
ReGraM: Region-First Knowledge Graph Reasoning for Medical Question
Answering

Anonymous ACL submission

Abstract001

Recent studies in medical question answering002
(Medical QA) have actively explored the in-003
tegration of large language models (LLMs)004
with biomedical knowledge graphs (KGs) to005
improve factual accuracy. However, most exist-006
ing approaches still rely on traversing the entire007
KG or performing large-scale retrieval, which008
introduces substantial noise and leads to unsta-009
ble multi-hop reasoning. We argue that the core010
challenge lies not in expanding access to knowl-011
edge, but in identifying and reasoning over the012
appropriate subset of evidence for each query.013
ReGraM is a region-first knowledge graph rea-014
soning framework that addresses this challenge015
by constructing a query-aligned subgraph and016
performing stepwise reasoning constrained to017
this localized region under multiple evidence-018
aware modes. By focusing inference on only019
the most relevant portion of the KG, ReGraM020
departs from the assumption that all relations021
are equally useful—an assumption that rarely022
holds in domain-specific medical settings. Ex-023
periments on seven medical QA benchmarks024
demonstrate that ReGraM consistently outper-025
forms a strong baseline (KGARevion), achiev-026
ing an 8.04% absolute accuracy gain on MCQ,027
a 4.50% gain on SAQ, and a 42.9% reduction028
in hallucination rate. Ablation and qualitative029
analyses further show that aligning region con-030
struction with hop-wise reasoning is the pri-031
mary driver of these improvements. Overall,032
our results highlight region-first KG reasoning033
as an effective paradigm for improving factual034
accuracy and consistency in medical QA.035

1 Introduction036

Medical question answering (Medical QA) increas-037

ingly requires multi-hop reasoning that connects038

symptoms, mechanisms, diagnoses, treatments,039

and molecular interactions (Xie et al., 2024; Sing-040

hal et al., 2025; Wu et al., 2025).041

Despite this growing demand, most existing042

LLM-based Medical QA systems still rely on shal-043

low, retrieval-based reasoning. Even methods de- 044

signed for multi-hop inference often lack explicit 045

structural constraints, causing reasoning chains to 046

drift across unrelated biomedical concepts. As a 047

result, clinical evaluations frequently report medi- 048

cal hallucinations—plausible but unsupported state- 049

ments that pose serious safety risks in real-world 050

applications (Saab et al., 2024; Williams et al., 051

2024). To address these issues, recent work has 052

integrated large language models with biomedical 053

KGs through KG-based QA, KG-RAG, and graph- 054

constrained prompting (Zeng et al., 2025; Sui et al., 055

2025; Shi et al., 2025; Long et al., 2024). Methods 056

such as KGARevion further apply post-hoc veri- 057

fication of LLM-generated triplets against a KG 058

(Jeong et al., 2024). However, most KG-based ap- 059

proaches still treat the KG as a flat search space 060

spanning heterogeneous biomedical subdomains 061

and relation types (Chandak et al., 2023). Because 062

typical queries require only a small, task-relevant 063

subset of the KG, global traversal introduces sub- 064

stantial retrieval noise that accumulates over multi- 065

hop reasoning and destabilizes inference (Su et al., 066

2024; Jeong et al., 2024; Wu et al., 2025). 067

We propose a different design principle: rather 068

than exploring the entire KG prior to reasoning, 069

we first construct a semantically aligned subgraph 070

tailored to the query and constrain all subsequent 071

reasoning within that region. Unlike post-hoc verifi- 072

cation or soft context filtering, this region is treated 073

as a hard structural boundary throughout multi- 074

hop inference, preventing semantically irrelevant 075

relations from intervening once reasoning begins. 076

We instantiate this principle in a framework called 077

ReGraM, which performs query typing, region se- 078

lection, evidence-aware reasoning, and verification 079

entirely within a localized KG region. This design 080

enforces early restriction of the reasoning space 081

and promotes factual consistency by structurally 082

excluding irrelevant relations. 083

We evaluate ReGraM on PrimeKG using the 084
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same entity set and relation schema as KGARevion085

to ensure a controlled comparison. To improve086

region construction, we refine the relation descrip-087

tion map used for retrieval and prompting, without088

modifying the underlying KG.089

Although evaluated in the medical domain, the090

region-first principle generalizes to other structured091

domains with high relational complexity. Our main092

contributions are as follows:093

1. We propose ReGraM, a region-first KG reason-094

ing framework that constructs a query-aligned095

subgraph and performs reasoning via multi-hop096

decomposition within it. This design struc-097

turally constrains the reasoning space and miti-098

gates semantic drift by excluding irrelevant rela-099

tions.100

2. We demonstrate substantial empirical gains: an101

8.04% improvement in MCQ accuracy, a 4.50%102

improvement in SAQ accuracy, a 32–48% reduc-103

tion in hallucination rates, and a 46% reduction104

in inference latency across seven medical QA105

benchmarks and multiple hallucination testbeds.106

3. We conduct ablation and error analyses showing107

that region selection and multi-hop decomposi-108

tion are critical to factual consistency, and we109

validate the contribution of each module to over-110

all system stability.111

2 Related Work112

2.1 LLM-based Reasoning and Multi-hop113

Inference114

Medical question answering (MedQA) requires115

multi-hop reasoning that connects diverse biomedi-116

cal concepts in a stepwise manner, which is chal-117

lenging for single-step retrieval-based approaches.118

To address this challenge, a wide range of LLM-119

based reasoning methods have been proposed, in-120

cluding Chain-of-Thought and its variants, ReAct,121

Reflexion, SelfCheck, and STaR (Wei et al., 2022;122

Yao et al., 2022; Shinn et al., 2023; Manakul et al.,123

2023; Zelikman et al., 2024). However, these meth-124

ods typically rely on the LLM’s internal knowl-125

edge without external structural constraints, often126

leading to reasoning drift, cumulative errors, and127

factual hallucinations in complex biomedical sce-128

narios (Bang et al., 2023; Huang et al., 2025).129

In particular, many MedQA tasks require con-130

necting multiple entities across relational chains.131

LLMs alone struggle to maintain consistency132

across these hops, highlighting the need to incorpo-133

rate external structured knowledge—such as knowl-134

edge graphs (KGs)—to provide relational ground- 135

ing and guide multi-hop inference (Chen et al., 136

2019; Luo et al., 2023; Sakarvadia, 2024). 137

2.2 KG-based Reasoning for Medical QA 138

To improve factual grounding, a variety of mod- 139

els have explored knowledge graph-based QA in 140

the biomedical domain, including QAGNN (Ya- 141

sunaga et al., 2021), JointLK (Sun et al., 2022), 142

KagNet (Lin et al., 2019), MedReason (Wu et al., 143

2025), and ontology-guided KGQA (Liu et al., 144

2025). While effective in incorporating KG struc- 145

ture, these methods typically operate over the en- 146

tire graph without explicitly tailoring the reasoning 147

space to the query context. 148

In large-scale biomedical KGs such as PrimeKG, 149

full-graph traversal introduces irrelevant relations, 150

propagates retrieval noise, and fragments evidence 151

due to sparsity (Zhai et al., 2024; Mavi et al., 2023; 152

Chandak et al., 2023). Some recent methods ad- 153

dress this issue by incorporating verification mech- 154

anisms (e.g., KGARevion (Su et al., 2024)) or by 155

organizing retrieval contexts using graph structure 156

(e.g., GraphRAG (Xiao et al., 2025) and Med- 157

GraphRAG (Wu et al., 2025)). However, these 158

approaches often treat KG retrieval as a preprocess- 159

ing step, leaving the subsequent reasoning process 160

unconstrained beyond the retrieved context. As a 161

result, retrieval noise and semantically irrelevant re- 162

lations can still influence downstream reasoning, es- 163

pecially in multi-hop and generative settings. This 164

issue is particularly pronounced in generative QA, 165

where early retrieval errors can propagate and com- 166

pound across reasoning steps. 167

In contrast, our work imposes an explicit struc- 168

tural boundary before reasoning begins. Rather 169

than applying KG pruning post hoc or relying on 170

soft context filtering, we define a query-specific 171

subgraph as the primary reasoning space, ensur- 172

ing that multi-hop inference remains structurally 173

grounded throughout the entire process. 174

3 Method 175

Figure 1 presents an overview of ReGraM. Re- 176

GraM is a region-first knowledge graph reason- 177

ing framework that constructs a query-aligned sub- 178

graph and performs multi-hop reasoning under a 179

hard region constraint. 180

This section describes the overall framework and 181

its core components. Additional implementation 182

details, prompt templates, and qualitative examples 183
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Figure 1: Overview of the ReGraM framework. Given a medical query, ReGraM constructs a query-aligned local knowledge
graph region and performs reasoning exclusively within the selected region to generate the final answer.

are provided in the appendix.184

3.1 Query Typing and Decomposition185

ReGraM begins by analyzing the structure of186

the input query to guide subsequent region187

construction. Given an input query Q, the188

model first classifies it into one of five high-level189

medical domains (GENE/PROTEIN, DRUG/THERAPY,190

DISEASE/SYMPTOM, PATHWAY/METABOLISM, or191

INTEGRATED) using an LLM-based classification192

prompt. The predicted domain serves as a semantic193

prior for adjusting relation importance during KG194

region selection.195

The query is then decomposed into up to three196

sub-questions using a one-shot CoT prompt, align-197

ing the reasoning process with the underlying multi-198

hop structure (Appendix A and Figure 3).199

3.2 Region Selection200

For each sub-question qi, ReGraM constructs a201

localized KG region rather than retrieving from the202

full graph. Medical entities are extracted using the203

UMLS linker in SciSpaCy (Neumann et al., 2019;204

Bodenreider, 2004) and expanded into an enriched205

entity set Eexp via UMLS synonyms, custom alias206

dictionaries curated from PrimeKG node attributes,207

and fuzzy string matching (similarity ≥ 90) with 208

RapidFuzz (?). 209

Candidate triplets Tcand connected to Eexp 210

are collected from the KG and reweighted us- 211

ing domain-specific relation weights wr ∈ 212

{0.5, 0.8, 1.0, 1.2, 1.5}, which encode the rele- 213

vance of each relation type to the predicted query 214

domain. To prioritize both semantic relevance and 215

evidence diversity, triplets are re-ranked using a 216

weighted Maximal Marginal Relevance (MMR) 217

criterion (Carbonell and Goldstein, 1998): 218

MMR(t) = λ Sim(qi, t)wr

− (1− λ) max
t′∈S

Sim(t, t′)
(1) 219

Here, Sim(·, ·) denotes the cosine simi- 220

larity between Sentence-BERT embeddings 221

(all-MiniLM-L6-v2) of the sub-question qi and 222

the textual representation of a triplet t (Reimers 223

and Gurevych, 2019). The second term penalizes 224

redundancy by discouraging selection of triplets 225

that are semantically similar to previously selected 226

ones, where S denotes the set of triplets already 227

chosen for the current region. The hyperparameter 228

λ = 0.7 balances relevance and diversity during 229
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region construction.230

The top-K ranked triplets (with K = 15) consti-231

tute the query-specific KG region Gq = (Vq, Eq),232

where Eq is the selected triplet set and Vq con-233

tains all head and tail entities appearing in Eq. All234

subsequent knowledge access operations during235

reasoning are restricted to this region, formally236

denoted as Lookup(qi) ⊆ Gq. This restriction237

enforces region-constrained reasoning by prevent-238

ing the model from accessing relations outside the239

query-aligned subgraph (see Appendix B).240

ReGraM does not modify the underlying KG;241

performance gains stem from structurally bounding242

inference within a query-aligned subgraph. This de-243

sign enables the model to more effectively interpret244

and utilize the semantic structure already encoded245

in PrimeKG, for example by distinguishing clini-246

cally relevant relations from generic associations247

during region construction.248

3.3 Evidence-aware Dynamic Reasoning249

ReGraM adapts its reasoning behavior based on the250

amount of retrieved evidence. We unify the notion251

of hop count across modules by fixing the maxi-252

mum number of reasoning steps to H = 3, imple-253

mented as up to three decomposed sub-questions.254

No additional graph-walk or in-region traversal255

depth is introduced beyond these steps; all reason-256

ing is organized within this fixed hop budget.257

Let Nfacts denote the number of region triplets258

available for a given sub-question. Based on Nfacts,259

the model dynamically switches among three rea-260

soning modes. Importantly, even when hypothesis261

generation is permitted, reasoning remains con-262

strained. Across all modes, ReGraM operates un-263

der a closed-world assumption: entities must be-264

long to Vq, and relations must be selected from a265

predefined schema set R.266

KG-STRICT relies solely on region evidence267

when sufficient facts are available, while LLM-268

GUESS falls back to parametric knowledge when269

no region evidence exists. HYBRID performs270

constrained hypothesis completion using only in-271

region entities and schema-allowed relations, fol-272

lowed by Reviewer verification, enabling limited273

generalization when KG evidence is partial but non-274

empty. All reasoning steps are executed strictly275

within the selected region Gq, with the total num-276

ber of reasoning steps fixed to H = 3 for stability.277

3.4 Verify & Revise Loop 278

In HYBRID mode, ReGraM employs a verifica- 279

tion mechanism to control hallucinated or incon- 280

sistent hypotheses. Generated triplets are evalu- 281

ated by a LoRA-tuned Llama-3.1-8B binary classi- 282

fier, referred to as the Reviewer (Hu et al., 2022; 283

Grattafiori et al., 2024). The Reviewer assigns a 284

score sθ to each triplet and accepts it as valid if 285

sθ ≥ 0.5. 286

Triplets rejected by the Reviewer are not dis- 287

carded immediately; instead, they are passed to 288

a revision prompt that attempts to correct seman- 289

tic or schema-level inconsistencies. The revised 290

triplets are then re-evaluated by the Reviewer. This 291

verification–revision loop runs for up to two iter- 292

ations, and only Reviewer-approved triplets are 293

incorporated into the reasoning evidence (see Ap- 294

pendix A and Figure 5). 295

3.5 Answer Synthesis 296

Throughout reasoning, ReGraM stores intermedi- 297

ate sub-answers and supporting evidence in an 298

Evidence Map. Final answer generation is per- 299

formed using mode-specific synthesis templates: 300

KG-STRICT produces concise factual answers 301

grounded solely in region evidence; HYBRID gen- 302

erates stepwise explanations based on Reviewer- 303

verified triplets; and LLM-GUESS explicitly in- 304

dicates missing KG evidence while providing a 305

plausible answer. 306

The Answer Synthesizer integrates hop-level 307

outputs into a coherent final response grounded in 308

the accumulated evidence (see Appendix A, Fig- 309

ures 6–9). Taken together, ReGraM’s region-first 310

design separates where to reason (region construc- 311

tion) from how to reason (evidence-aware infer- 312

ence), allowing reasoning behavior to adapt to evi- 313

dence availability. 314

4 Experiments 315

This section analyzes how region-first KG reason- 316

ing affects medical QA accuracy, hallucination ro- 317

bustness, and reasoning efficiency. All experiments 318

compare ReGraM with the baseline KGARevion 319

under identical settings. Both methods operate on 320

the same biomedical knowledge graph, PrimeKG, 321

with the same entity set and relation schema. 322

4.1 Experimental Setup 323

Both ReGraM and KGARevion are based on 324

Llama-3.1-8B and operate on the same biomedical 325

4



Task Metric Model Basic Inter. Expert MedQA Afrimed MMLU PubMed Avg

MCQ ACC ↑
KGARevion 38.8 35.0 33.8 51.7 49.9 62.8 54.8 46.2
ReGraM 47.1 45.0 45.9 54.4 56.5 65.7 64.9 54.2

∆ +8.3 +9.9 +12.1 +2.7 +6.6 +2.9 +10.1 +8.0

SAQ

ACC ↑
KGARevion 10.2 13.9 14.8 36.5 26.1 65.7 53.5 31.5
ReGraM 11.3 13.9 20.8 51.0 47.1 65.5 44.7 36.0

∆ +1.1 0.0 +6.0 +14.5 +21.0 -0.3 -8.8 +4.5

IS ↓
KGARevion 57.5 53.8 57.6 52.9 23.7 41.8 36.0 46.2
ReGraM 30.5 32.0 30.1 28.2 16.1 23.8 24.4 26.4

∆IS 27.0 40.5 47.7 46.7 32.1 43.1 32.2 42.9

Table 1: Performance of ReGraM and KGARevion on seven medical QA benchmarks. ACC denotes accuracy (%), and IS de-
notes the hallucination inconsistency score evaluated only for SAQ (lower is better). ∆ indicates absolute accuracy improvement
(percentage points), and ∆IS denotes relative reduction for IS (%), computed as (ISKGARevion − ISReGraM)/ISKGARevion × 100.

knowledge graph, PrimeKG, under identical train-326

ing and inference settings. No additional knowl-327

edge graphs, entities, relations, or edges are intro-328

duced in ReGraM.329

The key difference lies in how relational knowl-330

edge is utilized. ReGraM extends the relation de-331

scription map originally used in KGARevion to332

more comprehensively cover the diverse relation333

types present in PrimeKG. This extension does334

not alter the knowledge available to the model,335

but ensures that domain-relevant relations are not336

systematically underweighted when the reasoning337

space is explicitly constrained. As a result, re-338

gion construction more accurately aligns retrieved339

triplets with the query intent, while preserving a340

fully controlled KG setting. Performance gains in341

ReGraM are not attributable to increased knowl-342

edge coverage, as the underlying knowledge graph343

remains unchanged. Instead, improvements stem344

from semantically interpreting and structurally con-345

straining existing PrimeKG relations during region346

construction and reasoning.347

Traditional KG-QA models such as QAGNN,348

JointLK, and KagNet assume supervised QA train-349

ing and differ fundamentally from our generative350

KG-alignment objective. ReGraM is positioned as351

a structural extension of KGARevion under identi-352

cal training and inference settings; accordingly, we353

focus on a controlled comparison to isolate the ef-354

fect of region-first bounding. Broader comparisons355

to KG-RAG or GraphRAG-style baselines are left356

to future work. Experiments were conducted on357

seven medical QA benchmarks: MedDDx-Basic,358

MedDDx-Intermediate, MedDDx-Expert, MedQA,359

PubMedQA, MMLU-Medical, and AfrimedQA.360

For readability, we refer to the three MedDDx361

variants as Basic, Intermediate, and Expert in ta-362

bles and figures. Overall, region-first reasoning363

improves stability under the semantic diversity of 364

PrimeKG relations. 365

4.2 Evaluation Protocols 366

We evaluate model performance along two axes: 367

accuracy and hallucination robustness. Standard 368

medical QA benchmarks are assessed under both 369

multiple-choice (MCQ) and short-answer (SAQ) 370

settings, while hallucination robustness is evaluated 371

using the MedHallu and Med-HALT benchmarks. 372

Standard Medical QA Benchmarks (MCQ & 373

SAQ) In the MCQ setting, each model receives 374

a question with candidate options and outputs an 375

answer choice, and we report exact-match accu- 376

racy. In the SAQ setting, the model generates an 377

open-ended answer. Because embedding similar- 378

ity alone does not reliably capture biomedical cor- 379

rectness, we employ an LLM-as-a-Judge protocol 380

(Badshah and Sajjad, 2025; Chang et al., 2024) us- 381

ing GPT-4o to assess semantic alignment between 382

generated and reference answers. Following com- 383

mon practice, outputs with a similarity score of at 384

least 0.8 are treated as correct, and the same judge 385

and threshold are used for both methods to ensure 386

a controlled comparison. Evaluation prompts are 387

provided in Appendix A and Figure 10. 388

Hallucination Benchmarks (MedHallu, Med- 389

HALT) MedHallu (Huang et al., 2025) measures 390

factual accuracy, hallucination rate, and reasoning 391

error rate in free-form generation. Med-HALT (Wu 392

et al., 2025), on the other hand, evaluates model 393

stability under adversarial conditions through three 394

sub-tests: Fake Question Test (FQT), None-of-the- 395

Above (NOTA), and False Confidence Test (FCT). 396

Our LLM-based inconsistency analysis and Med- 397

Hallu evaluation follow the SAQ (open-ended) set- 398

ting, while Med-HALT adopts the MCQ (multiple- 399
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Domain KG Coverage (%) Mean IS

Drug_Therapy 68.14 5.08
Gene_Protein 60.30 5.97
Disease_Symptom 15.66 7.16
Pathway_Metab. 26.31 5.42
Integrated 83.52 6.83

Table 2: Domain-wise hallucination inconsistency score (IS)
vs KG coverage. Higher coverage generally leads to lower IS.

choice) discriminative format. Evaluation prompts400

and parsing rules are provided in Appendix A and401

Figure 12.402

For MedHallu’s semantic alignment score (MH-403

Sim), we use GPT-4o to measure the similarity404

between the generated answer and the ground-truth405

answer on a 0–100 scale, and report the average406

score across samples.407

4.3 Main Results on Medical QA Performance408

Table 1 summarizes the comparative performance409

of ReGraM and KGARevion across seven med-410

ical QA benchmarks under both multiple-choice411

(MCQ) and short-answer (SAQ) settings. We report412

absolute accuracy improvements (∆, percentage413

points) as well as relative reductions in inconsis-414

tency score (∆IS, percentage). Overall, ReGraM415

achieves consistent gains over the baseline, improv-416

ing MCQ accuracy by 8.04% and SAQ accuracy by417

4.50%, with particularly strong improvements on418

datasets requiring intensive multi-hop reasoning.419

ReGraM shows the largest gains on the MedDDx420

benchmarks (Basic, Intermediate, and Expert), all421

of which involve compositional reasoning across422

multiple biomedical entities.423

In the SAQ setting, ReGraM yields substan-424

tial improvements on MedQA (14.50%) and425

AfrimedQA (21.04%), both of which involve com-426

plex clinical scenarios that demand precise evi-427

dence alignment. These results indicate that in-428

tegrating semantic region selection with dynamic429

reasoning modes effectively improves open-ended430

answer generation.431

A performance trade-off is observed on Pub-432

MedQA (-8.85%), where KG evidence is sparse433

or weakly aligned with question semantics. This434

behavior reflects a design trade-off rather than a435

failure case: in datasets with limited KG cover-436

age, aggressive region restriction and conservative437

verification can under-retrieve relevant evidence438

needed for answer generation.439

Results in Table 1 are averaged over three runs440

(mean ± std). Observed improvements consistently441

exceed baseline variance, supporting the effective-442

Metric KGARevion ReGraM

MH-ACC 10.00 43.50
MH-Sim 0.00 54.70
MH-Hallu 90.00 89.00
MH-RError 100.00 72.00

Table 3: MedHallu results under SAQ. MH-ACC (↑): accu-
racy on a 0–100 scale. MH-Sim (↑): semantic similarity to
the ground-truth answer on a 0–100 scale. MH-Hallu (↓) and
MH-RError (↓): hallucination and reasoning error rates (%).

ness of the region-first design in enhancing accu- 443

racy and compositional reasoning across diverse 444

medical QA tasks. 445

4.4 Hallucination Evaluation Results 446

We evaluate hallucination robustness using IS 447

(SAQ), MedHallu (generative), and Med-HALT 448

(adversarial MCQ). 449

Dataset-wise Hallucination Reduction (IS) Ta- 450

ble 1 shows factual hallucination inconsistency 451

scores (IS) across datasets under the SAQ setting, 452

scored using an LLM-based inconsistency evalua- 453

tor (see Appendix A). ReGraM reduces the average 454

IS from 46.2 to 26.4, achieving a 42.9% reduc- 455

tion overall. The largest reductions are observed 456

in multi-hop–intensive datasets such as MedDDx- 457

Basic (–47.0%), MedDDx-Intermediate (–40.5%), 458

and MedDDx-Expert (–47.8%), demonstrating that 459

ReGraM is particularly effective where multi-step 460

reasoning is required. This indicates that region 461

bounding reduces drift, and the Reviewer sup- 462

presses unsupported steps. 463

Domain-wise Hallucination Robustness Ta- 464

ble 2 reports mean hallucination inconsistency 465

scores (IS) across five biomedical domains under 466

the SAQ setting. Overall, higher KG coverage 467

tends to correspond to lower hallucination rates; 468

for instance, the Drug_Therapy domain exhibits 469

the lowest IS. However, this relationship is not uni- 470

form across domains. Notably, the Integrated 471

domain shows relatively high IS despite having the 472

highest KG coverage. 473

We further conduct a finer-grained analysis in 474

Appendix C.7, demonstrating that hallucination ro- 475

bustness also depends on additional structural fac- 476

tors, including relation granularity, prompt design, 477

and evidence redundancy. 478

MedHallu: Free-form Generative Hallucination 479

Table 3 presents results on the MedHallu bench- 480

mark. While KGARevion hallucinates in nearly 481

all generated answers, ReGraM significantly im- 482

proves factual accuracy, semantic similarity, and 483
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Dataset Type ReGraM w/o Domain Prior ∆ (prior) w/o Multihop ∆ (multihop)

MedDDx-Expert MCQ 45.88 39.34 +6.54 41.41 +3.03
MedQA MCQ 54.38 56.48 −2.10 55.38 −1.00
MMLU-Med MCQ 65.72 67.77 −2.05 67.95 −2.23
PubMedQA MCQ 64.86 67.30 −2.44 67.30 −5.01

MedDDx-Expert SAQ 20.81 17.18 +3.63 18.43 +2.38
MedQA SAQ 51.03 2.91 +48.12 19.80 +29.28
MMLU-Med SAQ 65.45 5.33 +60.12 31.86 +33.59
PubMedQA SAQ 44.65 41.90 +2.75 42.30 +2.35

Table 4: Ablation results for ReGraM (MCQ and SAQ). Domain prior and multi-hop reasoning are both essential for maintaining
factual consistency.

Metric KGARevion ReGraM

FQT-ACC 22.00 24.80
FQT-Hallu 78.00 76.50
NOTA-ACC 22.00 19.67
NOTA-Hallu 78.00 80.33
FCT-ACC 22.00 25.19
FCT-Hallu 78.00 74.81

Table 5: MedHALT results. ACC (↑): accuracy. Hallu (↓):
hallucination rate.

reasoning reliability. These results demonstrate Re-484

GraM’s effectiveness in suppressing hallucinations485

under free-form generative settings.486

Med-HALT: Adversarial Discriminative Hallu-487

cination Table 5 presents performance on Med-488

HALT, which probes hallucination under adversar-489

ial conditions through Fake-Question (FQT), None-490

of-the-Above (NOTA), and False-Confidence Test491

(FCT). ReGraM outperforms KGARevion in the492

FCT sub-test (+3.19 ACC), indicating stronger fac-493

tual discrimination under confidence-sensitive eval-494

uation. However, performance slightly degrades495

on FQT and NOTA. This can be attributed to Re-496

GraM’s region-first design: while it discourages497

unsupported extrapolation, it also biases the model498

toward selecting the most plausible answer within499

the retrieved region. As a result, in adversarial500

settings where the correct response is to abstain501

(e.g., NOTA), ReGraM may over-commit to weak502

in-region evidence. Overall, these results highlight503

a fundamental trade-off between hallucination sup-504

pression and abstention under adversarial inputs.505

4.5 Efficiency Analysis506

ReGraM reduces MCQ latency by 46% via region-507

first design. SAQ latency slightly increases due to508

verification. Full results are in Appendix C.5.509

4.6 Ablation Studies510

To analyze how each structural component con-511

tributes to performance, we conducted ablation512

Metric ReGraM w/o Reviewer

SAQ Accuracy (avg.) ↑ 36.03 33.17
MedHallu Accuracy ↑ 43.50 0.00
MedHallu Similarity ↑ 54.70 0.00
MedHallu Hallucination ↓ 89.0 100.0
MedHallu Reasoning Error ↓ 72.0 100.0
Med-HALT FQT Hallu ↓ 74.81 97.67
Med-HALT FCT Accuracy ↑ 25.19 33.67

Table 6: Reviewer ablation. ReGraM vs. w/o Reviewer on QA
accuracy and hallucination benchmarks. Metrics are computed
under our GPT-4o–based automatic evaluation protocol on a
0–100 scale (higher is better for accuracy/similarity; lower is
better for hallucination/error rates, ↓).

studies targeting the region selector, multi-hop de- 513

composition, region refinement (MMR), reasoning 514

depth, and their interactions. 515

Effect of Domain Prior and Multi-hop Reason- 516

ing Table 4 compares the impact of removing 517

two core components of the region-first design: the 518

domain prior and multi-hop decomposition. Both 519

ablation settings retain the region selector but deac- 520

tivate either the semantic domain prior used during 521

region construction or the hop-by-hop decomposi- 522

tion used in reasoning. 523

Under the MCQ setting, removing either com- 524

ponent results in relatively mild changes. In con- 525

trast, under the SAQ setting, both ablations lead 526

to substantial performance degradation. In particu- 527

lar, w/o Domain Prior constructs regions without 528

domain-level semantic guidance, which weakens 529

relation reweighting during region selection and al- 530

lows semantically irrelevant triplets to dominate the 531

selected region. As a result, the evidence presented 532

to the reasoner becomes noisy and internally incon- 533

sistent, leading to sharp accuracy drops on MedQA 534

(51.03 → 2.91) and MMLU-Med (65.45 → 5.33). 535

Similarly, the w/o Multihop setting shows pro- 536

nounced degradation on multi-step reasoning tasks 537

such as MedQA (51.03 → 19.80) and MMLU-Med 538

(65.45 → 31.86), suggesting that single-step rea- 539

soning fails to reconstruct compositional dependen- 540
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cies across medical concepts.541

Overall, these results indicate that the factual542

stability and reasoning accuracy of ReGraM are543

jointly supported by (1) the domain prior, which544

stabilizes region construction by suppressing se-545

mantically irrelevant evidence, and (2) the multi-546

hop reasoning mechanism, which enables struc-547

tured inference over interdependent medical con-548

cepts.549

Reviewer Ablation: Accuracy vs. Stability550

Trade-off Table 6 summarizes the effect of re-551

moving the Reviewer. SAQ Accuracy (avg.) is552

averaged over four SAQ benchmarks (MedDDx-553

Expert, MedQA, MMLU-Med, and PubMedQA).554

Without the Reviewer, ReGraM experiences catas-555

trophic failure on MedHallu (0% accuracy, 100%556

hallucination), while performance on Med-HALT557

becomes inconsistent, hallucination increases, but558

some discriminative accuracy improves (e.g., FCT559

accuracy). These results highlight a central insight:560

the Reviewer enforces conservative generation be-561

havior that reduces hallucination, but may under-562

answer when KG evidence is limited. Such dis-563

criminative accuracy gains come at the cost of sub-564

stantially increased hallucination rates, underscor-565

ing the trade-off between discriminative confidence566

and factual reliability.567

Interaction Between Domain Prior and Multi-568

hop Reasoning Removing either the domain569

prior or multi-hop decomposition significantly re-570

duces accuracy, and removing both leads to catas-571

trophic failure, as shown in Appendix C.5.572

Region Refinement and Hop-depth Ablation573

results on MMR and hop-depth variation are pro-574

vided in Appendix C.2. The region refinement575

improves SAQ stability by reducing redundancy,576

and a hop depth of 3 yields optimal factuality-577

performance trade-offs.578

5 Discussion579

ReGraM suggests that instability in medical QA is580

not only a modeling issue but also a structural one.581

In particular, how and when the reasoning space582

is bounded can be as important as the choice of583

the underlying language model. Reasoning over584

a heterogeneous KG without explicit boundaries585

allows irrelevant relations to intervene, amplifying586

semantic drift in multi-hop and generative settings.587

By constructing a query-aligned region before rea-588

soning, ReGraM effectively bounds the reasoning589

space and improves robustness under both MCQ 590

and SAQ settings. 591

We observe a tension between precision and 592

completeness: strict region bounding may lead to 593

under-answering in low-coverage settings, whereas 594

dense domains benefit more consistently. This 595

trade-off is also reflected in adversarial settings 596

(e.g., NOTA), where strict in-region evidence can 597

bias the model toward a plausible in-region option 598

unless an explicit abstention mechanism is intro- 599

duced. These limitations and broader evaluation 600

caveats are discussed in Section 7. 601

6 Conclusion 602

This work introduced ReGraM, a region-first 603

KG reasoning framework for improving stability 604

and factuality in medical QA. ReGraM constructs 605

query-aligned local KG regions and performs rea- 606

soning within a bounded region, mitigating ineffi- 607

ciency and semantic drift in heterogeneous biomed- 608

ical KGs. Across seven medical QA benchmarks, 609

ReGraM improves accuracy over KGARevion by 610

8.04 points in MCQ and 4.50 points in SAQ, while 611

also reducing hallucinations and improving infer- 612

ence efficiency. Notably, these gains are achieved 613

using a lightweight 8B-scale language model with- 614

out task-specific fine-tuning, highlighting the prac- 615

tical efficiency and deployability of region-first rea- 616

soning in resource-constrained medical settings. 617

ReGraM remains robust under free-form genera- 618

tion and empirically suggests improved scalability 619

by maintaining a bounded reasoning space during 620

inference, although formal guarantees are left for 621

future work. By treating the KG as a structural 622

component that shapes reasoning, ReGraM enables 623

more controllable inference; future work will ex- 624

tend region-first reasoning to better handle answer- 625

absent queries via explicit abstention strategies. 626
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7 Limitations627

Despite the strong empirical performance of Re-628

GraM, several limitations remain and warrant care-629

ful consideration.630

Reliance on automatic evaluation protocols631

Our evaluation primarily relies on LLM-based au-632

tomatic judges rather than clinician-centered as-633

sessment. While this choice enables scalable and634

consistent benchmarking across diverse datasets, it635

cannot fully capture clinical appropriateness, safety,636

or decision validity in real-world medical contexts.637

Moreover, the reported inconsistency score (IS) is638

computed using a fixed scorer prompt with deter-639

ministic decoding, and its absolute value may vary640

depending on the evaluator model or prompt de-641

sign. Accordingly, IS should be interpreted primar-642

ily as a relative comparison under a fixed evaluation643

protocol. In future work, we plan to incorporate644

clinician-in-the-loop evaluation and scenario-based645

expert review to more comprehensively assess clin-646

ical reliability (Livingston et al., 2025).647

Dependence on relation semantic representa-648

tions ReGraM relies on PrimeKG as its sole649

knowledge base and does not introduce new entities650

or relations. The effectiveness of region selection651

therefore depends on how well relation semantics652

are captured by the relation description map. Al-653

though we expand and refine this map to better654

reflect PrimeKG’s relational diversity, some fine-655

grained or context-dependent relations may still656

be underrepresented. This limitation highlights an657

open challenge in representing domain semantics658

when reasoning is explicitly constrained to a lo-659

calized region. Improving automatic or learned660

relation semantic representations remains an im-661

portant direction for future work.662

Challenges in evidence aggregation at the de-663

cision stage Even when ReGraM successfully664

accumulates relevant evidence through region se-665

lection and multi-hop reasoning, final answer selec-666

tion can occasionally become misaligned with the667

supporting evidence (Appendix C.9, Example 2),668

particularly in discrete option selection scenarios.669

This observation suggests that robustness in med-670

ical QA depends not only on retrieving and veri-671

fying high-quality evidence, but also on how such672

evidence is aggregated, calibrated, and translated673

into final decisions. Improving evidence-aware674

aggregation and decision calibration remains an675

important direction for future research (Wen et al., 676

2025). 677

Limited scalability analysis ReGraM empiri- 678

cally reduces inference latency by reasoning over 679

compact, query-aligned regions rather than the full 680

knowledge graph. However, we do not provide a 681

formal asymptotic analysis with respect to KG size. 682

Consequently, observed efficiency gains may vary 683

depending on KG structure, domain distribution, 684

and reasoning depth. A more rigorous theoretical 685

and system-level analysis of scalability is left for 686

future work (Chen et al., 2025). 687

8 Ethics Statement 688

This work aims to improve the factual consistency 689

of medical question answering systems by con- 690

straining reasoning over a biomedical knowledge 691

graph. All experiments were conducted on publicly 692

available benchmark datasets using automatic eval- 693

uation protocols, and no private or patient-specific 694

data were used. 695

The generated outputs are not intended for clin- 696

ical use without human oversight, and the system 697

should not be deployed in real-world diagnostic 698

settings without expert review, as medical inaccu- 699

racies may still occur. 700

An anonymized version of the code and 701

additional materials is available at https:// 702

anonymous.4open.science/r/ReGraM-6B41/, 703

and will be fully released upon acceptance. 704
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A Prompt Templates Used in ReGraM927

ReGraM performs prompt-based reasoning across928

multiple stages, including query decomposition,929

region selection, reasoning, answer generation, and930

verification. This appendix visualizes the main931

prompts used at each stage of execution. Each932

prompt is designed according to its functional role,933

and curly brackets {} denote dynamically filled934

input slots at runtime.935

A.1 Reasoning Prompts936

Prompts for query decomposition, KG interaction,937

and hop-level synthesis.938

Prompt 1. Query Domain Classification Prompt

System: You are an expert biomedical query classifier.
Your task is to choose the single most relevant category
for the given query from the list below. The query may
span multiple domains; select the category that best
represents the main thrust of the question.
Category Options:
• "GENE_PROTEIN": Questions about genes, proteins,

interactions, expression.
• "DRUG_THERAPY": Questions about drugs, therapies,

treatments, side effects, indications.
• "DISEASE_SYMPTOM": Questions about diseases,

symptoms, phenotypes, diagnoses.
• "PATHWAY_METABOLISM": Questions about path-

ways, metabolism, or processes.
• "INTEGRATED": Complex questions spanning multi-

ple categories.
Query: {user_question}
Output (JSON only):

«JSON_START»
{"category": "DRUG_THERAPY"}
«JSON_END»

939
Figure 2: Query Domain Classification Prompt. Classifies
a question into one of five high-level biomedical domains
(GENE_PROTEIN, DRUG_THERAPY, etc.). The predicted
category is later used for relation weighting and KG region
selection

Prompt 2. Multi-hop CoT Decomposition Prompt

System: You are a world-class medical reasoning en-
gine. Your task is to decompose a complex medi-
cal question into up to three logical, answerable sub-
questions (hops). First, provide your reasoning process
(Analysis), then output the sub-questions as JSON.
Example:

User Query: "What drug that
targets the FLT4 gene also
suppresses inflammation?"

Analysis:
1. The primary entity is "FLT4".
2. The secondary condition is
"inflammation".
3. The task is to find a drug
connecting them.

940

Output (JSON):
{"hops": ["Hop 1: ...", "Hop 2:
...", "Hop 3: ..."]}

Task: User Query: «<{user_question}»> Your Re-
sponse: Provide both “Analysis” and “Final JSON”.

941
Figure 3: Multi-hop CoT Decomposition Prompt. Decom-
poses a query into up to three logical sub-questions (hops)
using a one-shot Chain-of-Thought prompt. Serves as the core
step for constructing ReGraM’s reasoning path

Prompt 3. Hypothetical Triplet Generation Prompt
(HYBRID Mode)

System: You are a cautious biomedical reasoning ex-
pert. Your goal is to generate logical triplets to answer
the given sub-question.
Sub-question: {hop_question}
Known Facts (from KG, may be empty):
{known_facts}
Rules:
1. Use only the information in “Known Facts”.
2. If insufficient, generate general, high-level plausi-

ble triplets.
3. Do not invent new entities or overly specific rela-

tions.
4. All generated triplets must use only entities present

in Vq and relations from the allowed schema set R.
Output (JSON only):

«JSON_START»
{"Triplets": [["entity_A",
"has_function", "function_X"],
...]}
«JSON_END»

942
Figure 4: Hypothetical Triplet Generation Prompt (HYBRID
Mode). Used when insufficient KG evidence is retrieved.
The LLM conservatively generates triplets using only allowed
entities and relations while avoiding new entity creation

Prompt 4. Triplet Revision Prompt (Reviewer
Loop)

System: You are a fact-checker verifying the factuality
and usefulness of the given triplet.
Constraints:

• Relation MUST be one of: {allowed_relations}.
• Use only entities present in the input.

Triplet: {t}
Question (context): {q}
Output (JSON only):

«JSON_START»
{"Revised_Triplets": [["Head",
"relation", "Tail"]]}
«JSON_END»

943
Figure 5: Triplet Revision Prompt (Reviewer Loop). Used
when a generated triplet is judged as false by the Reviewer. En-
courages correcting schema-violating relations and removing
unnecessary hallucinated content

12



Prompt 5. Hop Answer Synthesis Prompt —
KG_STRICT Mode

System: You are an expert medical reasoner. Based
only on the “Verified Facts,” provide a direct, concise
answer to the sub-question.
Sub-question: {hop_question}
Verified Facts: {verified_triplets}
Concise Answer:

944
Figure 6: Hop Answer Synthesis Prompt — KG_STRICT
Mode. Used when ≥ 10 KG facts are available; the LLM
generates answers solely from verified evidence without using
its internal knowledge

Prompt 6. Hop Answer Synthesis Prompt — HY-
BRID Mode

System: You are a knowledgeable analyst. Derive a fi-
nal answer by reasoning step-by-step using the verified
facts.
Sub-question: {hop_question}
Verified Facts: {verified_triplets}
Reasoning Steps:

1. Fact: ...
2. Fact: ...
3. Connection: ...

Final Answer (1 sentence):
945

Figure 7: Hop Answer Synthesis Prompt — HYBRID Mode.
Activated when 1–9 KG facts exist; the LLM performs step-
wise reasoning using partial evidence to derive a final answer

Prompt 7. Hop Answer Synthesis Prompt —
LLM_GUESS Mode

System: You are an expert biomedical researcher. No
specific facts were found in the KG. Based on general
knowledge, provide a plausible answer beginning with
“Based on general knowledge,”.
Sub-question: {hop_question}
Plausible Answer:

946
Figure 8: Hop Answer Synthesis Prompt — LLM_GUESS
Mode. Applied when no relevant KG facts are retrieved; the
LLM relies on parametric knowledge and explicitly expresses
uncertainty in its answer

Prompt 8. Final Answer Synthesis Prompt

System: You are a lead researcher writing a final,
conclusive answer for a user. Synthesize the reasoning
contained in the Evidence Map to answer the Original
Question.
Original Question: {original_query}
Evidence Map: {evidence_map}
Final Conclusive Answer:

947
Figure 9: Final Answer Synthesis Prompt. Integrates hop-
level reasoning results from the Evidence Map into a coherent
final answer, ensuring logical consistency across hops

A.2 Evaluation Prompts 948

Prompts for automatic evaluation, hallucination 949

detection, and inconsistency scoring. 950

Prompt 9. SAQ Judge Prompt (LLM-as-a-Judge)

System: You are an expert evaluator grading a submit-
ted answer. Compare the “Ground Truth Answer” with
the “Model’s Answer.”
Task:
1. Assess correctness.
2. Provide a similarity score (0.0–1.0).
3. Output JSON including:

• "reasoning"
• "similarity_score"
• "is_correct" (true if score ≥ 0.8)

Question: {query}
Ground Truth Answer: {ground_truth_answer}
Model’s Answer: {model_response}

951
Figure 10: SAQ Judge Prompt (LLM-as-a-Judge). Evalu-
ates semantic alignment between a model-generated free-form
answer and the ground truth using GPT-4o; responses with
similarity ≥ 0.8 are considered correct

Prompt 10. Hallucination Judge Prompt (Med-
Hallu)

System: You are an expert medical fact-checker. De-
termine whether the model’s answer contains halluci-
nation (unsupported claim, contradiction, fabrication)
given the knowledge context.
Question: {query}
Knowledge Context: {reference_context}
Model’s Answer: {model_answer}
Output (JSON only):

– supported / unsupported /
contradicted

952
Figure 11: Hallucination Judge Prompt (MedHallu). Used in
MedHallu evaluation to determine whether a model response
contains hallucination (e.g., unsupported claims or fabricated
facts) given reference context

Prompt 11. Inconsistency Scorer Prompt (IS)

System: You are an evaluator that measures factual
inconsistency (hallucination) between two answers to
the same medical question.
Task: Given a Question, a Reference Answer
(ground truth), and a Model Answer, output a JSON
object with:

• "is": a number in [0,1], where 1 indicates max-
imally inconsistent / hallucinated and 0 indicates
fully consistent.

• "rationale": a brief explanation (1–2 sentences).

Constraints:
• Output JSON only.
• Use deterministic evaluation (temperature=0) in our

setup.
Question: {query}
Reference Answer: {ground_truth}
Model Answer: {model_answer}

953
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Figure 12: Inconsistency Scorer Prompt (IS). Computes a
factual inconsistency score in [0,1] between the model answer
and the reference answer under SAQ. We use deterministic
decoding (temperature=0) and report dataset-level averages
(Table 1)

B Implementation Details954

To enhance reproducibility, this appendix details955

the implementation settings of ReGraM, includ-956

ing model configurations, inference hyperparame-957

ters, KG preprocessing pipeline, relation weighting958

schema, and full KG statistics.959

B.1 Model and Inference Settings960

Backbone Language Model The core rea-961

soning modules of ReGraM are based on962

Llama-3.1-8B-Instruct (query decomposition,963

triplet generation, hop-by-hop reasoning, synthe-964

sis). We applied 4-bit quantization (NF4, via965

bitsandbytes) and used torch.bfloat16 preci-966

sion.967

• Model: meta-llama/Meta-Llama-3.1-8B-968

Instruct969

• Quantization: 4-bit NF4970

• Precision: torch.bfloat16971

Reviewer Model (Binary Verifier) LoRA-tuned972

Llama-3.1-8B-Instruct; entity/relation embed-973

dings initialized via RotatE on PrimeKG.974

• Base: meta-llama/Meta-Llama-3.1-8B-975

Instruct976

• Embedding Init: RotatE (PrimeKG)977

• LoRA: rank r = 64, α = 16, modules = q_proj,978

v_proj, dropout=0.1979

Inference Settings980

• Temperature = 0.3, Top-p = 0.9981

• Max tokens: Classification = 256, Reasoning =982

512, Synthesis = 1024983

Evaluation Phase:984

• Model: GPT-4o (OpenAI), Temperature = 0.0985

Expanded Relation Description Map ReGraM986

extends the relation description map used in987

KGARevion by providing richer natural-language988

descriptions, domain annotations, and domain-989

aware weights for PrimeKG relation types. This990

expansion is designed to improve region-aware re-991

trieval accuracy rather than to introduce new knowl-992

edge. All mappings operate strictly over existing993

PrimeKG relations.994

B.2 Knowledge Graph Preprocessing and 995

Retrieval 996

This subsection details the implementation of the 997

Region Selection module (Step (2) in Figure 1), 998

which constructs a query-aligned KG region for 999

each sub-question. As shown in Figure 1, region 1000

selection consists of (i) entity linking and expan- 1001

sion, (ii) domain-aware relation weighting, and (iii) 1002

weighted MMR re-ranking to select Top-K triplets 1003

that form the localized region Gq. 1004

6 1005

Entity Linking and Expansion (Figure 1-(2), 1006

“Entity Linking”) To convert natural language 1007

queries into structured, KG-aligned representations, 1008

we adopt a hybrid entity linking pipeline that com- 1009

bines symbolic linking with fuzzy matching and 1010

synonym expansion. This step corresponds to the 1011

“Entity Linking” component in the Region Selec- 1012

tion block of Figure 1. 1013

• Primary linker: scispaCy using the UMLS 1014

Knowledge Base linker (en_core_sci_sm). 1015

• Fuzzy Matching: rapidfuzz (Levenshtein ra- 1016

tio ≥ 90) to recover surface-form variations. 1017

• Synonym Expansion: A domain-specific 1018

alias dictionary (SYNONYM_MAP) curated from 1019

PrimeKG node attributes (e.g., “Tylenol” → 1020

“Acetaminophen”). 1021

Domain-Specific Relation Weighting (Figure 1- 1022

(2), “Domain-Aware Relation Weighting”) Re- 1023

GraM assigns domain-specific weights wr to rela- 1024

tion types during region construction. This corre- 1025

sponds to the “Domain-Aware Relation Weighting” 1026

component in Figure 1-(2), and it biases region 1027

selection toward relations that are semantically rel- 1028

evant to the predicted query domain. Table 7 sum- 1029

marizes the full weighting scheme. 1030

Weighted MMR Re-ranking and Region Forma- 1031

tion (Figure 1-(2), “Weighted MMR”) Given 1032

candidate triplets connected to the expanded entity 1033

set, we re-rank them to balance semantic relevance 1034

and diversity using weighted Maximal Marginal 1035

Relevance (MMR). This step corresponds to the 1036

“Weighted MMR” component in Figure 1-(2) and 1037

selects Top-K triplets to form the localized region 1038

Gq. 1039

• Embedding: sentence-transformers/ 1040

all-MiniLM-L6-v2 (384-d) 1041

• MMR diversity factor: λ = 0.7 1042
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Relation Gene_Protein Drug_Therapy Disease_Symptom Pathway_Metabolism Integrated

Interacts_with 1.5 0.8 0.6 1.0 1.2
Targets 0.8 1.5 0.8 1.0 1.3
Treats 0.6 1.5 1.2 0.8 1.1
Causes 0.5 0.7 1.5 0.8 1.0
Expressed_in 1.3 0.7 0.5 1.0 1.1
Associated_with 1.0 1.0 1.3 0.9 1.2
Regulates 1.4 0.8 0.7 1.5 1.3
Occurs_in 0.9 0.8 1.0 1.2 1.1

Table 7: Relation weighting matrix used in KG region construction Weights wr are applied during region selection based on
the predicted domain (rows: relations, columns: query domains). Higher weights prioritize semantically aligned relations during
retrieval

Dataset N

AfrimedQA (MCQ) 3,910
AfrimedQA (SAQ) 1,236
MedQA (USMLE) 1,273
MedDDx 1,769
MedHallu 1,000
PubMedQA 1,000
MedHalt (FCT) 300
MedHalt (NOTA) 300
MedHalt (Fake) 300

Table 8: Number of evaluation instances used in our experi-
ments.

Dataset Type ReGraM w/o MMR ∆

MedDDx-Expert MCQ 44.44 43.06 +1.38
MedQA MCQ 54.38 54.80 −0.42
MMLU-Med MCQ 65.72 65.66 +0.06

MedDDx-Expert SAQ 20.81 27.60 −6.79
MedQA SAQ 51.03 25.30 +25.73
MMLU-Med SAQ 65.45 42.30 +23.15

Table 9: Effect of removing MMR on MCQ and SAQ ac-
curacy MMR reduces redundancy in KG retrieval, especially
in SAQ, where excessive overlap between triplets amplifies
reasoning drift

• Region size: K = 151043

Overall, the above pipeline operationalizes Step (2)1044

in Figure 1 by transforming domain-aware, query-1045

linked triplet candidates into a compact, query-1046

aligned region used as the reasoning space in sub-1047

sequent modules.1048

B.3 Dataset Statistics1049

Table 8 reports the number of evaluation instances1050

used for each dataset in our experiments. For large-1051

scale datasets, we follow prior work and report1052

results on a randomly sampled subset.1053

H=1 H=3 H=5 H=7 H=10

MCQ 33.82 44.44 42.33 41.67 39.33
SAQ 14.84 20.81 20.33 21.00 18.00

Table 10: Impact of reasoning hop-depth on MCQ and
SAQ performance (MedDDx-Expert) The best results are
obtained at Hop 3, while performance drops at larger hop
depths due to over-expansion and noise accumulation.

C Additional Experiments 1054

This appendix presents additional ablation results 1055

and qualitative reasoning examples that comple- 1056

ment the main paper. These findings further il- 1057

lustrate ReGraM’s reasoning stability, structural 1058

effects, and observed failure modes, providing in- 1059

sights for future analyses. 1060

C.1 Effect of Removing MMR (Extended 1061

Results) 1062

ReGraM employs weighted MMR-based triplet re- 1063

ranking to reduce redundancy within the KG region 1064

and to construct query-centered, refined subgraphs. 1065

Table 9 reports extended results showing the per- 1066

formance change when MMR is removed. In the 1067

MCQ setting, MMR removal has minimal impact, 1068

while in SAQ, redundant KG candidates cause in- 1069

creased reasoning drift and reduced consistency. 1070

C.2 Number of reasoning steps(H) Analysis 1071

Reasoning hop depth is a key factor for evaluating 1072

how multi-hop decomposition affects the accuracy 1073

and stability of KG reasoning. Table 10 presents 1074

results for MedDDx-Expert, measuring accuracy 1075

at hop depths of 1, 3, 5, 7, and 10. Performance 1076

peaks at Hop 3, while deeper paths cause noise 1077

propagation and increased hallucination frequency. 1078
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Categorization Multihop ACC ∆

O O 51.03 +0.00
X O 2.91 −46.17
O X 19.80 −29.28
X X 12.17 −36.91

Table 11: Ablation of region selector and multi-hop decom-
position on MedQA (SAQ). Disabling either module leads
to severe degradation, and removing both causes the largest
performance drop.

C.3 Interaction Between Region Selector and1079

Multi-hop Decomposition1080

ReGraM’s region-first architecture achieves maxi-1081

mum stability when semantic region selection and1082

stepwise reasoning alignment operate complemen-1083

tarily. To evaluate their interaction, we conduct an1084

ablation on MedQA (SAQ) by selectively disabling1085

each component.1086

Table 11 presents the result. Removing either mod-1087

ule causes a significant drop in accuracy, while1088

removing both leads to a catastrophic performance1089

collapse—confirming their complementary role in1090

region-first reasoning.1091

C.4 Effect of Reviewer Module (Extended1092

Results)1093

1094
Group Dataset / Setting ReGraM w/o Reviewer

SAQ Acc

MedDDx-Expert 20.81 27.67
MedQA 51.03 24.33
MMLU-Med 65.45 41.67
PubMedQA 44.65 39.00

MedHallu ACC / Sim 43.50 / 54.70 0.00 / 0.00
Hallu / RError 0.8900 / 0.7200 1.0000 / 1.0000

Med-HALT
FQT (ACC / Hallu) 0.0233 / 0.7481 0.0233 / 0.9767
FCT (ACC / Hallu) 0.2519 / 0.7481 0.3367 / 0.6833
NOTA (ACC / Hallu) 0.1967 / 0.8033 0.2100 / 0.7867

1095

Table 12: Reviewer ablation across QA and hallucina-
tion benchmarks SAQ Acc. reports exact-match accuracy.
MedHallu reports ACC, semantic similarity (Sim; 0–100),
hallucination rate (Hallu), and reasoning error rate (RError).
Med-HALT reports ACC and hallucination rate (lower is bet-
ter)

To assess the contribution of the Reviewer mod-1096

ule in hallucination suppression and factual consis-1097

tency, we conducted ablation experiments where1098

the module was removed from ReGraM. Table 121099

summarizes performance across QA and hallucina-1100

tion benchmarks.1101

While MCQ results show mixed changes—with1102

slight accuracy increase in MedQA (+2.29) and1103

minor drops elsewhere—the impact in SAQ set-1104

tings is substantial. Removing the Reviewer causes1105

severe degradation in MedQA (−26.70), MMLU-1106

Med (−23.78), and PubMedQA (−5.65). Con- 1107

versely, MedDDx-Expert (SAQ) shows a surpris- 1108

ing accuracy increase, suggesting that conservative 1109

verification can introduce a trade-off between fac- 1110

tual precision and answer completeness when KG 1111

evidence is sufficiently dense. 1112

To further evaluate the Reviewer’s effectiveness, 1113

we ablated it from ReGraM and evaluated the 1114

model on MedHallu and Med-HALT hallucina- 1115

tion benchmarks. As shown in Table 12, the 1116

model without the Reviewer fails catastrophically 1117

on MedHallu (ACC=0, hallucination=100%), un- 1118

derscoring the role of verification as a support- 1119

ing mechanism for enhancing hallucination robust- 1120

ness—particularly when KG evidence is sparse or 1121

ambiguous. While not the primary driver of factual 1122

accuracy, the verification layer contributes to stabi- 1123

lizing generation under uncertain contexts within 1124

the region-first structure. 1125

C.5 Efficiency Analysis (Extended Results) 1126

Setting KGARevion (s/item) ReGraM (s/item)

MCQ 1.85 1.00
SAQ 3.26 3.90

1127

Table 13: Average inference time per item under MCQ and
SAQ settings

C.6 Interaction Between Domain Prior and 1128

Multi-hop Reasoning 1129

Domain Prior Multihop ACC ∆

O O 51.03 0.00
X O 2.91 -48.12
O X 19.80 -31.23
X X 12.17 -38.86

1130

Table 14: Interaction between domain prior and multi-hop
reasoning on MedQA (SAQ). Removing either component
significantly reduces performance, and removing both causes
the most severe degradation

C.7 Domain-wise Hallucination Trends 1131

To further investigate the relationship between KG coverage 1132
and hallucination robustness, we report in Table 15 the 1133

domain-wise inconsistency scores (IS) for each dataset under 1134
the SAQ setting. While domains such as Drug_Therapy and 1135
Gene_Protein (with relatively high KG coverage) generally 1136
exhibit lower hallucination rates, this pattern does not hold 1137

uniformly—e.g., the Integrated domain has the highest KG 1138
coverage but a relatively high mean IS. This suggests that 1139

although KG coverage may contribute to consistency, it is not 1140
the sole determining factor; factors such as evidence 1141

redundancy, relation granularity, or prompt design may also 1142
play important roles. 1143
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Dataset Drug_Therapy Gene_Protein Disease_Symptom Pathway_Metab Integrated

MedDDx-B 0.0887 0.0455 0.0769 0.1429 0.0784
MedDDx-I 0.0370 0.0679 0.0520 0.0400 0.0000
MedDDx-E 0.0000 0.1198 0.0803 0.0526 0.0347
MedQA 0.1014 0.0833 0.0628 0.0000 0.2500
AfrimedQA 0.0806 – 0.0899 – 0.0294
MMLU 0.0167 0.0417 0.0883 0.0750 0.0800
PubMedQA 0.0310 0.0000 0.0509 0.0147 0.0054

KG Coverage (%) 68.14 60.30 15.66 26.31 83.52

Table 15: Domain-wise hallucination IS vs KG coverage (SAQ). Higher KG coverage correlates with lower hallucination rates,
while sparsely represented domains exhibit greater instability.

C.8 Dataset-wise Hallucination Trends1144

1145

Figure 13: Reduction in hallucination inconsistency score (IS)
across datasets under SAQ setting. ReGraM shows consistent
improvement across all benchmarks

C.9 Qualitative Examples (Strengths and a1146

Key Bottleneck)1147

We present two step-by-step examples to illustrate (i) when1148
ReGraM succeeds end-to-end in both MCQ and SAQ, and (ii)1149
a representative bottleneck case where multi-hop evidence is1150

correctly accumulated but the final decision step becomes1151
inconsistent with the evidence.1152

Example 1 (index=50): End-to-end success in both MCQ1153
and SAQ.1154

Query. What are the diseases associated with the NGLY1
gene, and what clinical outcomes does this link entail?
Options. (A) ALG1-CDG (B) lipoyl transferase 1 defi-
ciency (C) NGLY1-deficiency (D) aminoacylase 1 defi-
ciency. Gold: C
Step 1: Query typing and decomposition. Domain:
GENE_PROTEIN. Hop decomposition: single hop (fall-
back run).

Step 2: Region selection (Top verified triplets).
Verified KG triplets (subset): (1) (NGLY1-deficiency,
phenotype present, Developmental regression);
(2) (NGLY1-deficiency, phenotype present,
Cerebral atrophy); (3) (NGLY1-deficiency,
phenotype present, Alacrima).

Step 3: Hop-level sub-answer. Sub-answer1: NGLY1
is associated with NGLY1-deficiency, with neurologi-
cal/systemic phenotypes such as developmental regres-

1155

sion and cerebral atrophy.

Step 4: Final outputs. MCQ: Pred C (correct). SAQ:
Mapped to option C and judged correct under the SAQ
protocol.
Takeaway. ReGraM can solve the same clinical-genetics
query end-to-end across both MCQ and SAQ by ground-
ing outcomes in a compact, query-aligned region.

1156

Example 2 (index=49): Evidence is correctly accumulated, 1157
but the final decision is inconsistent. 1158

Query. What are potential diagnoses for chronic cystitis
symptoms with reduced bladder capacity and frequent
urination?
Options (MCQ). (A) cystitis cystica (B) chronic cystitis
(C) cystitis (D) interstitial cystitis. Gold: D
Step 0: Hop decomposition (Adaptive_MultiHop).
• Hop 1: candidate diagnoses for chronic cystitis symp-

toms

• Hop 2: diagnoses linked to reduced capacity and fre-
quent urination

• Hop 3: final diagnosis matching the combined profile

Step 1: Region evidence (verified triplets; subset).
• (interstitial cystitis, phenotype present,
Functional abnormality of the bladder)

• (interstitial cystitis, phenotype present,
Pollakisuria)

• (interstitial cystitis, phenotype present,
Nocturia)

• (interstitial cystitis, phenotype present,
Urinary bladder inflammation)

Step 2: Hop-level sub-answers (compressed).
• Sub-answer1: Candidate diagnoses include intersti-

tial cystitis and related cystitis subtypes.

• Sub-answer2: Evidence links interstitial cystitis to
frequent urination and bladder functional abnormality
(reduced capacity).

• Sub-answer3: The combined symptom profile is most
consistent with interstitial cystitis (Option D).

Final output (MCQ). Predicted option: B (incorrect;
Gold D).
Takeaway. Region-first multi-hop reasoning success-
fully concentrates evidence toward the correct diagnosis

1159
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(D) at the hop level, but the final discrete decision can
still become inconsistent with the accumulated evidence,
motivating stronger evidence-aware aggregation and cal-
ibrated selection.

1160

D Region-Constrained Multi-Hop1161

Reasoning Algorithm1162

Algorithm 1: Region-Constrained Multi-Hop Reason-
ing in ReGraM

Input. User query Q, knowledge graph G, language
modelM
Output. Final answer A, evidence map E

Phase 1: Query Processing
• D ← DOMAINCLASSIFICATION(Q)

• {q1, . . . , qk} ← QUERYDECOMPOSITION(Q) (k ≤
3)

• C ← ∅ (context: hop-level Q/A memory)

• E ← ∅ (evidence map)
Phase 2: Region Construction & Hop-wise Reasoning
(for each sub-question qi)
• Esci ← ENTITYLINKUMLS(qi)

• Efuzzy ← FUZZYMATCH(qi,G)

• Eexp ← SYNONYMEXPAND(Esci ∪ Efuzzy)

• Tcand ← EXTRACTTRIPLETS(Eexp,G)

• Eq ← WEIGHTEDMMR(Tcand, D,K = 15) (Top-
K triplets)

• Vq ← { v | v appears in a head/tail of some t ∈
Eq }

• Gq ← (Vq, Eq) (query-aligned reasoning region)

• Fi ← TEXTIFY(Eq) (facts shown toM)

• Nfacts ← |Eq| and determine mode:

– If Nfacts ≥ 10, then KG-STRICT
– If 0 < Nfacts < 10, then HYBRID
– Else, LLM-GUESS

• (ai, Ti)← REASON(qi, Fi, C,mode; Gq)

• Hard constraint: all KG lookups / entity expansion
inside REASON satisfy

LOOKUP(·) ⊆ Gq and generated entities must be
in Vq .

• If mode = HYBRID: (ai, Ti) ←
REVIEWERVERIFY(qi, ai, Ti; Vq,R) (R: allowed
relations)

• C ← C ∪ {(qi, ai)}, E ← E ∪ Ti

Phase 3: Final Synthesis
• A← SYNTHESIZE(Q,C, E)

• return A, E
1163
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