gain-based questioning strategy (Liu074

et al., 2025) to select the most discriminative075

questions, thereby minimizing diagnostic un-076

certainty.077

• Iterative Evidence Refinement: To simulate078

a doctor’s belief updating process as new evi-079

dence emerges, we implement a state-tracking080

mechanism that maintains a coherent diag-081

nostic record, enabling consistent hypothesis082

management while mitigating context over-083

loading in long dialogues (Xu et al., 2024).084

Building on these principles, we propose Med-085

KGI, a diagnostic reasoning framework designed086

to emulate the systematic inquiry of human clin-087

icians within the LLM paradigm. As shown in088

Figure 1, MedKGI integrates a medical knowledge089

graph to anchor all diagnostic reasoning in veri-090

fied medical ontologies, thereby mitigating hallu-091

cinations. Building on this grounded knowledge092

(sub-graph), it employs an information gain–based093

question selection strategy. This strategy evaluates094

candidate questions by their expected reduction in095

diagnostic uncertainty, enabling MedKGI to priori-096

tize the most discriminative inquiries and optimize097

diagnostic efficiency. Finally, MedKGI adopts the098

Objective Structured Clinical Examination (OSCE)099

format (Cushing et al., 2014) to maintain a struc-100

tured diagnostic state. This state tracks and updates101

accumulated evidence across dialogue turns, which102

mitigates context overloading and ensures reason-103

ing consistency.104

Our key contributions are:105

• A Systematic, Hypothesis-Driven Diagnos-106

tic Framework: We propose MedKGI, a107

novel framework that explicitly models the108

iterative, hypothesis-driven process of differ-109

ential diagnosis, bridging the gap between110

LLMs’ generative nature and the analytical111

rigor of differential diagnosis.112

• Knowledge-Anchored & Strategically Op- 113

timized Reasoning: MedKGI uniquely inte- 114

grates a medical knowledge graph to prevent 115

hallucinations and employs an information 116

gain–based questioning strategy to maximize 117

diagnostic efficiency, grounding reasoning in 118

verified ontologies. 119

• Superior Empirical Performance: Exten- 120

sive experiments show that MedKGI outper- 121

forms state-of-the-art baselines, achieving 122

high diagnostic accuracy while improving di- 123

alogue efficiency by 30%. 124

2 Related Work 125

Clinical dialogue involves dynamic, multi-turn 126

information exchange and hypothesis refine- 127

ment (Nori et al., 2025). We categorize existing 128

approaches into LLM-driven sequential diagno- 129

sis, knowledge-augmented frameworks, and agent- 130

based clinical frameworks. 131

LLM-Driven Sequential Diagnosis. Early 132

methods primarily leverage LLMs’ reasoning capa- 133

bilities, enhanced through fine-tuning or reinforce- 134

ment learning (RL) to improve medical diagno- 135

sis. Chain-of-Thought (CoT) prompting has been 136

widely adopted to elicit diagnostic reasoning (Dai 137

et al., 2025). Domain-specialized models for di- 138

agnosis like Huatuo (Wang et al., 2023) and Med- 139

itron (Chen et al., 2023) are pre-trained on medical 140

corpora. AgentClinic simulates doctor–patient in- 141

teractions but relies on static prompting without dy- 142

namic evidence tracking (Schmidgall et al., 2024). 143

Recent works have focused on inquiry strategies: 144

MedAgent (Kim et al., 2025b) formulates diagno- 145

sis as multi-agent collaboration while PATIENCE 146

(Zhu et al., 2025) incorporates Bayesian active 147

learning for interactive questioning. However, 148

these model-centric approaches often struggle with 149

hallucinations and struggle with precision in open- 150

ended, multi-turn scenarios due to a lack of external 151

grounding (Zuo et al., 2025). 152

Knowledge-Augmented Approaches. To mit- 153

igate the limitations of pure LLM-based reason- 154

ing, recent work has integrated external knowledge. 155

RAG-based methods like MRD-RAG (Sun et al., 156

2025) leverages the tree-structure medical KG for 157

differential diagnosis, while ClinicalRAG (Lu et al., 158

2024) fuses structured and unstructured medical 159

knowledge. Beyond retrieval, some methods ex- 160

plicitly model diagnostic reasoning over KGs using 161

search or planning. For instance, Unit of Thought 162
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Figure 2: An illustration of the iterative hypothesis refinement process and its corresponding clinical differential
diagnosis example.

(UoT) (Hu et al., 2024) decomposes clinical rea-163

soning into discrete, verifiable knowledge units164

grounded in a KG. However, these approaches treat165

evidence retrieval statically, lacking dynamic state-166

tracking for handling diagnostic contexts (Wang167

et al., 2025).168

Agent-based Clinical Frameworks. Multi-169

agent systems simulate clinical workflows by de-170

composing tasks across specialized agents for171

symptom collection, evidence retrieval, and rea-172

soning. DDO (Jia et al., 2025b) uses a diagnosis173

agent, a strategy agent, and a patient agent for stage-174

specific inquiry, while MeDDxAgent (Rose et al.,175

2025) integrates a control agent, a history agent,176

and a knowledge agent to simulate clinical diagnos-177

tic processes with external knowledge. MEDIQ (Li178

et al., 2024) introduces a query-planning agent that179

prioritizes questions based on symptom severity,180

CoD (Chen et al., 2025a) coordinates diagnostic181

agents through a consensus-driven protocol, and182

DoctorAgent-RL (Feng et al., 2025) models con-183

sultations as an RL process under uncertainty. De-184

spite these advances, existing multi-agent frame-185

works lack criteria for question selection, relying186

on heuristic role-playing rather than information-187

theoretic objectives to optimally reduce diagnostic188

uncertainty (Chen et al., 2025b).189

Summary. Existing approaches provide flexi-190

bility, factual accuracy, and workflow simulation,191

there is no single existing approach that effectively192

unifies: (1) KG-grounded reasoning, (2) structured193

state tracking for context management, and (3)194

information-theoretic inquiry optimization. Our195

MedKGI framework addresses these challenges by196

integrating KGs with information gain-driven selec-197

tion within a structured state tracking mechanism.198

3 Problem Definition199

The multi-step clinical diagnosis can be modeled200

as an iterative decision-making process that refines201

hypotheses over T dialogue turns (Figure 2). The202

process begins with the patient profile P , which in-203

cludes demographics and chief complaints. Over a204

sequence of dialogue turns t, the framework main- 205

tains a dynamic clinical state. At turn t, given P 206

and accumulated evidence Et, the objective is to es- 207

timate the posterior probability for each candidate 208

disease D ∈ Dt, where Dt = {D1, D2, . . . , Dn} 209

through evidence collection. The proactive symp- 210

tom inquiry is defined as identifying the optimal 211

inquiry s that maximizes the expected reduction 212

in diagnostic uncertainty. This mechanism enables 213

the framework to iteratively generate and refine Dt 214

until the target disease D∗ is reached: 215

P (D | P, Et) → δ(D,D∗)

4 Methodology 216

As illustrated in the differential diagnosis scenario 217

(Figure 2), given patient profiles and symptoms, 218

the objective is to narrow a differential diagnosis 219

set toward the target disease D∗ through sequen- 220

tial evidence collection. Unlike static classifica- 221

tion, this scenario requires actively navigating a hy- 222

pothesis space, simulating a doctor’s cognitive pro- 223

cess (Polotskaya et al., 2024). Specifically, we for- 224

mulate the iterative refinement process (Figure 3) 225

as a knowledge-guided active diagnostic frame- 226

work, where a doctor agent iteratively refines the 227

differential diagnosis set by strategically gathering 228

discriminative evidence. 229

To realize this iterative and knowledge-driven 230

process, we design the MedKGI workflow integrat- 231

ing three components: (1) Entity Extraction & 232

Alignment: maps the diagnosis input and gener- 233

ated hypothesis to a medical KG, constructing a di- 234

agnostic subgraph grounded in clinically validated 235

disease-symptom relationships to mitigate hallu- 236

cinations, (2) Information Gain-Based Inquiry: 237

calculates information gain to identify discrimi- 238

native symptoms, ensuring each clinical inquiry 239

maximally reduces diagnostic uncertainty and im- 240

proves diagnostic efficiency, (3) OSCE-Aligned 241

Diagnostic Record Management: organizes accu- 242

mulated evidence into an OSCE-format diagnostic 243

record, maintaining a consistent state to prevent 244
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Figure 3: An overview of MedKGI framework. Given a patient’s chief complaint, MedKGI iteratively refines
differential diagnosis through (1) medical knowledge graph alignment, (2) information gain–driven symptom inquiry
to minimize diagnosis uncertainty, and (3) OSCE-aligned diagnostic records for coherent evidence tracking. A
hypothesis-driven termination policy ensures diagnostic efficiency.

context overloading.245

4.1 Diagnosis Workflow of MedKGI246

At any diagnostic turn t, the doctor agent receives247

the following as input:248

• The Patient Profile (e.g., age, sex, and chief249

complaints) provided at the beginning;250

• The Patient’s Recent Utterance, which may251

contain new symptoms or responses to prior252

questions;253

• The Accumulated Diagnostic Record, a struc-254

tured OSCE-aligned summary (detailed in255

Section 4.4) containing confirmed symptoms,256

medical history, and examination findings up257

to turn t− 1.258

Based on this context, the doctor agent generates259

two key outputs:260

• A natural language Clinical Inquiry to elicit261

discriminative evidence;262

• A Differential Diagnosis Set outputted by doc-263

tor agent;264

To ensure efficiency and diagnostic precision,265

diagnostic process concludes when one of the fol-266

lowing termination conditions is met267

• Turn Limit. If the dialogue reaches Tmax268

turns, the doctor agent must issue a final diag-269

nosis.270

• Stagnation Detection. If the differential di- 271

agnosis set remains unchanged for n consec- 272

utive turns, doctor agent is prompted to seek 273

evidence that could refute the current hypoth- 274

esis. If no such symptom exists, the doctor 275

agent outputs the final diagnosis. 276

4.2 Entity Extraction and Knowledge Graph 277

Alignment 278

At each turn, the LLM first proposes a preliminary 279

differential diagnosis set, which is then mapped to 280

the medical KG. To align medical terms mentioned 281

in the patient utterance with standardized entities 282

in the KG, we implement a multi-stage alignment 283

pipeline: 284

• Exact Matching. For standard medical terms 285

in the dialogue, we query the KG for an en- 286

tity that exactly matches the candidate disease 287

name. 288

• Edit-Distance Matching. For minor spelling 289

variations or errors, we apply the Levenshtein 290

Distance (Levenshtein, 1965) to identify ap- 291

proximate matches, allowing a maximum edit 292

distance of 3. 293

• Semantic Embedding Matching. For con- 294

ceptually equivalent but lexically divergent 295

expressions, we leverage the pre-trained Pub- 296

MedBERT (Gu et al., 2021) to generate vector 297

embeddings for the candidate disease name 298

and all KG disease entity names. We calculate 299

cosine similarity and retrieve the top-ranked 300

entity, discarding matches with a similarity 301

4



score below a threshold τ = 0.85 to ensure302

alignment quality.303

4.3 Information Gain-Based Symptom304

Selection305

Once the candidate diseases are mapped to the KG,306

we construct a task-specific diagnostic subgraph307

Gsub = (Vsub, Esub), comprising the current dif-308

ferential diagnosis set and their directly connected309

symptom nodes. To strategically reduce diagnos-310

tic uncertainty, MedKGI selects symptom queries311

that maximize information gain (Quinlan, 1986).312

This selection is made over the diagnostic subgraph313

Gsub and is conditioned on the patient’s reported314

positive and negative symptoms (Spos, Sneg).315

4.3.1 Posterior Disease Probability Estimation316

First, we establish the context by constructing a
diagnostic subgraph Gsub = (Vsub, Esub), where
Vsub =

⋃n
i=1{Di} ∪ N(Di) consists of the dif-

ferential diagnosis set D = {D1, D2, . . . , Dn}
and all symptoms connected to them in the KG:
N(Di) = {s ∈ VKG ∨ s ∈ S : (Di, s) ∈ EKG}.
We initialize the prior probability of each candidate
disease Di based on its average semantic similarity
to the confirmed symptoms Spos extracted from the
current dialogue:

P (Di) =
1

| Spos |
∑

S∈Spos

semantic_sim(s,Di)

where semantic_sim(·, ·) denotes cosine similar-317

ity between the PubMedBERT (Gu et al., 2021)318

embeddings of symptom s ∈ Spos and disease Di.319

Given the accumulated observed symptoms Spos

and Sneg, we update disease beliefs over candidate
disease D using Bayes’ theorem:

P (Di | Spos, Sneg) =
P (Spos, Sneg | Di) · P (Di)

P (Spos, Sneg)

Assuming conditional independence among
symptoms given a disease, the likelihood factor-
izes as:

P (Spos, Sneg) =

n∑
j=1

P (Spos, Sneg | Dj) · P (Dj)

where we adopt a uniform conditional probability320

model: P (s, | Di) = 1/ |N(Di)| for all symptoms321

s ∈ N(Di).322

4.3.2 Information Gain Computation 323

For the current differential disease set D with poste-
rior probabilities P (Di | Spos, Sneg), we compute
the prior diagnostic uncertainty using the Shannon
Entropy:

H(D) = −
n∑

i=1

P (Di) logP (Di)

For any symptom s, we compute its marginal prob-
ability and the resulting posterior disease distribu-
tions:

P (s) =

n∑
i=1

P (s | Di)P (Di),

P (Di | s) =
P (s | Di)P (Di)

P (s)

Finally, the Information Gain of asking about
symptom s is defined as the expected reduction in
entropy:

IG(s) = H(D)−H(D | s)

where H(D | s) represents the expected condi-
tional entropy after observing symptom s:

H(D | s) = P (s)H(D | s+) + P (¬s)H(D | s−)

and H(D | s+) and H(D | s−) are the entropies if 324

the symptom is observed positive or negative, re- 325

spectively. The doctor agent then selects the top-k 326

symptoms with the highest IG(s) for strategic in- 327

quiry, ensuring that each subsequent question max- 328

imally reduces uncertainty. Compared to methods 329

that rely on predefined question templates or fixed 330

inquiry sequences, MedKGI dynamically adapts 331

questions based on the evolving diagnostic hypoth- 332

esis, enabling more targeted and efficient informa- 333

tion gathering. 334

4.4 Consistent State by Diagnostic Record 335

Management 336

To support coherent and consistent reasoning, we 337

employ the LLM to generate and maintain a struc- 338

tured diagnostic record in JSON format, aligned 339

with the Objective Structured Clinical Examination 340

(OSCE) standard. At the beginning of each dia- 341

logue session, we initialize an empty diagnostic 342

record following a predefined schema, including 343

chief complaint, symptoms, and recent medical 344

examinations. 345
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At each turn, MedKGI takes the latest diagnos-346

tic record and patient utterance as input. Then,347

MedKGI outputs an updated diagnostic record that348

integrates new evidence while preserving clinical349

context. This accumulated diagnostic record pre-350

vents context overloading across turns, which com-351

monly occurs when context windows accumulate352

redundant information in vanilla prompting meth-353

ods (Schmidgall et al., 2024).354

5 Evaluation355

5.1 Experiment Setup356

Datasets. We conducted experiments on two medi-357

cal QA benchmarks: MedQA (Jin et al., 2021) and358

CMB (Wang et al., 2024; cme, 2023). To further359

assess multi-modal clinical reasoning, we addition-360

ally introduce a dataset of real-world cases from361

the NEJM Image Challenge1. We followed the362

settings of AgentClinic (Schmidgall et al., 2024)363

to simulate the multi-agent medical consultation364

scenarios based on the cases in MedQA and CMB.365

We denote the processed datasets as agent-MedQA366

and agent-CMB.367

Baselines. We compared MedKGI against 12368

baselines across four categories: (1) Dialog-Based369

Methods: AgentClinic (Schmidgall et al., 2024),370

CoT (Chain-of-Thought), Huatuo (Wang et al.,371

2023) and Meditron (Chen et al., 2023); (2) KG-372

Based Methods: MCTS-BT (Ding et al., 2025),373

MCTS-MV (Ding et al., 2025), UoT (Hu et al.,374

2024); (3) Agent-Based Methods: MEDIQ (Li375

et al., 2024), CoD (Chen et al., 2025a), DDO376

(Jia et al., 2025b), and MEDDxAgent (Rose et al.,377

2025); and (4) SFT-Based Methods including mod-378

els fine-tuned on domain-specific dialogues. Spe-379

cialized medical LLMs (e.g., Huatuo and Meditron)380

are not evaluated on the NEJM benchmark if they381

lack the ability of multi-modal analysis. Further-382

more, SFT and SFT-GT are excluded from NEJM383

evaluation due to the lack of multimodal dialogue384

training data required for effective fine-tuning. A385

complete description of all individual models and386

their configurations is provided in Appendix B.387

Implementation. Details of our knowledge388

graph integration are provided in the Appendix A.389

To simulate realistic clinical interactions, we imple-390

mented a multi-agent framework with three special-391

ized agents, adapted from AgentClinic (Schmidgall392

et al., 2024):393

1https://www.nejm.org/image-challenge

• Doctor agent asks up to Tmax = 20 questions. 394

• Patient agent responds only with symptom 395

descriptions and never reveals diagnosis. 396

• Measurement agent simulates the outcome of 397

laboratory tests or medical examinations. 398

We modified inquiry termination criteria and 399

evidence-collection protocols to better align with 400

clinical workflows. Detailed descriptions of the 401

specific prompt engineering for each agent are pro- 402

vided in Appendix G. 403

Our experiment employed Qwen3-8B (Yang 404

et al., 2025) and Llama3.1-8B-Instruct (AI@Meta, 405

2024) for agent-MedQA and agent-CMB, and 406

Qwen3-VL-8B-Instruct (Yang et al., 2025) for 407

NEJM. For specialized models (e.g., Huatuo and 408

Meditron), we used their architectures. 409

Metrics. Diagnostic accuracy (acc): The diag- 410

nostic accuracy is quantified by the exact match 411

between the final diagnostic output and the ground 412

truth D∗. Higher values indicate a more robust 413

alignment with clinical benchmarks. Dialogue 414

rounds (Rounds): We also record the average dia- 415

logue turns to reach a diagnosis for each method. 416

Fewer Rounds indicate more efficient diagnosis. 417

5.2 Main Result 418

Table 1 presents a comprehensive comparison of 419

MedKGI against state-of-the-art baselines across 420

three medical consultation benchmarks, agent- 421

MedQA, agent-CMB, and NEJM, using multiple 422

backbone LLMs. Our method demonstrates supe- 423

rior performance in both diagnostic accuracy and 424

efficiency. 425

Overall Performance. MedKGI achieves supe- 426

rior accuracy across three benchmarks using com- 427

parable base models: 69.81% on agent-MedQA 428

(Qwen3-8B), 68.21% on agent-CMB (Qwen3-8B), 429

and 69.09% on NEJM (Qwen3-VL-8B-Instruct). 430

Notably, these results are obtained with the fewest 431

dialogue rounds, 9.11, 9.13, and 10.53 out of a 432

maximum of 20 rounds respectively. 433

Comparison with LLM-based Methods. Com- 434

pared to general LLM-based approaches, MedKGI 435

outperforms methods like AgentClinic and CoT 436

across all benchmarks. It also surpasses specialized 437

medical LLMs (marked with *). For instance, on 438

agent-CMB, MedKGI using Qwen3-8B achieves 439

higher accuracy (68.21%) than Medical-CoT with 440

MediTron-7B (66.23%), while doing so in signifi- 441

cantly fewer dialogue rounds. 442
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Table 1: Comprehensive evaluation of MedKGI across three benchmarks agent-MedQA, agent-CMB, and NEJM
using Qwen3-8B, Llama3.1-8B-Instruct, Qwen3-VL-8B-Instruct as base language models. All methods are
evaluated with a maximin dialogue round of 20. Reported metrics including average dialogue rounds (Rounds
↓) and diagnostic accuracy (Acc (%) ↑). Methods marked with * employ specialized LLMs (i.e.HuatuoGPT-o1,
Meditron-7B, and DiagnosisGPT-7B) rather than the base LLM used in our unified evaluation. Best results per
column are bolded; second-best are underlined.

agent-MedQA agent-CMB NEJM

Baselines Qwen3-8B Llama3.1-8B-Instruct Qwen3-8B Llama3.1-8B-Instuct Qwen3-VL-8B-Instruct

Rounds Acc (%) Rounds Acc (%) Rounds Acc (%) Rounds Acc (%) Rounds Acc (%)

LLM-Based
AgentClinic 11.32 59.43 10.37 50.00 10.00 58.28 11.23 59.60 13.28 54.55

CoT 18.92 24.52 17.46 34.90 18.32 43.05 16.33 50.33 16.46 50.91

Huatuo*

(HuatuoGPT-o1)
16.70 56.60 - - 16.56 62.25 - - - -

Medical-CoT*

(MediTron-7B)
18.94 60.37 - - 18.34 66.23 - - - -

KG-Based
MCTS-BT 14.20 45.28 14.98 39.62 13.78 54.97 14.21 42.38 11.50 56.36

MCTS-MV 14.63 53.77 12.86 52.83 14.77 60.26 12.91 56.95 13.95 67.27

UoT 11.47 54.71 11.01 51.89 10.71 64.28 10.96 58.94 12.32 54.55

Agent-Based
MediQ 13.80 61.32 13.85 49.06 13.76 65.56 15.01 60.93 14.48 65.45

DDO 17.27 61.32 18.39 50.94 17.38 63.58 18.01 60.93 17.91 70.73
MEDDxAgent 16.44 60.38 16.02 49.06 16.09 61.59 16.48 57.62 16.36 65.45

CoD*

(DiagnosisGPT-7B)
13.32 56.60 - - 11.99 28.50 - - - -

SFT-Based
SFT 11.51 51.89 11.21 49.06 12.04 59.60 9.95 52.98 - -

SFT-GT 9.35 50.94 10.27 40.57 9.93 55.63 10.26 51.66 - -

Ours 9.11 69.81 10.20 53.77 9.13 68.21 9.72 60.26 10.53 69.09

Comparison with KG-based and Agent-based443

Methods. Among KG-based methods, MedKGI444

surpasses even competitive approaches like MCTS-445

MV and UoT. For instance, on agent-CMB with446

Qwen3-8B, it achieves 68.21% accuracy, exceed-447

ing UoT’s 64.28%. In contrast to agent-based ap-448

proaches such as MediQ, DDO, and MEDDxA-449

gent, MedKGI also demonstrates superior perfor-450

mance. Furthermore, compared to the state-of-the-451

art method, MedKGI achieves comparable or better452

accuracy while typically requiring far fewer rounds453

across all three datasets.454

Comparison with SFT-based Methods. While455

SFT-based methods achieve competitive dialogue456

efficiency, their accuracy lags behind that of our457

method. For example, on agent-MedQA using458

Qwen3-8B, SFT-GT achieves comparable effi-459

ciency (9.35 average rounds vs. our 9.11) but its 460

accuracy (50.94%) is significantly lower than ours 461

(69.81%). 462

5.3 Analysis of Superior Performance 463

The performance of MedKGI generalizes across 464

different backbone LLMs. For example, with 465

Llama3.1-8B-Instruct, our method achieves the 466

highest accuracy on agent-MedQA (53.77%) and 467

the second-highest on agent-CMB (60.26%), while 468

consistently requiring the fewest dialogue rounds. 469

The superiority of MedKGI across diverse bench- 470

marks and LLMs stems from three key factors: 471

knowledge grounding, context-aware reasoning, 472

and efficient inquiry. First, unlike methods that rely 473

solely on pre-trained LLM knowledge (e.g., Agent- 474

Clinic, CoT), which may lack structured clinical 475
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Table 2: Ablation experiments on agent-MedQA using
Qwen3-8B, demonstrating the contribution of each com-
ponent to diagnostic performance.

Method Rounds Acc (%)

w/o Knowledge Graph 13.44 44.34

w/o Clinical Record 12.09 57.55

Random node selection 19.25 31.13

Degree-based node selection 17.47 47.17

Ours 9.11 69.81

reasoning, MedKGI integrates a medical knowl-476

edge graph (KG). This external grounding enables477

precise inference and provides a structured hypothe-478

sis space for active querying (Jia et al., 2025a). Our479

ablation study (Table 2) confirms that removing the480

KG leads to a significant drop in accuracy (-25.47%481

on agent-MedQA). Second, compared to other KG-482

based methods that often rely on heuristic metrics483

for symptom selection, MedKGI selects questions484

based on information gain that accounts for patient-485

specific context. This approach avoids both ran-486

dom noise and popularity bias, leading to more dis-487

criminative queries (Kim et al., 2025a). Third, in488

contrast to agent-based methods (e.g., DDO, MED-489

DxAgent), our framework minimizes redundant490

interactions by dynamically pruning the candidate491

symptom set based on information gain and main-492

taining diagnostic records. This enables MedKGI493

to achieve diagnosis in fewer rounds while main-494

taining high symptom coverage.495

5.4 Ablation Experiments496

We tested three variants for the ablation study: (1)497

removing KG integration; (2) disabling the Clinical498

Record module; and (3) replacing the information499

gain-based symptom pruning strategy with random500

or frequency-based alternatives. As shown in Ta-501

ble 2, the full framework consistently achieves the502

highest diagnostic accuracy. Removing KG inte-503

gration leads to a significant performance drop,504

underscoring the critical role of structured exter-505

nal knowledge. Meanwhile, omitting dialogue his-506

tory summarization results in incomplete patient507

records, which impairs contextual coherence over508

multi-turn interactions. Finally, both random and509

frequency-based symptom pruning strategies re-510

sult in lower accuracy than our information-gain511

approach, confirming that targeted, discriminative512

symptom selection is essential. Together, these513

Figure 4: (a) Impact of candidate disease settings on
accuracy. (b) Effect of k on Accuracy where k is defined
as the ratio of the number of candidate diseases to the
number of related symptoms from the KG.

findings validate the necessity of each key compo- 514

nent in our design. 515

5.5 Hyper parameter Selection 516

We performed controlled experiments to determine 517

the optimal settings for two key hyperparameters. 518

First, we examined how the number of candidate 519

diseases affects accuracy. Figure 4(a) shows that 520

accuracy peaks at 5 candidates and declines with 521

more, as low-relevance candidates introduce noise. 522

In practice, we recommend finding the optimal 523

value by testing on a small sampled dataset. Sec- 524

ond, we tested symptom sampling by defining k as 525

the average symptoms per candidate disease. Fig- 526

ure 4(b) indicates optimal performance at k = 1, 527

implying that focused symptom selection maxi- 528

mizes discrimination while avoiding redundancy. 529

6 Conclusion 530

In this work, we present MedKGI, a framework 531

that formalize multi-step clinical diagnosis as an 532

active, knowledge-guided, and iterative refinement 533

process. By integrating a medical KG for hypothe- 534

sis grounding, an information gain–driven inquiry 535

strategy for diagnostic uncertainty reduction, and a 536

structured diagnostic record aligned with clinical 537

standards, MedKGI enables systematic and effi- 538

cient differential diagnosis in multi-turn dialogues. 539

Unlike existing approaches that rely on static re- 540

trieval, heuristic questioning, or ungrounded LLM 541

reasoning, our framework explicitly models the 542

evolving clinical state and optimizes each diag- 543

nostic step toward maximal discriminative power. 544

Experimental results demonstrate that MedKGI 545

achieves both superior diagnostic accuracy and dia- 546

logue efficiency. 547
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Limitations548

While MedKGI demonstrates promising perfor-549

mance in differential diagnosis, there are several550

limitations that warrant discussion. First, our pa-551

tient simulation relies on LLM-generated case de-552

scriptions that may not fully capture the ambiguity553

of real patient narratives. Critically, our patient554

agent assumes cooperative and coherent symptom555

reporting, reflecting an idealized clinical interac-556

tion. In reality, patients often exhibit cognitive or557

linguistic biases: underreporting stigmatized symp-558

toms, inaccurate recall, or anxiety-driven concerns559

rather than physiological reasoning. In addition,560

our information gain computations assume con-561

ditional independence among symptoms given a562

disease and employ uniform likelihood over symp-563

tom–disease edges in KG. This assumption may564

lead to suboptimal question selection when dis-565

eases are distinguished primarily by complex symp-566

tom patterns.567

Ethical Consideration568

The application of AI in diagnosis support has569

raised ethical concerns that we carefully acknowl-570

edge. MedKGI is proposed as a diagnostic reason-571

ing assistant rather than a replacement for licensed572

doctors. All outputs must be validated by human573

doctors before any clinical action is taken. Our574

evaluation data are derived from publicly available575

and anonymized datasets agent-MedQA, agent-576

CMB and NEJM Image Challenge. No real patient577

records are used, ensuring compliance with privacy578

standards.579
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A KG Implementation802

To provide a clinically grounded foundation for803

our framework, we utilize PrimeKG (Precision804

Medicine Knowledge Graph) (Chandak et al.,805

2023), which is a comprehensive resource that in-806

tegrates over 20 high-quality primary sources, in-807

cluding Orphanet, Mayo Clinic, and DrugBank.808

PrimeKG comprises:809

• Nodes: Approximately 17,000 disease entities810

and 1,300 symptom entities.811

• Edges: We prioritize two primary relationship812

types:813

– Disease-Symptom: Indicating clinical814

manifestations associated with specific815

pathologies.816

– Disease-Disease: Representing comor-817

bidity links and hierarchical relationships818

(e.g., “is-a” or “part-of” relations) that as-819

sist in differential grouping.820

B Detailed Description of Baselines821

We provide a comprehensive overview of the 12822

baseline methods used in our experiments:823

• Dialog-Based Methods. AgentClinic824

(Schmidgall et al., 2024): Simulates clini-825

cian–patient dialogues for diagnosis. CoT826

(Chain-of-Thought): Appends “Let’s think827

step by step” to encourage explicit reason-828

ing. Huatuo (Wang et al., 2023) and (Chen829

et al., 2023): Representative specialized medi-830

cal LLMs.831

• KG-Based Methods. MCTS-BT: Uses832

Monte Carlo Tree Search with backtracking833

for hypothesis refinement. MCTS-MV: Ex-834

tends MCTS by ranking symptom queries835

based on contextual informativeness. UoT836

(Unit of Thought) (Hu et al., 2024): Con-837

structs symptom-centric “units” around con-838

firmed positive symptoms and prioritizes839

structural importance.840

• KG-Based Methods. MEDIQ (Li et al.,841

2024): A diagnostic agent implementing mul-842

tiple diagnostic strategies through sequential843

dialogues. CoD (Chen et al., 2025a): Se-844

lects questions by maximizing information845

entropy over candidate diseases. DDO (Jia846

et al., 2025b): a multi-agent framework that847

dynamically chooses symptoms using diverse 848

strategies. MEDDxAgent (Rose et al., 2025): 849

Adapts questioning strategy based on diagnos- 850

tic uncertainty. 851

• SFT-Based Methods. SFT / SFT-GT: Fine- 852

tuning on Qwen3-8B using generated dia- 853

logues by AgentClinic (Schmidgall et al., 854

2024), with or without ground-truth labels re- 855

spectively. 856

C Dataset and Case Generation 857

C.1 Prompt for OSCE Case Generation 858

We use the following prompt to generate standard- 859

ized Objective Structured Clinical Examination 860

(OSCE) scenarios for evaluation. The prompt in- 861

structs the LLM to produce a structured JSON 862

containing patient demographics, symptom history, 863

physical findings, test results, and the ground-truth 864

diagnosis while providing only the clinical objec- 865

tive to the Doctor Agent. 866

Figure 5: Prompt Template for OSCE Case Generation.

Please generate a sample Objective
Structured Clinical Examination (OSCE) for
the patient actor and the doctor, including
what the correct diagnosis should be as a
structured JSON.

Only provide the doctor with the objective
and provide "test results" as a separate
category. Provide these for a primary care
doctor exam.

Generate an OSCE for the following case
study. Please read the answer category for
the correct diagnosis. Here is an example of

correcting the OSCE format {example} .

Please create a new one here:

An example output is shown in Figure 6. 867

D Implementation Details 868

D.1 Base Model and Inference Configuration 869

- Base models: Qwen3-8B, Meta-Llama-3.1-8B- 870

Instruct, and 871

- Inference temperature: 0.05 872

- Max tokens: 2048 873

D.2 Knowledge Graph Statistics 874

We use PrimeKG (Chandak et al., 2023), which 875

contains: 876
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- 17,080 disease nodes877

- 3,357 symptom nodes878

- 1,361 disease–disease relationships879

- 11,072 disease–symptom relationships880

D.3 LoRA Fine-Tuning Hyperparameters881

We fine-tune the base LLM using Low-Rank Adap-882

tation (LoRA) (Hu et al., 2021) with the following883

configuration:884

- Learning rate: 2e-4885

- Batch size:886

- per_device_train_batch_size = 2887

- gradient_accumulation_steps = 4888

- Effective batch size = 2 × 4 = 8889

- LoRA rank (r): 8890

- Target modules: ["q_proj", "k_proj",891

"v_proj", "o_proj"]892

- LoRA alpha: 32893

- Dropout: 0.1894

- Training epochs: 3895

- Warmup steps: 1,000896

E Prompt for Entity Extraction and897

Evaluation898

Symptom Entity Extraction. For symptom ex-899

traction from patient utterances, we employ the900

following prompt:901

Diagnostic Accuracy Judgment. To evaluate902

whether the Doctor Agent’s final diagnosis matches903

the ground truth, we use the judgment prompt:904

Figure 7: Prompt Template for Diagnosis Accuracy
Check.

You are responsible for determining if the
correct diagnosis and the doctor's diagnosis
are the same disease. Please respond only

with Yes or No. Nothing else.
Here is the correct diagnosis:

{ground truth diagnosis}

Here was the doctor diagnosis:

{doctor diagnosis}

Are these the same?

F Prompt for Diagnostic Record905

Initialization and Update906

To ensure consistency of Diagnostic Record907

throughout the diagnosis process, we use a prompt908

that guides the LLM to perform evidence-based909

updates:910

Figure 6: Prompt Template for Symptom Entity Extrac-
tion.

You are a helpful assistant with expertise
in medical symptom identification.
Please identify and extract all disease and
symptom entities from the following sentence.

Each entity must be no longer than 5
characters.

Rules:
1. Include symptoms that are affirmed (

positive) in the "positive" list
2. Include symptoms that are explicitly

denied (negative) in the "negative" list
3. Pay special attention to negation

words like "no", "not", "don't", "haven't",
"can still", which typically indicate
negative symptoms

Return the result in valid JSON format as
shown below (without any markdown formatting
and explanation):

{
"positive": ["Symptom 1", "Symptom

2", ...],
"negative": ["Symptom 3", "Symptom

4", ...]
}

Sentence: {sentence} .

Figure 8: Prompt Template for Diagnostic Record Ini-
tialization and Update.

You are an experienced medical scribe.
Your task is to read the patient's latest
utterance and incrementally update the
structured summary below.
Rules:

1. Add or revise only facts confirmed in
the CURRENT utterance.

2. Preserve all existing information
that is not contradicted.

3. Use the exact JSON schema that was
provided (do not create new keys).

4. Return only the updated JSON object,
with no extra commentary (without any
markdown formatting).

Schema: {schema}

Current structured summary:

{current diagnostic record}

Latest patient utterance: {schema}
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G Prompt for Agent Initialization and911

Diagnosis912

To simulate realistic clinical interactions, we imple-913

ment a multi-agent diagnostic framework compris-914

ing three specialized agents: doctor agent, Patient915

Agent, and Measurement Agent with each guided916

by prompts to enforce specific behaviors and con-917

straints.918

The doctor agent adopts a constrained prompt919

specifying question limits Tmax and tracks the920

count of asked questions tcurrent.921

Figure 9: Prompt Template for doctor agent Initializa-
tion.

You are a doctor named Dr. Agent who only
responds in the form of dialogue. You are
inspecting a patient whom you will ask
questions in order to understand their
disease.

You are allowed to ask {T_max} questions

total before you must make a decision, and

have asked {t_current} questions so far.

Additionally, during the doctor agent ’s differ-922

ential diagnosis, we employ the following prompt923

template, which integrates patient demographics,924

recent dialogue history, structured clinical findings,925

and relevant medical knowledge extracted from the926

knowledge graph.927

Figure 10: Prompt Template for doctor agent Differen-
tial Diagnosis.

Age: {age}

Gender: {gender}

Chief Complaint: {chief complaint}

Recent dialogue history:

{3 recent dialogue turns}

Medical record

Chief Complaint: {chief complaint}

Symptoms: {symptoms}

Recent medical examinations:

{recent medical examinations}

Knowledge Graph Context
Relevant medical knowledge represented as

triples: {simplified subgraph triples}

The Patient Agent prevents patients from reveal- 928

ing diagnostic results directly, forcing the doctor 929

agent to make diagnoses through symptom reason- 930

ing. 931

Figure 11: Prompt Template for Patient Agent Initial-
ization.

You're a patient in a clinic. The doctor
will ask questions or order exams to figure
out your illness.
Below is all of your information:

{patient profile}

Never name your disease and only describe
symptoms naturally: how they feel, when they
flare, or how they affect you.

The Measurement Agent adopts a standard- 932

ized result output format (RESULTS: [results 933

here]), ensuring parseability of medical examina- 934

tion results. 935

Figure 12: Prompt Template for Measurement Agent
Initialization.

You are a measurement reader who responds
with medical test results. Please respond in
the format "RESULTS: [results here]".
Below is all of the information you have:

{medical examinations} . If the requested

results are not in your data, then you can
respond with NORMAL READINGS.
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Figure 13: An example of OSCE Case.

{
"OSCE Examination": {

"Objective for Doctor": "Assess and diagnose the patient presenting with acute abdominal pain
.",

"Patient Actor": {
"Demographics": "30-year-old female",
"History": "The patient complains of sudden onset of sharp, right lower quadrant

abdominal pain since last night. The pain has progressively worsened over the last 12 hours. She
mentions that she felt nauseous this morning but has not vomited. No recent changes in bowel
habits or urinary symptoms have been reported.",

"Symptoms": {
"Primary Symptom": "Sharp, right lower quadrant abdominal pain",
"Secondary Symptoms": ["Nausea", "No vomiting", "No change in bowel habits", "No

urinary symptoms"]
},
"Past Medical History": "No significant past medical history. No previous surgeries.",
"Social History": "Non-smoker, occasional alcohol use. Works as a software developer.",
"Review of Systems": "Denies fever, vomiting, diarrhea, dysuria, or flank pain."

},
"Physical Examination Findings": {

"Vital Signs": {
"Temperature": "37.2 ◦C (99 ◦F)",
"Blood Pressure": "120/75 mmHg",
"Heart Rate": "78 bpm",
"Respiratory Rate": "16 breaths/min"

},
"Abdominal Examination": {

"Inspection": "No distension or visible masses.",
"Auscultation": "Normal bowel sounds.",
"Percussion": "Tympanic throughout, no shifting dullness.",
"Palpation": "Tenderness in the right lower quadrant. No guarding or rebound

tenderness. Rovsing's sign positive, suggesting peritoneal irritation."
}

},
"Test Results": {

"Complete Blood Count": {
"WBC": "12,000 /µL (elevated)",
"Hemoglobin": "13.5 g/dL",
"Platelets": "250,000 /µL"

},
"Urinalysis": {

"Appearance": "Clear",
"WBC": "2-5 /HPF",
"RBC": "0-2 /HPF",
"Nitrites": "Negative",
"Leukocyte Esterase": "Negative"

},
"Imaging": {

"Ultrasound Abdomen": {
"Findings": "Enlarged appendix with wall thickening and fluid collection. No evidence

of ovarian cyst or ectopic pregnancy."
}

}
},
"Correct Diagnosis": "Acute Appendicitis"

}
}
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