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Abstract001

Follow-up questioning is essential for safe med-002
ical decision-making but remains poorly evalu-003
ated in large language models (LLMs). In real004
clinical settings, patients provide incomplete in-005
formation, requiring clinicians to actively elicit006
missing evidence before diagnosis. However,007
existing medical LLM benchmarks primarily008
evaluate diagnosis accuracy under complete009
or fixed case presentations, making it unclear010
whether models genuinely seek missing infor-011
mation. We propose Sentence-level Follow-up012
Questioning (SFQ), a framework that formu-013
lates follow-up behavior as an explicit sentence-014
level recall task. Medical cases are decom-015
posed into atomic clinical sentences, and in-016
complete cases are constructed by selectively017
hiding clinically relevant facts. Models must018
recover these facts through follow-up questions019
before committing to a diagnosis, enabling fine-020
grained and interpretable evaluation beyond di-021
agnosis accuracy. Experiments on controlled022
sentence-abstracted benchmarks and a realistic023
external follow-up dataset show that recover-024
ing missing clinical information is associated025
with higher diagnostic accuracy. Recall-aware026
post-training improves both information recov-027
ery and diagnostic performance under incom-028
plete inputs, demonstrating that explicitly mod-029
eling follow-up questioning can lead to safer030
and more reliable medical reasoning.031

1 Introduction032

Large language models (LLMs) have achieved033

strong performance in reasoning and text gener-034

ation, particularly on question-answering tasks035

(Brown et al., 2020; Ouyang et al., 2022; Berger036

et al., 2025). However, many real-world applica-037

tions are inherently interactive and require multi-038

turn conversations rather than single-shot responses039

(Chen et al., 2017; Biancofiore et al., 2024). In040

such settings, models must not only answer ques-041

tions, but also identify missing information and042

Figure 1: A safer and more effective medical LLM
should conduct follow-up questioning to gather miss-
ing information from user inputs rather than making
immediate judgments.

actively elicit it through follow-up questions. This 043

information-seeking capability is critical when user 044

inputs are partial, ambiguous, or underspecified; 045

without it, models are forced to rely on incomplete 046

evidence, increasing the risk of overconfident or 047

unreliable outputs. 048

The limitations of follow-up questioning are par- 049

ticularly serious in medical decision-making (Ben- 050

der et al., 2021; Yu et al., 2025). In real clinical 051

settings, patients rarely describe their conditions 052

completely or clearly. Initial conversations are of- 053

ten incomplete, messy, and informal. Clinicians 054

must ask targeted follow-up questions to gradu- 055

ally gather the information needed for diagnosis. 056

Making diagnosis decisions without sufficient in- 057

quiry is unsafe in human medicine, and this risk 058

is amplified when AI systems are used to support 059

clinical decisions. As illustrated in Figure 1, a 060

competent medical assistant should first identify 061
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Figure 2: Our sentence-level formulation of medical follow-up questioning. Incomplete cases are constructed
by selectively hiding atomic clinical sentences (left), and follow-up questioning is framed as a recall-oriented
process (right). Diagnosis is treated as a terminal decision following multi-rounds informative interaction.

missing information and actively elicit it, rather062

than immediately producing a diagnosis.063

Despite its importance, follow-up questioning064

remains a major weakness of current LLMs (Zhang065

et al., 2024; Meng et al., 2023; Huang et al.,066

2025b). Beyond architectural or inference-related067

limitations, a key issue lies in prevailing training068

paradigms. Most supervision is outcome-oriented,069

relying on single-turn question-answer pairs where070

all relevant information is already provided. In071

contrast, data that explicitly demonstrates how and072

when to ask effective follow-up questions is scarce.073

As a result, LLMs often fail to treat follow-up074

questioning as a distinct and necessary capability075

(Zhang et al., 2024; Huang et al., 2025b).076

Although research on medical LLMs has grown077

rapidly, existing benchmarks and methods do not078

adequately evaluate follow-up questioning behav-079

ior (Liu et al., 2024; Yu et al., 2025). Most bench-080

marks assess diagnostic accuracy under complete081

or fixed case presentations (Williams et al., 2024;082

Luk et al., 2024). Reasoning-enhanced or dialogue-083

based approaches may generate follow-up ques-084

tions, but these are often implicit, prompt-driven,085

or external to the model’s core behavior, making086

them difficult to control and reproduce (Wei et al.,087

2023; Gendron et al., 2024). Consequently, exist-088

ing evaluations cannot reliably determine whether a089

model actively seeks missing information or simply090

infers a diagnosis based on incomplete evidence.091

To address this gap, we propose Sentence-level092

Follow-up Questioning (SFQ), a framework for093

defining and evaluating medical follow-up ques- 094

tioning using a sentence-level abstraction. Instead 095

of treating medical cases as unstructured text, we 096

decompose case presentations into atomic clini- 097

cal sentences, each representing a single factual 098

unit. As illustrated in Figure 2, this abstraction en- 099

ables controllable construction of incomplete cases 100

by selectively hiding subsets of sentences while 101

preserving their causal or temporal relationships. 102

Within this formulation, follow-up questioning is 103

reframed as a recall-oriented process, requiring 104

models to actively retrieve missing clinical facts 105

through targeted queries before committing to a 106

diagnosis. 107

Building on this formulation, we further opti- 108

mize follow-up behavior through post-training. We 109

apply supervised fine-tuning to expose models to 110

examples of effective follow-up questions under in- 111

complete information, and employ Group Relative 112

Policy Optimization (GRPO, Shao et al. (2024)) to 113

explicitly model follow-up questioning and diag- 114

nosis as distinct actions. Queries are rewarded for 115

retrieving missing clinical facts, while redundant 116

or uninformative questions are penalized, encour- 117

aging the model to balance continued inquiry with 118

timely diagnosis. 119

We evaluate the proposed framework on 120

sentence-abstracted medical cases and existing 121

follow-up benchmarks, demonstrating consistent 122

improvements in sentence-level recall and diagnos- 123

tic performance under incomplete information. In 124

summary, our contributions are as follows: 125

2



• We introduce a sentence-level abstraction of126

medical case presentations that enables con-127

trollable construction of incomplete cases and128

reframes follow-up questioning as a recall-129

oriented evaluation problem beyond final di-130

agnosis accuracy.131

• We propose a post-training framework com-132

bining supervised fine-tuning and Group Rel-133

ative Policy Optimization (GRPO) to explic-134

itly optimize information-seeking behavior,135

modeling follow-up questioning and diagno-136

sis as distinct actions. The model’s ability of137

follow-up questioning has been significantly138

enhanced after training.139

2 Related Works140

2.1 LLM Follow-up Questioning141

Recent studies have explored follow-up question-142

ing as a means for LLMs to acquire missing infor-143

mation under underspecified inputs. Meng et al.144

(2023) formalizes information-seeking follow-up145

question generation and introduces a benchmark146

emphasizing diverse questioning strategies, while147

Zhao et al. (2025b) leverages real user–LLM con-148

versation logs to mine follow-up intents for more re-149

alistic question generation. Related work also stud-150

ies structured forms of questioning, such as organiz-151

ing follow-up questions according to Bloom’s tax-152

onomy (Yadav et al., 2025). Beyond explicit ques-153

tion generation, recent efforts investigate proac-154

tive information acquisition under incomplete prob-155

lem settings, evaluating whether models choose156

to ask for missing information rather than directly157

answering (Huang et al., 2025b), and proposing158

training or benchmarking frameworks that encour-159

age evidence gathering before decision making160

(Huang et al., 2025a; Zhou et al., 2025). Similar161

ideas appear in conversational information retrieval,162

where intent-aware clarification and iterative clari-163

fication–rewriting are used to progressively refine164

user queries (Zhao et al., 2024b).165

In the medical domain, follow-up question-166

ing has been studied to support patient–provider167

interactions and interactive clinical reasoning.168

Prior work proposes benchmarks and systems169

for question-asking in clinical settings (Li et al.,170

2024), while multi-agent conversational frame-171

works demonstrate that structured follow-up in-172

teractions can improve diagnostic performance in173

complex cases (Gatto et al., 2025; Li et al., 2023).174

2.2 Medical Case Diagnosis Prediction 175

Medical case diagnosis prediction has been exten- 176

sively studied with large language models, primar- 177

ily under the assumption that complete or fixed case 178

presentations are provided as input (Singhal et al., 179

2022; Meyer et al., 2024). Recent benchmarks eval- 180

uate diagnostic accuracy by mapping structured or 181

semi-structured clinical descriptions to diagnoses, 182

ICD codes, or clinical labels (Michalopoulos et al., 183

2022; Nori et al., 2023). Subsequent work incorpo- 184

rates reasoning-oriented techniques, such as chain- 185

of-thought prompting, retrieval-augmented gener- 186

ation, or tool use, to improve diagnostic perfor- 187

mance and robustness (Chen et al., 2024; Zhao 188

et al., 2025a; Garza et al., 2025). 189

More recent studies explore interactive or 190

dialogue-based medical assistants, allowing models 191

to engage in multi-turn conversations with patients 192

or simulated users to gather additional information 193

(Zeng et al., 2020; Tu et al., 2024). While these 194

approaches move closer to real clinical interactions, 195

evaluations typically focus on final diagnostic out- 196

comes or conversation-level success, with limited 197

control over what information is missing or how 198

it is acquired. As a result, the abilities of LLMs 199

to actively seek and recall specific missing clinical 200

facts remain less evaluated. 201

3 Framework 202

3.1 Sentence-level Case Abstraction 203

As illustrated in Figure 2 (left), real-world med- 204

ical case presentations are typically provided 205

as free-text descriptions, where multiple clinical 206

facts—such as symptoms, temporal progression, 207

and examination results—are interwoven in an un- 208

structured manner. To enable controllable eval- 209

uation of follow-up questioning, we introduce a 210

sentence-level abstraction that decomposes a case 211

presentation into atomic and interpretable clinical 212

units. Formally, a medical case is represented as: 213

C = (P, Y ), (1) 214

where P denotes the original case presentation and 215

Y is the ground-truth final diagnosis. Given P , we 216

construct a set of sentence-level clinical facts 217

S = {s1, s2, ..., sn}, (2) 218

where each sentence si corresponds to an atomic 219

piece of clinically meaningful information, such 220

as a symptom description, a temporal event, or a 221
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test finding. These sentence units are designed to222

be minimal and self-contained, serving as the basic223

elements for information recall.224

The sentence set S is generated using an LLM225

with domain-specific prompting, which rewrites the226

original presentation into a list of concise, patient-227

style sentences while preserving the underlying228

clinical content. Compared to paragraph-level or229

dialogue-level abstractions, sentence-level decom-230

position provides finer granularity and clearer at-231

tribution of information, enabling explicit control232

over what clinical facts are observed or hidden.233

Given the full sentence set S, we construct an234

incomplete case by selecting a subset Sinit ⊂ S,235

while the remaining sentences Shid = S\Sinit repre-236

sent clinically relevant but unobserved information237

to be elicited through follow-up questioning. By238

varying the ratio |Sinit|/|S|, multiple incomplete239

cases can be generated from the same underlying240

presentation.241

3.2 Sentence Dependency Graph242

While sentence-level abstraction enables control-243

lable information hiding, clinical sentences are244

not independent. Medical case presentations often245

contain temporal or causal dependencies between246

sentences, and ignoring such structure may result247

in incoherent or clinically implausible incomplete248

cases.249

For example, consider the following two sen-250

tences:251

• (1)“I had abdominal pain yesterday.”252

• (2)“After several hours of abdominal pain, I253

developed diarrhea.”254

Sentence (2) is temporally and causally dependent255

on sentence (1). If sentence (1) is observed while256

sentence (2) is hidden, the incomplete case remains257

coherent and reflects a realistic patient description.258

In contrast, hiding sentence (1) while exposing sen-259

tence (2) leads to an invalid setting, as the latter260

presupposes the former. This motivates a structure-261

aware hiding strategy rather than fully random sen-262

tence masking.263

To capture such dependencies, we construct a264

sentence dependency graph265

G = (S, E), (3)266

where each node corresponds to a sentence si ∈ S,267

and directed edges (si → sj) ∈ E indicate de-268

tected temporal or causal dependencies between269

sentences. The resulting graph is a directed acyclic 270

graph (DAG), reflecting the progression and logi- 271

cal structure of the clinical narrative, as shown in 272

Figure 2 (left). 273

A simplified selection procedure is shown below 274

as Algorithm 1. 275

Algorithm 1 Sentences Dependency Graph

Require: Sentence graph G = (S, E), target ratio
r

Ensure: Observed sentence set Sinit
1: Initialize Sinit ← ∅
2: Initialize queue Q with root nodes of G
3: while |Sinit|/|S| < r and Q not empty do
4: s← Q.pop()
5: Add s to Sinit
6: for each child c of s in G do
7: Q.push(c)
8: end for
9: end while

10: return Sinit

By incorporating sentence dependencies into the 276

hiding process, our framework generates incom- 277

plete cases that are both controllable and clinically 278

consistent. This structure-aware construction forms 279

the basis for meaningful evaluation of follow-up 280

questioning behavior, which we describe next. 281

3.3 Follow-up Interaction Protocol 282

As illustrated in Figure 1 (right), we model medi- 283

cal follow-up as a multi-round interaction process 284

between an expert agent and a patient (or envi- 285

ronment) agent. Following prior work on interac- 286

tive and multi-agent diagnosis systems, we adopt 287

a follow-up interaction protocol and adapt it to 288

our sentence-level case abstraction, enabling ex- 289

plicit modeling and evaluation of information recall 290

during diagnosis. Under this protocol, the expert 291

agent interacts with the patient agent over multiple 292

rounds. At each round t, the expert agent selects 293

one of two actions, 294

at ∈ {query, diagnosis}, (4) 295

where the query action corresponds to asking a 296

follow-up question to acquire missing clinical infor- 297

mation, and the diagnosis action outputs a final 298

diagnostic prediction and terminates the interac- 299

tion. 300

The patient agent has access to the full sentence 301

set S and responds to each query by returning 302

4



the subset of hidden sentences that semantically303

match the question, if any; otherwise, it returns304

an empty response. The patient agent only reveals305

facts present in the original case presentation, en-306

suring that follow-up questioning corresponds to307

recalling existing sentence-level information.308

The interaction proceeds until the expert agent309

outputs a diagnosis. The final diagnosis is eval-310

uated against the ground-truth label Y , while re-311

called sentences are recorded throughout the inter-312

action. This protocol grounds follow-up question-313

ing in a sentence-level information space, enabling314

explicit analysis of information-seeking behavior315

under incomplete clinical evidence.316

4 Model Optimization317

4.1 Supervised Fine-tuning318

We first apply supervised fine-tuning (SFT) to teach319

the model what to ask given an incomplete case320

presentation. Under the proposed sentence-level321

framework, SFT is formulated as a conditional gen-322

eration task that maps observed sentences to follow-323

up questions targeting hidden clinical facts.324

Formally, for each case with sentence set S,325

we construct an incomplete case by selecting an326

observed subset Sinit ⊂ S and a hidden subset327

Shid = S \ Sinit. During data preprocessing, each328

hidden sentence s ∈ Shid is paired with a canonical329

follow-up question qs that would elicit the corre-330

sponding information. The supervision signal for a331

case is thus defined as the set of target questions:332

Qhid = {qs | s ∈ Shid}. (5)333

Given the observed sentences Sobs as input, the334

model is trained to generate the corresponding335

follow-up questions Qhid. As illustrated in Figure 2,336

SFT is implemented as a single-round generation337

process without interaction, where the model out-338

puts a sequence (or list) of follow-up questions con-339

ditioned on the incomplete case. This formulation340

avoids reliance on multi-turn dialogue during train-341

ing and provides a stable learning signal aligned342

with sentence-level information recall.343

We fine-tune a pretrained large language model344

using standard maximum likelihood estimation,345

minimizing the negative log-likelihood of the target346

questions given the observed sentences:347

LSFT = −
∑

q∈Qhid

log pθ
(
q | Sinit

)
. (6)348

During training, loss is computed only over the 349

generated follow-up questions, while the input con- 350

text is masked to prevent spurious supervision. SFT 351

equips the model with a basic understanding of 352

which follow-up questions are clinically relevant 353

under incomplete information. However, it does 354

not explicitly model when to ask questions or when 355

to stop and make a diagnosis. We address these 356

limitations by introducing reinforcement-based op- 357

timization in the next section. 358

4.2 Reinforcement Optimization with GRPO 359

While supervised fine-tuning teaches the model 360

what follow-up questions are relevant, it does not 361

explicitly model the decision process of follow-up 362

interaction, such as when to ask questions, which 363

questions to prioritize, and when to stop asking 364

and commit to a diagnosis. To address these limita- 365

tions, we further optimize the model using Group 366

Relative Policy Optimization (GRPO) under the 367

proposed follow-up interaction framework (Shao 368

et al., 2024). 369

We formulate follow-up questioning as a sequen- 370

tial decision-making problem. At each round t, the 371

expert agent observes the current state 372

st =
(
S
(t)
init, ht

)
, (7) 373

where S
(t)
init denotes the set of observed sentences 374

after t rounds, and ht represents the interaction 375

history. The agent then samples an action 376

at ∼ πθ(at | st), at ∈ {query, diagnosis},
(8) 377

according to the current policy πθ. 378

If the agent selects the query action, it gener- 379

ates a follow-up question qt, and the environment 380

returns a response by revealing a subset of hidden 381

sentences that match the query. If the agent selects 382

the diagnosis action, the interaction terminates 383

and the agent outputs a final diagnosis Ŷ . 384

4.2.1 Reward Design 385

The reward function is designed to explicitly en- 386

courage effective information-seeking behavior 387

while discouraging inefficient or premature deci- 388

sions. In particular, rewards are assigned at each 389

step based on two principles: 390

1. Sentence-level recall reward. When a query 391

action successfully recalls at least one previ- 392

ously hidden sentence, the agent receives a 393

positive reward. Queries that fail to retrieve 394
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any new information incur a penalty, which395

increases with the interaction length to dis-396

courage redundant questioning.397

2. Diagnosis reward. Upon termination, the398

agent receives a positive reward if the pre-399

dicted diagnosis Ŷ matches the ground-truth400

label Y , and a negative reward otherwise.401

Formally, the total return for an interaction tra-402

jectory τ = (s1, a1, . . . , sT , aT ) is defined as403

R(τ) =

T−1∑
t=1

rquery(st, at) + rdiag(sT , aT ), (9)404

where rquery and rdiag denote the query-level and405

diagnosis-level rewards, respectively.406

4.2.2 GRPO Optimization Objective407

Following GRPO, policy updates are performed by408

comparing the relative returns of multiple sampled409

trajectories under the same initial state. Given a410

group of trajectories {τi}Ni=1, we compute a nor-411

malized advantage412

Âi =
R(τi)− µR

σR
, (10)413

where µR and σR are the mean and standard devia-414

tion of returns within the group. The policy is then415

optimized by maximizing416

LGRPO = Eτi∼πθ

[
Âi

∑
t

log πθ(at | st)

]
, (11)417

which encourages trajectories with higher relative418

returns while maintaining training stability.419

By combining sentence-level recall rewards with420

diagnosis-level supervision, GRPO enables the421

model to jointly learn “which questions to ask,422

in what order, and when to stop asking.” This423

reinforcement-based optimization complements su-424

pervised fine-tuning and allows the model to better425

align follow-up questioning behavior with diagnos-426

tic outcomes under incomplete information.427

5 Experimental Setup428

5.1 Datasets429

We evaluate our framework on two medical follow-430

up benchmarks that reflect complementary interac-431

tion settings.432

Med-Sentences We construct a sentence-level 433

follow-up benchmark by transforming cases from 434

MedCaseReasoning (Wu et al., 2025) into atomic 435

clinical sentences as described in Section 3. Given 436

a case presentation represented as a sentence set S, 437

we generate incomplete cases by selectively hiding 438

a subset Shid ⊂ S, while exposing the remaining 439

sentences Sinit. We consider two incompleteness ra- 440

tios: Quarter (25%) and Half (50%). Each hidden 441

sentence is associated with a canonical follow-up 442

question generated during preprocessing, forming 443

a controllable and reproducible evaluation setting 444

for follow-up questioning. 445

Follow-up Text To assess external validity, we 446

additionally evaluate on the dataset introduced by 447

(Li et al., 2023). This dataset provides an initial 448

case description followed by expert-defined follow- 449

up texts (e.g., additional examinations or findings), 450

which serve as a natural form of information supple- 451

mentation. Unlike Med-Sentences, this benchmark 452

does not explicitly define sentence-level hiding, but 453

reflects realistic follow-up information acquisition 454

in clinical diagnosis. 455

Together, these two datasets allow us to evaluate 456

both controlled sentence-level recall and realistic 457

follow-up information utilization. 458

5.2 Models 459

We evaluate a range of representative large lan- 460

guage models, including Qwen2.5-7B-Instruct, 461

GPT-5, GPT-5 mini, Llama3.1-8b and 462

DeepSeek-V3.2 (Qwen et al., 2025; OpenAI 463

et al., 2024; Grattafiori et al., 2024; DeepSeek-AI 464

et al., 2025). We report results for our fine-tuned 465

models (Ours (SFT) and Ours (SFT+GRPO). All 466

models follow the same interaction protocol and 467

prompt format to ensure fair comparison. 468

5.3 Interaction Protocol 469

All evaluations follow the recall-oriented follow-up 470

interaction protocol described in Section 3.3. At 471

each turn, the model selects one of two actions: (1) 472

issuing a follow-up query to request additional in- 473

formation, or (2) producing a final diagnosis, which 474

terminates the interaction. For Med-Sentences, the 475

environment returns hidden sentences whose con- 476

tent matches the model’s query; for Follow-up Text, 477

relevant follow-up descriptions are returned. A 478

maximum number of interaction rounds is enforced 479

to prevent unbounded querying. 480
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Model
Med-Sentences (Quarter) Med-Sentences (Half) Follow-up Text
IRR HKR IRR HKR IRR HKR

GPT-5 mini 28.89% 23.1% 53.3% 37.9% 73.1% 61.2%
DeepSeek-V3.2 27.59% 22.5% 54.2% 38.1% 73.3% 63.8%
Llama3.1-8b 27.38% 22.0% 51.9% 37.4% 72.5% 60.6%
Qwen-2.5-7b-Instruct 27.42% 21.6% 53.1% 37.6% 72.3% 60.5%
Ours (SFT) 44.30% 27.8% 57.2% 40.3% 76.8% 67.7%
Ours (SFT+GRPO) 42.80% 27.0% 57.7% 40.8% 77.8% 67.9%

Table 1: Sentence-level information recall rate (IRR) and keyword hit rate (HKR) on sentence-abstracted medical
cases with different observation ratios and on follow-up text. Our models (SFT and SFT+GRPO) are post-trained
on Qwen2.5-7B-Instruct. The results clearly demonstrate that although current LLMs generally do not possess the
ability to actively conduct follow-up questioning, with the appropriate training data for post-training, this capability
can be significantly enhanced.

5.4 Evaluation Metrics481

We evaluate models from both information acquisi-482

tion and diagnostic performance perspectives.483

Information Recall Rate (IRR). IRR measures484

the proportion of case information recovered during485

interaction:486

IRR =
|Sinit ∪ Ŝrec|
|S|

, (12)487

where Ŝrec denotes the set of sentences recalled488

through follow-up questioning.489

Hit Keyword Rate (HKR). To assess the qual-490

ity of recalled information, we define HKR as the491

fraction of diagnosis-relevant keywords covered by492

recalled sentences. Keywords are generated during493

preprocessing by LLMs with access to the ground-494

truth diagnosis:495

HKR =
|KW(Sinit ∪ Ŝrec)|
|KW(S)|

. (13)496

Diagnosis Accuracy (Acc). We report Top-1 and497

Top-3 diagnostic accuracy. Due to the inherent vari-498

ability in medical diagnosis phrasing, we adopt a499

judge-based evaluation scheme using Qwen2.5-7B500

and GPT-5 as diagnosis judges to determine seman-501

tic equivalence between predicted and ground-truth502

diagnoses.503

6 Results504

6.1 Overall Performance505

Table 1 shows the main results on Med-Sentences506

(Quarter / Half) and Follow-up Text. Across all set-507

tings, our approach consistently improves sentence-508

level information acquisition while maintaining or509

improving diagnostic performance.510

On Med-Sentences (Quarter), our SFT model 511

achieves an IRR of 44.30%, substantially outper- 512

forming all base models, indicating a stronger 513

ability to actively recover hidden clinical informa- 514

tion under highly incomplete inputs. Incorporat- 515

ing GRPO further stabilizes performance, yielding 516

comparable IRR (42.80%) while maintaining com- 517

petitive HKR. Similar trends are observed under 518

the Half setting, where our models achieve the high- 519

est IRR (57.7%) and HKR (40.8%), demonstrating 520

robustness as case completeness increases. 521

On the Follow-up Text benchmark, which reflects 522

more realistic follow-up information acquisition, 523

our GRPO-optimized model achieves the strongest 524

overall performance, with IRR reaching 77.8% and 525

HKR 67.9%, outperforming both general-purpose 526

and domain-specific baselines. These results sug- 527

gest that explicit optimization for follow-up ques- 528

tioning generalizes beyond controlled sentence- 529

level settings. 530

6.2 Follow-up Recall on Diagnostic Accuracy 531

Tables 2-4 present diagnosis accuracy evaluated 532

under different recall agents and judge models. 533

Across all datasets, introducing an explicit recall 534

agent consistently improves Top-1 and Top-3 diag- 535

nostic accuracy. 536

On Med-Sentences (Half) (Table 2), when eval- 537

uated by a GPT-5 judge, diagnosis accuracy im- 538

proves from 22.2% (no recall agent) to 26.1% with 539

our GRPO-trained recall agent, with Top-3 accu- 540

racy increasing to 41.2%. Similar gains are ob- 541

served when using Qwen2.5-7B as the judge, indi- 542

cating that improvements are not judge-specific. 543

Results on Med-Sentences (Quarter) (Table 3) 544

further highlight the importance of follow-up un- 545

der more severe information sparsity. Our model 546
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Med-Sentences (Half)
Judge Recall_agent Top-1 Acc Top-3 Acc

Qwen2.5
-7b

None 9.96% 16.8%
Qwen2.5-7b 10.7% 17.2%
gpt-5-mini 10.8% 17.2%
Ours (SFT+GRPO) 12.3% 21.4%

gpt-5

None 22.2% 37.1%
Qwen2.5-7b 24.1% 38.2%
gpt-5-mini 24.7% 38.7%
Ours (SFT+GRPO) 26.1% 41.2%

Table 2: Top-1 and Top-3 diagnostic accuracy with dif-
ferent recall agents on Med-Sentences (Half), evaluated
using Qwen2.5-7B and GPT-5 as diagnosis judges.

Med-Sentences (Quarter)
Judger Recall_agent Top-1 Acc Top-3 Acc

Qwen2.5
-7b

None 8.45% 14.1%
Qwen2.5-7b 8.83% 14.4%
gpt-5-mini 8.75% 15.2%
Ours (SFT+GRPO) 9.84% 17.2%

gpt-5

None 13.3% 22.9%
Qwen2.5-7b 15.1% 25.7%
gpt-5-mini 15.4% 26.3%
Ours (SFT+GRPO) 19.6% 31.7%

Table 3: Top-1 and Top-3 diagnostic accuracy with dif-
ferent recall agents on Med-Sentences (Quarter), evalu-
ated using Qwen2.5-7B and GPT-5 as diagnosis judges.

achieves the highest Top-1 accuracy (9.84% un-547

der Qwen2.5-7B and 19.6% under GPT-5), outper-548

forming baselines by a clear margin, despite the549

increased difficulty of the setting.550

Follow-up Text
Judger Recall_agent Top-1 Acc Top-3 Acc

Qwen2.5
-7b

None 16.1% 22.5%
Qwen2.5-7b 16.3% 22.9%
gpt-5-mini 18.1% 25.1%
Ours (SFT+GRPO) 18.9% 26.8%

gpt-5

None 31.5% 40.6%
Qwen2.5-7b 32.8% 40.9%
gpt-5-mini 33.3% 42.1%
Ours (SFT+GRPO) 36.1% 45.8%

Table 4: Top-1 and Top-3 diagnostic accuracy with
different recall agents on Follow-up Text, evaluated
using Qwen2.5-7B and GPT-5 as diagnosis judges.

On Follow-up Text (Table 4), the benefits of551

recall-oriented interaction are most pronounced.552

Under GPT-5 evaluation, our GRPO-trained model553

reaches 36.1% Top-1 accuracy and 45.8% Top-3 ac-554

curacy, compared to 31.5% / 40.6% without follow-555

up reasoning. This confirms that improved infor-556

mation recall directly translates into more reliable557

final diagnoses in realistic follow-up scenarios.558

6.3 Case Study and Error Analysis 559

To better understand model behavior beyond aggre- 560

gate metrics, we conduct a qualitative case study 561

based on a rare disease case and our SFT model. 562

Overall, we observe that effective sentence-level 563

recall often leads to more informative follow-up in- 564

teractions, but correct recall alone does not always 565

guarantee correct diagnosis, particularly for rare 566

diseases with overlapping clinical features. A de- 567

tailed analysis of a representative case is provided 568

in Appendix 7. 569

6.4 Summary 570

Overall, these results demonstrate that: 571

• Explicitly modeling follow-up questioning 572

as a recall-oriented process significantly im- 573

proves information acquisition (IRR, HKR). 574

• Improvements in sentence-level recall con- 575

sistently lead to higher diagnostic accuracy 576

across datasets and judges. 577

• Reinforcement optimization with GRPO fur- 578

ther enhances robustness and generalization, 579

particularly in realistic follow-up settings. 580

Together, these findings validate sentence-level re- 581

call as a meaningful and actionable evaluation sig- 582

nal for medical follow-up questioning. 583

7 Discussion 584

Our results highlight the importance of explicitly 585

modeling follow-up questioning as an information 586

acquisition problem rather than treating it as a by- 587

product of diagnosis-oriented reasoning. Across 588

both controlled sentence-level benchmarks and re- 589

alistic follow-up settings, we observe a consistent 590

correlation between improved information recall 591

and diagnostic accuracy, suggesting that diagnostic 592

errors often stem from missing evidence rather than 593

insufficient inference. 594

The sentence-level abstraction adopted in this 595

work provides a controllable and interpretable per- 596

spective for analyzing follow-up behavior. By de- 597

composing free-text case presentations into atomic 598

clinical facts, our framework enables fine-grained 599

evaluation of what information is missing, what is 600

actively recovered, and how such recovery influ- 601

ences downstream diagnostic decisions. 602
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Limitations603

This work has several limitations that point to di-604

rections for future research.605

• First, while our framework provides a con-606

trolled and interpretable abstraction for eval-607

uating follow-up questioning, it focuses on608

sentence-level factual information and does609

not aim to fully capture all aspects of real-610

world clinical decision-making.611

• Second, our evaluation is conducted in a sim-612

ulated interaction setting, which allows for613

systematic comparison but may differ from614

open-ended patient–clinician conversations in615

practice.616

• Finally, we primarily study a limited set617

of model backbones and optimization strate-618

gies, and exploring broader model families619

and training paradigms may further improve620

follow-up reasoning capabilities.621
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Sentence Construction Prompt

You are a clinical text processing assistant. Your task
is to transform a medical case presentation into two
outputs:
1. A list of extracted clinical keywords.
2. A list of short, patient-style sentences ("I have...",
"I am...", "My ...")
where each sentence contains exactly ONE clinical
fact.

—————————
TASK INSTRUCTIONS
—————————

Given an input case presentation, perform the
following steps:

(1) KEYWORD EXTRACTION
- Extract minimal clinical units.
- Include demographics, duration, symptoms, char-
acteristics, radiation, severity, aggravating/relieving
factors, relevant history.
- Do NOT include function words or unnecessary
phrases.
- Keep keywords short (1–5 words each).

(2) SENTENCE ATOMIZATION
- Convert the case into patient-style first-person
statements.
- Each sentence must contain exactly ONE clinical
fact.
- Use simple structures: “I am. . . ”, “I have. . . ”, “My
symptoms. . . ”
- No merging of multiple facts into one sentence,
unless they share a core keyword.
- No extra explanations or new clinical information.
- If two sentences have a very clear sequence
relationship, place them in one sentence.
- Minimize the number of sentences as much as
possible

(3) Question Generation
- Generate a sample question for each sentence,
focusing on the clinical fact it contains.
- For example, sentence "I have had a fever for 3
days." could generate the question "Do you have a
fever and how long it takes?"
- Each question should be concise and directly related
to the sentence.
- Each question should be in the same index with its
corresponding sentence.

(4) JSON OUTPUT FORMAT
Return ONLY a JSON object with fields:
{
"keywords": ["...", "..."],
"sentences": ["...", "..."],
"questions": ["...", "..."]
}
—————————
INPUT CASE PRESENTATION
—————————
{CASE-TEXT}

863

A. Sentence Construction and Details 864

A.1 Sentence Extraction Prompt 865

To enable controllable and fine-grained evaluation 866

of follow-up questioning, we first transform free- 867

text medical case presentations into a structured 868

sentence-level representation. This process decom- 869

poses each case into atomic clinical sentences, as- 870

sociated keywords, and sentence-level follow-up 871

questions, which together serve as the foundation 872

for subsequent incomplete case construction and 873

evaluation. 874

Given a raw case presentation C, we use a large 875

language model to generate: 876

1. a set of extracted clinical keywords K; 877

2. a list of atomic, patient-style sentences S = 878

{s1, . . . , sn}, where each sentence contains 879

exactly one clinical fact; and 880

3. a corresponding list of follow-up questions 881

Q = {q1, . . . , qn}, each aligned with one sen- 882

tence. 883

The transformation is performed using the fol- 884

lowing prompt: 885

A.2 Keyword Generation 886

For each medical case, clinical keywords are gener- 887

ated jointly with sentence construction as described 888

in Appendix A.1. Keywords are intended to repre- 889

sent minimal semantic units corresponding to the 890

core clinical facts expressed in each atomic sen- 891

tence, including symptoms, temporal descriptors, 892

and relevant contextual attributes. 893

During evaluation, keyword matching is used to 894

compute the keyword hit rate (HKR), which mea- 895

sures whether information elicited through follow- 896

up questioning captures clinically relevant con- 897

cepts. Keyword matching is performed by com- 898

paring recalled sentences against the keyword set 899

associated with the original case. Minor lexical 900

variations are allowed through normalization and 901

relaxed matching rules, while function words and 902

non-clinical terms are ignored. 903

This keyword-based signal complements 904

sentence-level recall by providing a coarse-grained 905

measure of semantic coverage, without relying on 906

exact sentence matching. 907

A.3 Dataset Statistics and Splits 908

We report basic statistics of the sentence-level 909

abstraction in Table 5. The table summarizes the 910

average number of observed sentences in the initial 911
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Med-Sentences
Type % Avg. Initial Avg. Full
Quarter 25% 5.89 25.01
Half 50% 12.27 25.01

Table 5: The average length of sentences-list for differ-
ent division methods.

presentation and the total number of atomic sen-912

tences per case under different observation ratios913

(25% and 50%). These statistics reflect the gran-914

ularity of sentence decomposition and ensure that915

incomplete cases are constructed with comparable916

levels of information across experimental settings.917

For the sentence-abstracted version of the918

MedCase-Reasoning dataset, we randomly split the919

data into training, validation, and test sets with a ra-920

tio of 8:1:1. All models are trained on the training921

set, and final results are reported on the held-out922

test set.923

B. Recall-oriented Follow-up Interaction924

B.1 Expert Prompt for Follow-up Questioning925

In our recall-oriented interaction, the expert agent926

acts as a clinician who iteratively decides whether927

to ask a targeted follow-up question or to stop and928

output a final diagnosis. At each turn, the expert929

observes the currently known patient statements,930

the dialogue history, and the remaining turn budget,931

and must output exactly one action in a strict JSON932

format.933

B.2 Patient / Environment Prompt934

The patient (environment) agent serves as a non-935

generative information source. It holds the com-936

plete set of atomic clinical sentences and responds937

to the expert’s follow-up questions by returning938

only matched sentences, without introducing new939

facts or performing additional reasoning.940

B.3 Multi-round Interaction Protocol941

Following prior work on interactive medical rea-942

soning and multi-turn diagnosis, we adopt a struc-943

tured multi-round interaction protocol within our944

sentence-level recall framework. Each episode pro-945

ceeds as a sequence of turns between the expert946

agent and the patient (environment) agent.947

At each turn t, the expert observes the currently948

known patient statements and the dialogue history,949

and outputs exactly one action: either a follow-up950

query or a final diagnosis. If a query is issued, the951

patient agent returns all matched sentences from the952

full sentence set, or an empty response if no rele- 953

vant information is available. To ensure bounded in- 954

teraction, the maximum number of rounds is fixed 955

to T = 10 for all experiments. If no diagnosis is 956

produced within T rounds, the expert is forced to 957

output a diagnosis at the final step. 958

This protocol ensures that follow-up questioning 959

is explicit, bounded, and fully observable, enabling 960

precise measurement of information recall and its 961

impact on downstream diagnostic decisions. For 962

experiments involving local model inference, in- 963

cluding Qwen2.5-7B-Instruct, Llama3.1-8B, and 964

our post-trained models, all interactions are exe- 965

cuted on a single NVIDIA A40 GPU. 966

C. Optimization with GRPO 967

To further improve follow-up questioning behavior 968

beyond supervised fine-tuning, we apply reinforce- 969

ment optimization using Group Relative Policy Op- 970

timization (GRPO). This section provides imple- 971

mentation details of the reward design and training 972

procedure, which are omitted from the main text 973

for clarity. 974

C.1 Action and Episode Definition 975

Each training sample corresponds to a static incom- 976

plete case constructed at the sentence level. An 977

episode consists of a bounded sequence of expert 978
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actions979

at ∈ {query, diagnosis}, t = 1, . . . , T, (14)980

where T = 10 is the maximum number of allowed981

rounds. The episode terminates when a diagno-982

sis action is produced or when the round limit is983

reached, in which case a diagnosis is forced.984

C.2 Recall-aware Reward Design985

We design a recall-aware reward function that ex-986

plicitly balances information acquisition efficiency987

and diagnostic correctness.988

1. Query reward. For a follow-up query issued989

at round t, the reward depends on whether the query990

successfully recalls at least one hidden sentence:991

rquery(t) =


α

1 + λt
, if the query matches,

−β(1 + λt), otherwise,
(15)992

where α > 0 and β > 0 control the relative re-993

ward and penalty, and λ governs time-dependent994

decay. This formulation encourages early, infor-995

mative questions while discouraging prolonged or996

unproductive querying.997

2. Diagnosis reward. When a diagnosis action998

is produced, a terminal reward is assigned:999

rdiag =

{
+γ, if the diagnosis is correct,
−γ, otherwise,

(16)1000

where γ is set to dominate individual query re- 1001

wards, incentivizing the model to stop querying 1002

once sufficient information has been gathered. 1003

C.3 GRPO Training Details 1004

1005

GRPO Training Configuration

train_type = lora
lora_rank = 8
lora_alpha = 16
learning_rate = 2e-5
max_length = 2048
num_train_epochs = 5
per_device_train_batch_size = 1
gradient_accumulation_steps = 8
eval_strategy = steps
eval_steps = 50
logging_steps = 20
num_generations = 4

1006

GRPO training is initialized from the super- 1007

vised fine-tuned (SFT) model described in Sec- 1008

tion 4.1, with Qwen2.5-7B-Instruct serving as the 1009

base model. 1010

All GRPO training is conducted using the ms- 1011

swift framework (Zhao et al., 2024a) with LoRA- 1012

based parameter-efficient updates. We use 1,400 1013

sentence-abstracted Med-Sentences training cases 1014

for reinforcement learning. Training is executed 1015

on a single NVIDIA A100 GPU. Unless otherwise 1016

specified, other optimization hyperparameters fol- 1017

low the default GRPO configuration provided by 1018
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Figure 3: The training loss curve and the evaluation loss
curve in the supervised fine-tuning (SFT) method

ms-swift.1019

D. Supervised Fine-tuning Details1020

D.1 Training Configuration1021

All supervised fine-tuning experiments are con-1022

ducted on top of the Qwen2.5-7B-Instruct base1023

model. We fine-tune the model using a standard1024

causal language modeling objective on the con-1025

structed sentence-level follow-up question data.1026

Training is performed on a single NVIDIA A401027

GPU.1028

We adopt a small per-device batch size combined1029

with gradient accumulation to balance memory effi-1030

ciency and optimization stability. Mixed-precision1031

training with bfloat16 is enabled, together with gra-1032

dient checkpointing, to reduce memory consump-1033

tion. Model checkpoints are saved periodically, and1034

only a limited number of recent checkpoints are1035

retained.1036

The key training hyperparameters are summa-1037

rized in the configuration box below.1038

Supervised Fine-tuning Configuration

CONFIG =
per_device_train_batch_size = 2
per_device_eval_batch_size = 2
gradient_accumulation_steps = 8
num_train_epochs = 3
learning_rate = 5e-5
logging_steps = 50
eval_strategy = "steps"
eval_steps = 100
bf16 = True
gradient_checkpointing = True

1039

D.2 Training Performance1040

Figure 3 illustrates the training and evaluation loss1041

curves during supervised fine-tuning. The model1042

is trained for three epochs, and both training and1043

evaluation losses decrease steadily over the course1044

of optimization. 1045

The training loss shows a rapid decline in the 1046

early stage, followed by a more gradual conver- 1047

gence, indicating stable optimization behavior. The 1048

evaluation loss closely tracks the training loss with- 1049

out divergence, suggesting limited overfitting un- 1050

der the chosen training configuration. Overall, the 1051

loss trends demonstrate that the supervised fine- 1052

tuning process converges smoothly and yields a 1053

well-trained initialization for subsequent reinforce- 1054

ment optimization. 1055

E. LLM-based Diagnosis Evaluation 1056

Final diagnosis correctness is evaluated using an 1057

LLM-as-a-Judge (Gu et al., 2025) protocol to 1058

account for synonymous expressions and minor 1059

lexical variations in free-form diagnostic outputs. 1060

Specifically, we use GPT-5-mini as a lightweight 1061

judge model that receives the predicted diagnosis 1062

and the ground-truth label and outputs a binary 1063

decision (yes or no) indicating whether they refer 1064

to the same primary diagnosis. The judge is in- 1065

structed to be concise and does not generate expla- 1066

nations. This evaluation protocol is applied consis- 1067

tently across all models and experimental settings 1068

and is used solely for evaluation, not for training or 1069

inference. 1070

LLM-as-a-Judge

Is this predicted final diagnosis correct (yes/no)?
Predicted final diagnosis: {predction}
True final diagnosis: {truth}
Answer [yes/no].

1071

We emphasize that the judge model is only used 1072

for evaluation and does not participate in training 1073

or inference of the proposed models. Since the 1074

same judge and prompt are applied consistently, 1075

relative comparisons across models remain fair and 1076

controlled. 1077

F. Detailed Case Study 1078

1079

1080

F.1 Case Overview

• Case ID: PMC8561223
• Ground-truth diagnosis: Pituicytoma
• Predicted diagnosis: Cystic pituitary adenoma
• Recall rate: 23.1% → 61.5%
• Category: Correct follow-up, incorrect diagnosis

1081
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F.2 Initial Observed and Hidden Sentences

Initially Observed Sentences (Sinit):

• MRI of my brain showed a sellar cystic lesion . . .

• The cyst was only partially removed . . .

• My headaches worsened after a thunderclap
episode . . .

Hidden Sentences (Shid):

• I am a 33-year-old soldier . . .

• I have had intermittent headaches for the . . .

• I had no focal neurologic deficits . . .

• The cyst wall enhanced with gadolinium . . .

• I had low thyroid-stimulating hormone . . .

• I have low testosterone . . .

• I did not have diabetes insipidus . . .

• An endoscopic transsphenoidal approach was . . .

• A yellow capsule released clear, straw-colored . . .

• The pulsating cyst capsule was tightly adherent . . .
1082

F.3 Follow-up Interaction (Dialog)

Doctor Query: What type of surgery did you undergo
and under what anesthesia?
Patient Answer: I don’t have this information.

Doctor Query: What symptoms do you have related to
vision?
Patient Answer: I have had intermittent headaches for
the past year . . .
Patient Answer: My headaches worsened after a
thunderclap episode . . .
Patient Answer: MRI of my brain showed a sellar
cystic lesion . . .

Doctor Query: What was found during the surgery
regarding the cystic lesion?
Patient Answer: An endoscopic transsphenoidal
approach was undertaken . . .
Patient Answer: A yellow capsule released clear,
straw-colored fluid . . .
Patient Answer: The pulsating cyst capsule was tightly
adherent . . .
Patient Answer: The cyst was only partially removed
. . .

Doctor Query: What were the findings from the MRI
of your brain?
Patient Answer: MRI of my brain showed a sellar
cystic lesion . . .
Patient Answer: The cyst wall enhanced with
gadolinium . . .

Final Diagnosis: Cystic pituitary adenoma
1083

F.4 Analysis and Discussion1084

This case illustrates that the model can effectively1085

recover a substantial portion of diagnostically rel-1086

evant information through follow-up questioning. 1087

However, despite high-quality recall, the final di- 1088

agnosis remains incorrect due to the rarity of the 1089

true condition and its substantial overlap with more 1090

common pituitary lesions. This suggests that while 1091

sentence-level recall provides a meaningful signal 1092

for follow-up ability, diagnosis accuracy remains 1093

constrained by prior biases and disease prevalence. 1094
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