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Abstract

In real-world pathology, diagnosis sometimes
involves a two-stage reasoning process, an ini-
tial differential diagnosis with preliminary evi-
dence, followed by a definitive diagnosis af-
ter further examinations. Existing research
rarely reflects this workflow, treating diag-
nosis as a one-turn task. This work explic-
itly models the diagnostic process in pathol-
ogy as a continuous two-turn dialogue with
large language models (LLMs). To bridge the
evidence gap between stages, we propose a
Retrieval-Augmented Generation-based Exam-
ination Simulation (RAGES) method to simu-
late follow-up examination results requested in
the first dialogue based on existing records and
external knowledge. We curate a high-quality
training dataset of initial and follow-up consul-
tations and evaluate LLMs in the two-turn con-
sultation across another multilingual dataset.
Our experiments show that (1) LLMs signifi-
cantly improve diagnostic accuracy with addi-
tional evidence, (2) our model outperforms or
matches larger and reasoning-enhanced base-
lines, and (3) RAGES generates more plausible
results than pure LLM generation.

1 Introduction

Multi-turn consultation is central to real-world
medical diagnosis. Medical experts often begin
with preliminary clinical evidence and iteratively
refine their hypotheses through additional examina-
tions and expert reasoning. This process, known as
the hypothetico-deductive method, typically starts
with a list of potential diseases, called the differen-
tial diagnosis, and converges to a definitive conclu-
sion once sufficient further evidence is obtained, as
illustrated in Fig. 1.

In pathology, this reasoning pattern is especially
structured and sometimes manifests as a two-turn
process. Initially, pathologists examine hema-
toxylin and eosin (H&E)-stained slides to assess
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Figure 1: The hypothetico-deductive method in medi-
cal diagnosis. Medical experts first root a differential
diagnosis in preliminary information. Later, they prune
the branches, arriving at a final diagnosis with evidence
from further examinations.

tissue architecture and cellular features, combin-
ing these findings with clinical history to propose
differential diagnoses and recommend further tests
(e.g., immunohistochemistry, molecular tests, and
whole-genome sequencing). After receiving the
test results, they conduct a more detailed follow-up
analysis and conclude with a final diagnosis.

Despite its clinical importance, prior LLM-based
diagnostic research has focused mainly on single-
turn, multiple-choice tasks that assume access to
complete information. This bypasses the core chal-
lenge of early-stage differential reasoning and un-
dermines the authenticity of simulated diagnostic
workflows. Moreover, evaluating open-ended dif-
ferential diagnoses is inherently difficult due to
their subjectivity. Even pathologists may derive
different disease suspects and further testing items
based on the same case. This variability further
discourages exploration of this space.

To address these challenges, we explicitly model
the diagnostic process in pathology as a two-turn
reasoning workflow, i.e., generating a differential
diagnosis in the initial consultation and refining it
into a definitive diagnosis based on appended test
results in the follow-up. To support this, we intro-



duce the Retrieval-Augmented Generation-based
Examination Simulation (RAGES), which gener-
ates realistic follow-up evidence by combining the
reuse of original records, retrieval from a curated
knowledge base, and LLM-based generation.
Using RAGES, we curate high-quality super-
vised fine-tuning (SFT) data and train models capa-
ble of interactive diagnostic reasoning. We also pro-
pose automatic evaluation metrics for both diagnos-
tic stages using powerful LLMs as judges. Our find-
ings confirm that LL.Ms benefit significantly from
additional clinical evidence, and our model out-
performs or rivals larger and reasoning-enhanced
baselines. Experiments show that RAGES can pro-
duce more plausible results than solely depending
on LLMs’ generation. This work brings a struc-
tured, two-turn reasoning workflow, which is closer
to realistic pathological diagnosis, offering an early
exploration of interactive Al diagnosis in pathol-
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2 Related Work

2.1 Reasoning Capabilities of LLMs in
Medical Diagnosis

Early studies showed that pretrained LLMs encode
rich clinical knowledge and can answer medical
questions effectively, e.g., Flan-PaLM (Singhal
et al., 2023) and MedFound (Liu et al., 2025b).
Prompting techniques such as chain-of-thought
(CoT) have proven effective for inducing reason-
ing (Wei et al., 2023; Besta et al., 2024; Yao et al.,
2023). In medicine, structured prompting enhances
diagnostic accuracy (Nori et al., 2023; Savage et al.,
2023; Kwon et al., 2024; Savage et al., 2024).
With the advent of OpenAI’s ol model (Jaech
et al., 2024), the focus shifted to the native reason-
ing capability of LLMs on medical tasks. Nori et al.
(2024) evaluated ol-preview on medical challenge
problems and found it dramatically outperforms
previous models with prompting. Sandmann et al.
(2025) and Tordjman et al. (2025) both evaluated
DeepSeek-R1, an open-source reasoning model, on
medical tasks and clinical reasoning, demonstrat-
ing the potential of reasoning models. Building
on this new paradigm, recent work has introduced
medical LLMs and frameworks designed for step-
wise reasoning. HuatuoGPT-o1 (Chen et al., 2024)
is a medical LLM trained via verifiable reasoning
steps, including exploiting complex reasoning tra-
jectories and reinforcement learning with verifier-
based rewards. Huang et al. (2025) focused on

inference-time scaling of reasoning in the medi-
cal domain. With a learned process reward model,
MedS3 (Jiang et al., 2025a) learned to reason about
medical problems.

2.2 Multi-Turn Diagnosis

Clinical diagnosis is inherently iterative, involv-
ing hypothesis formation, information gathering,
and refinement. Several studies simulated multi-
turn doctor—patient interactions (Bao et al., 2023;
Chen et al., 2023; Li et al., 2023; Toma et al., 2023;
Liu et al., 2025c¢), including systems like AMIE
(Tu et al., 2024), Al Hospital (Fan et al., 2025),
and MedAgentSim (Almansoori et al., 2025). APP
(Zhu and Wu, 2025) explored a patient-centered
multi-turn consultation approach to enable on-
line consultations. MedAgentBench (Jiang et al.,
2025b) and MMD-Eval (Liu et al., 2025a) pro-
vided realistic simulation environments grounded
in structured patient data.

Other efforts focus on simulating the sequen-
tial diagnosis stages conducted by medical experts.
Sun et al. (2024) observed that most LLM-based
studies treat diagnosis as a one-shot question and
answer with all information provided. They there-
fore proposed a two-planner system for differential
diagnosis and final prediction. Likewise, MAC
(Chen et al., 2025) explicitly models two consul-
tation stages, the primary with limited data and
the follow-up with complete data, and engages a
multi-disciplinary treatment simulation. However,
few studies address continuous multi-turn reason-
ing with additive evidence in a single-session LLM
setting.

3 Method

3.1 Two-Turn Reasoning Workflow in
Pathological Diagnosis

When pathologists make a diagnosis, they begin by
examining H&E-stained slides under a microscope,
which highlight cell structures. Combining these
microscopic observations with the patient’s clini-
cal history, they establish a preliminary differen-
tial diagnosis consisting of several likely diseases.
Based on this differential, pathologists then order
targeted tests, such as immunohistochemistry for
protein markers, or molecular and genetic analy-
ses, to distinguish between diseases with similar
morphological features. Once the test results are
available, they follow a deductive reasoning pro-
cess to arrive at a final diagnosis, provided there is
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Figure 2: An overview of this work. (a) We collect raw case reports from open-source websites and journals and
arrange them into a two-turn consultation form. (b) We create two-turn supervised fine-tuning data with examination
results generated by the proposed RAG-based examination simulation strategy. (c) The proposed two-turn reasoning

workflow of diagnosis.

sufficient supporting evidence.

As illustrated in Fig. 2 (c), we model this diag-
nostic workflow as a two-turn interactive process
with LLMs. In the initial turn, we provide the pa-
tient’s clinical history and findings from the H&E
slides to LLMs, prompting them to generate a rea-
soning process that includes candidate diseases and
recommended further examinations. In the follow-
up turn, we supply the LLMs with the newly ac-
quired test results and prompt it to deliver a final
diagnosis.

3.2 Data Collection

Detailed case reports form the foundation of the
proposed two-turn diagnostic process. However,
datasets containing pathology-specific cases re-
main scarce. To address this gap, we curated cases
from publicly available sources, including websites
and academic journals. Due to data usage restric-
tions, some of these cases can only be used for
evaluation purposes. We will discuss them later
in Section 4.2. This section focuses on the data
sources used during the SFT stage.

« DakaPath' is a Chinese platform for patho-
logical teaching and communication. Besides
the plentiful knowledge, DakaPath has a spe-
cial section called Micro Lecture, which pro-
vides expert explanations over hundreds of
real cases. We collected 373 raw explanations.

* Chinese Journal of Pathology reports on ad-
vanced scientific research achievements and
pathological diagnosis experience as case dis-
cussions. Originally, we filtered out 653 cases.

While original case reports describe the com-
plete diagnostic workflow, they typically lack ex-
plicit stage boundaries. Additionally, many in-
clude follow-up discussions that pertain to the post-
diagnosis stage. To construct data suitable for in-
teraction with LLMs, we employ powerful LLMs
to extract key information from the original cases
while simultaneously filtering out unsuitable exam-
ples.

As shown in Fig. 2 (a), we prompt LLMs to ex-
plicitly extract five components: clinical history,

"https://www.dakapath.com
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microscopic findings, differential diagnosis, further
examinations and their results, and the final diag-
nosis. The first two components are used as input
for the first consultation. Although the differential
diagnosis is informative, we exclude it at this stage
to avoid constraining the LLMs’ reasoning in the
first turn. The examination results serve as the most
dependable source for constructing the second-turn
input, which will be described in the next section.
The final diagnosis is treated as ground truth and
used to validate the generated SFT data. We use
GPT-4 for automatic information extraction and
manually verify the quality of each output.

Algorithm 1: RAGES
Input: Case report C, requested exams F,
structured knowledge base X

Output: Simulated examination outputs £
# Split original case
(Eat, Dgt) < PreSplit(C);
# Reuse overlapping real results
Edirect < MatchOverlap(Ey, E);
# Retrieve disease-exam mappings
Candidates «— EmbedAndSearch(/C, Dy);
BestMatch <

SelectHighestSimilarity (Candidates);
Eretrieved <— GetMappings(/C, BestMatch);
# Generate final results via LLM
Egen

LLMGenerate(E ) gdirecta gretrieveda Dgt);
€+ Sgen;
return £

RAGES Prompt

Based on the given information, after careful consideration, infer the possible result of each
examination item. The given information includes the final diagnosis, examination items,
existing results (if any), and relevant knowledge (if any). Specifically, you need to:
0. Only focus on the content that can produce definitive results.
1. First, check the "Existing Results" and record results that overlap with the examination.
2. Then, check the "Relevant Knowledge". First, determine whether the relevant knowledge
pertains to the same disease as described in the "Final Diagnosis". If it is the same disease,
then, based on this knowledge, infer the results of the remaining examination items.
3. Retrieve your own knowledge and speculate on the results of the remaining items.
4. Output the above results in the specified format. The format is as follows:

ExamRes: {"Item 1": ("Result 1", Confidence Level 1), "Item 2": ("Result 2", Confidence
Level 2)}

Figure 3: An illustration of RAGES prompt.

3.3 RAG-based Examination Simulation

Before initiating the simulation of two-turn diag-
nosis, we need to design a strategy to obtain the
required examination results proposed by the re-
sponse in the initial consultation. In real scenarios,
these results can be acquired from pathologists’

practice to facilitate a multi-turn interaction. It is,
however, less practical to consult the laboratory
during SFT. Therefore, we propose the retrieval-
augmented generation-based examination simula-
tion (RAGES), a method designed to produce plau-
sible yet grounded examination outcomes without
real-time laboratory access. RAGES operates in
three key stages, as in Algorithm 1.

Reuse of Existing Results. For each case, we
first separate the original case report and match
the examinations ordered by the model with those
already performed in the record. If overlap exists,
the corresponding results are directly reused with
complete confidence, as they originate from ver-
ified laboratory data. However, considering the
probable difference between the real and generated
differential list, this stage typically contributes to
only a proportion of the results requested by the
LLM:s.

Retrieval from Structured Knowledge. We re-
trieve results from a curated database comprising
over 24,000 mappings between 1,629 diseases and
465 immunohistochemistry (IHC) markers to cover
examinations not present in the case report. Each
mapping captures statistical associations indicating
the likelihood of a test result given a disease, e.g.,
“almost positive, with >95% positive cases”. We
embed the final diagnosis from the case using a sen-
tence transformer and search for similar disease en-
tries in the database. The closest match is selected,
and its mappings are retrieved to augment the fol-
lowing result generation process. These results are
statistically grounded but may be ambiguous in rare
or conflicting cases.

LLM-based Generation. We query a powerful
LLM with the case context and retrieved knowl-
edge to generate plausible outputs for any examina-
tions not covered in prior steps. An example of the
prompt is shown in Fig. 3. These outputs may draw
upon the LLM’s internal knowledge or reasoning
capabilities. However, since they lack direct em-
pirical backing, their reliability is lower than that
of reused or retrieved results. Notably, in practice,
we randomly drop some results with extremely low
confidence and tell the models in the second turn
that these examinations are unavailable.

This design prioritizes high-quality, explainable
and complete results, reducing noise from halluci-
nations or overconfident LLM generations.



3.4 Activating Two-Turn Reasoning
Capability

Following Huang et al. (2025), we create an SFT

dataset generated by powerful reasoning models to

activate existing LLMs’ reasoning on two-turn diag-

nosis. The whole process is illustrated in Fig. 2 (b).
Initial Consultation

I need you to act as a professional pathologist. After carefully considering the given
information, infer the possible differential diagnoses. Then, based on these differential
diagnoses, suggest additional information that needs to be provided to rule out certain
possibilities. When summarizing the differential diagnoses, you need to rank the more likely
diagnoses higher.
Here is the case:
Background Information: A 72-year-old male ... Extracted from Original Case
Microscopic Findings: Intact respiratory epithelium ...
<think> Okay, now I need to deal with this case. I'm going to conduct a differential diagnosis
analysis based on the provided information, and recommend further examination items ...
</think>
<answer> Case Analysis: ...

\DiffList{MALT lymphoma, ...}

Further Examinations: \ExamList{CD20, ...} </answer> Used in RAGES

Figure 4: The SFT data in the initial consultation turn.

In the initial consultation, LL.Ms take clinical
history and histological findings as input and think
about possible differential diagnoses and appended
examinations. Instead of directly giving the differ-
ential list in the original cases as a guide, we adopt
a post-verification strategy. We only provide the
input and generate it several times for each case.
After gathering these trials, we use another LLM to
judge whether the ground truth diagnosis appears
in these trials, and retain the positive ones as SFT
data. We choose this more complex strategy for
two reasons. First, we do not expect LLMs to be
bound by the original text, since different patholo-
gists might derive different disease suspects from
the same case. Second, when a differential list is
provided, LLMs might have hallucinations like di-
rect references to the original results. A shortened
sample of training data in the first consultation is
illustrated in Fig. 4.

Based on the verified trials, we use the RAGES
method to simulate the appended results. After col-
lecting sufficient appended results, we can start the
follow-up consultation. We provide LL.Ms with
the response in the first turn and the acquired fur-
ther examination results, and ask them to produce
a final diagnosis after careful thinking. Also, we
employ the post-verification strategy and retain as
SFT data those trajectories that propose the true di-
agnosis. A shortened sample of training data in the
second consultation is illustrated in Fig. 5. Notably,
we explicitly provide the history only in the data-
generating stage. In the SFT and evaluation stage,
we do not repeatedly give the existing information.

w4

Follow-up Consultation
Now the results of the further examinations have come out. I need you to:
1. First, check the "Case Information" and the "First-round Diagnosis" to sort out the
previous diagnostic chain of thought and related conclusions.
2. Then, check the "Results of Further Examinations". You need to conduct further
differential analysis based on the existing examination results, and give the final diagnosis.
3. The final diagnosis needs to be output in the specified format.

Here is the information:

CaseInformation— Extracted from Original Case

Results of Further Examinations: ... Generated with RAGES

<think> Okay, now I need to rethink this case ... </think>

<answer> ...

Final Diagnosis: \boxed {Pericytoma} </answer> Verified with Ground Truth

Figure 5: The SFT data in the follow-up turn. Notably,
the case information and history of the initial consulta-
tion are only provided during the data-generating pro-
cess and are not exposed to LLMs in dialogue.

4 Experiment

4.1 Implementation

We use DeepSeek-R1 (DeepSeek-Al, 2025) to per-
form RAGES and generate SFT data, because R1
offers a transparent reasoning process and consis-
tently strong performance. A total of 925 training
samples related to initial consultations and 623
follow-up samples are constructed. For SFT, we
adopt Qwen2.5-32B-Instruct (Yang et al., 2024)
as the base model. We apply parameter-efficient
Low-Rank Adaptation (LoRA) (Hu et al., 2022)
and enable bf16 precision to optimize training with
our curated dataset. The training workflow is imple-
mented using Llama-Factory (Zheng et al., 2024),
and evaluation is conducted with vLLM (Kwon
et al., 2023). We use LoRA with default hyper-
parameters, as « = 16 and » = 8. The initial
learning rate is set to 5 x 10~ with cosine decay,
and training is run for 15 epochs. The fine-tuning is
carried out on 8 A100 GPUs, and the entire process
completes in approximately 12 hours.

4.2 Evaluation Configurations
4.2.1 Evaluation Datasets

To ensure fair comparisons, we collect evaluation
data from other sources, including publicly avail-
able English-language cases from Pathology Out-
lines and the Hans Popper Hepatopathology Soci-
ety (HPHS), as well as in-house Chinese-language
cases used for resident training at Hospital X.
Pathology Outlines? is a comprehensive platform
for pathology communication. It offers extensive
knowledge across subspecialties and weekly case
studies. We collected 483 cases published before

“https://www.pathologyoutlines.com
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December 2024. Hans Popper Hepatopathology
Society (HPHS)? is a hepatopathology-focused
community that presents a noteworthy case every
3 to 4 months. We included 37 cases published up
to September 2024. The in-house dataset origi-
nates from internal examination materials used for
resident education at Hospital X. It includes 339
cases covering 11 major domains, including the
endocrine system, reproductive system, respiratory
system, central nervous system, skin, bone and soft
tissue, etc.

We manually extract relevant diagnostic infor-
mation from case reports to ensure dataset quality
and compile two evaluation subsets.

1. The Public English Dataset (EN) consists of
110 English-language cases, 100 from Pathol-
ogy Outlines and 10 from HPHS. Due to dis-
tribution constraints, we open-source only the
URLS of the cases in this dataset.

2. The In-house Chinese Dataset (CN) com-
prises 276 Chinese-language cases sourced
from Hospital X.

Since our model is trained exclusively on Chi-
nese data, the English dataset is a relatively unbi-
ased and open-source benchmark. However, it pri-
marily features complex and atypical cases, which
are less representative of routine diagnostic scenar-
i0s. Therefore, we also evaluate on the Chinese
dataset to simulate a more realistic yet sufficiently
challenging clinical setting.

4.2.2 Evaluation Metrics

For the initial consultation stage (/nitial), where the
model proposes potential disease candidates, we
evaluate whether the ground truth final diagnosis
appears in the differential list. If so, it is consid-
ered a hit, and the hit rate is used to quantify the
differential accuracy (DiffAcc). For the follow-up
consultation stage (Follow-up), where the model
refines its decision and outputs a precise diagno-
sis, we check whether the ground truth diagnosis
appears as the top-ranked candidate. In this case,
we use the hit-at-one rate to measure the diagnos-
tic accuracy (DxAcc). Unless otherwise specified,
DiffAcc is reported for the initial consultation turn,
and DxAcc for the follow-up turn.

To ensure a comprehensive and objective eval-
uation, we rely on three strong LLMs, GPT-40
(40) (OpenAl et al., 2024), DeepSeek-R1 (R1), and
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Qwen2.5-Max (QM), to assist in verification. We
also report the average score across these three
models for overall performance.

5 Results Analysis

5.1 More Information, More Accurate
Diagnosis

Before conducting a comprehensive comparison of
two-turn diagnostic performance, we aim to demon-
strate that LLMs produce more accurate diagnoses
when provided with additional evidence. To this
end, we compare diagnostic accuracy after the ini-
tial consultation and again after the follow-up stage,
evaluating whether access to more information im-
proves the precision of the model’s predictions.

In addition to our SFT model (Ours-32B), we
evaluate three baselines: the original Qwen2.5-
32B-Instruct (Qwen-32B), a reasoning variant,
OwQ-32B (QwenTeam, 2025), and a larger
Qwen2.5-72B-Instruct (Qwen-72B).

60
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Figure 6: The comparison of diagnosis accuracy in the
initial and follow-up consultation.

As shown in Fig. 6, all models achieve higher di-
agnostic accuracy across both datasets when given
follow-up information. While the outcome may
seem intuitive, this experiment provides a critical
foundation for our study, validating the necessity
of incremental evidence in LLM-assisted diagnosis
and motivating the subsequent analyses.

5.2 Performances in Two-Turn Diagnosis

We compare our model with the three baseline
models introduced earlier. Tables 1 and 2 present
the overall performance across both the initial and
follow-up consultation stages.

During the initial consultation, our model outper-
forms the original Qwen-32B, with average accu-
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Table 1: The differential accuracy (DiffAcc) of different models in the initial consultation (Yellow: chat models;
Red: reasoning models). Bold figures suggest the best performance, and the underlined are the second best.

Model Public English Dataset ~ In-House Chinese Dataset Overall
40 R1 QM Avg. 40 Rl QM Avg
Qwen-32B 4277 327 43.6 39.7 51.8 424 577 49.6 468
Qwen-72B  59.1 473 53.6 533 66.7 583 67.8 643 61.2
QwQ-32B  60.0 48.2 61.8 56.7 69.9 583 685 656  63.1
Ours-32B 62.7 464 573 555 71.7 587 69.6 66.7 63.5

Table 2: The diagnosis accuracy (DxAcc) of different models in the follow-up consultation (Yellow: chat models;
Red: reasoning models). Bold figures suggest the best performance, and the underlined are the second best.

Model Public English Dataset ~ In-House Chinese Dataset Overall
40 R1 QM Avg. 40 Rl QM Avg.
Qwen-32B 236 164 309 236 38.0 239 37.7 332 305
Qwen-72B  50.0 33.6 509 448 493 359 50.0 45.1 45.0
QwQ-32B 409 345 427 394 53.6 438 522 499 469
Ours-32B 464 38.2 455 434 522 420 53.6 493 476

racy improvements of 17.1% on the Chinese dataset
and 14.2% on the English dataset. In the follow-
up stage, the gains remain substantial at 16.1%
and 19.8%, respectively. When compared with
the reasoning-augmented QwQ-32B and the larger
Qwen-72B, our model demonstrates comparable
or even superior performance. Considering the
overall performance of both datasets, our approach
achieves the best overall results among all the mod-
els evaluated. These findings highlight the effec-
tiveness of reasoning in enhancing differential and
diagnostic accuracy across multilingual settings.
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Figure 7: The plausibility of examinations requested by
different models.

5.3 The Plausibility of Examinations

To assess the plausibility of the follow-up exam-
inations suggested by each model during the ini-

tial consultation stage, we employ GPT-40 as an
external evaluator. Specifically, GPT-4o is asked
to judge whether the proposed examination items
are appropriate, given the differential diagnosis list
generated by the model. To ensure stability and re-
duce variance, we repeat the evaluation three times
for each response and compute the model’s pass
rate as the final metric, i.e., the proportion of times
the suggestions are deemed plausible by GPT-4o0.

The results are shown in Fig. 7. As illustrated,
our model exhibits a clear advantage in plausibility,
which can be attributed to the carefully designed
SFT. However, overall pass rates remain modest,
primarily due to the inclusion of redundant exami-
nations aimed at verifying elements of the differen-
tial diagnosis.
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Figure 8: The average response lengths of 4 models in
different stages.



5.4 Response Length

Following prior work (Huang et al., 2025), we
examine the response lengths of different mod-
els across the two consultation stages (Fig. 8). In
the first consultation, reasoning-enhanced models
(QwQ-32B and ours) output around 2,000 tokens,
while the larger Qwen-72B generates about 600
tokens and baseline Qwen-32B about 400 tokens.
In the second consultation, base models (Qwen-
32B and Qwen-72B) become more verbose, while
QwQ-32B shortens, and our model maintains a sim-
ilar length. This reflects two opposing but reason-
able factors. Integrating new findings may increase
length, while ruling out differentials is simpler than
proposing them. Notably, the original models con-
sistently generate responses of about 1,000 tokens,
while ours maintains around 2,000. This may sug-
gest a tendency toward over-reasoning induced by
SFT.

5.5 Ablation Study

The ablation study focuses on two key aspects: (1)
validating the effectiveness of incorporating two-
turn diagnostic data during supervised fine-tuning
(SFT data ablation), and (2) evaluating the neces-
sity of the RAGES components (RAGES ablation).

Qwen-32B
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DiffAcc (EN) W w/ Follow-up SFT 39 7 55.5857-3
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19.6 66.767.3
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Figure 9: Ablation study on the usage of SFT data. w/
Initial SFT suggests only incorporating the data about
initial consultation, and w/ Follow-up SFT further in-
cludes data about follow-up consultation.

SFT data ablation. We compare Qwen-32B with
two SFT variants: one trained on initial consulta-
tion data only, and another on both consultation
stages. The results are shown in Fig. 9. Even lim-
ited to the first-turn data, SFT significantly boosts
performance in both stages. This improvement may
stem from the model generating a more accurate
differential diagnosis in the initial turn, which in-

herently facilitates more precise final diagnoses.
Adding follow-up data slightly reduces differential
accuracy but notably improves final diagnosis ac-
curacy, highlighting the value of learning to reason
with appended evidence.

Table 3: Ablation study on different phases of RAGES.
w/ GT suggests reusing the original results, and w/ KB
retrieves from the knowledge base.

RAGES Correctness (%)

w/GT w/KB EN CN Overall
82.7 179.2 80.2
v 86.4 80.3 82.0
v 84.5 80.7 81.8
v v 864 84.1 84.8
RAGES ablation. Asin Section 5.3, we also em-

ploy GPT-4o to assess the correctness of simulated
examination results under four RAGES settings:
vanilla generation, with reused text, with retrieved
knowledge, and the full combination. The results
are presented in Table 3. Including either reused
or retrieved information improves output quality,
while combining both yields the highest correct-
ness, confirming their complementary value for
factual and plausible result synthesis.

6 Conclusion

We present a two-turn reasoning workflow to sim-
ulate and evaluate the full hypothetico-deductive
diagnostic process in pathology using large lan-
guage models. We enable fine-grained supervi-
sion and evaluation by formalizing diagnosis as a
two-turn task and introducing the RAGES method
for follow-up examination simulation. Our exper-
iments confirm the importance of evidence acqui-
sition in LLM-assisted diagnosis and highlight the
benefits of reasoning. Our model achieves superior
or comparable performance to larger or reasoning-
enhanced models, while also generating more plau-
sible diagnostic reasoning and examination sug-
gestions. This work lays a foundation for future
works, including (1) incorporating more turns of
evidence gathering and differential refinement, (2)
combining comprehension of pathological images
into the workflow, thus formulating a multimodal
framework, and (3) including human-in-the-loop
assessments for a more reliable model development
and evaluation.



Limitations

This work represents an initial exploration of in-
tegrating two-turn reasoning into pathological di-
agnosis using LLLMs. As a foundational step, our
approach focuses exclusively on text-based reason-
ing, without incorporating the multi-modal interac-
tion between pathology images and textual findings.
Additionally, for clarity and evaluation feasibility,
we model diagnosis as a two-turn process, which
simplifies the inherently multi-turn and iterative na-
ture of real-world clinical reasoning. For example,
in real-world diagnosis, pathologists typically first
order ITHC tests, followed by molecular tests, and
finally whole-genome sequencing, while in this
work, the three kinds of tests are combined as a
one-turn request in the follow-up consultation.

Regarding methodology, the limitations of this
study fall into two main aspects. First, our ap-
proach relies solely on supervised fine-tuning
(SFT) to activate the model’s reasoning capabili-
ties. While SFT is efficient and practical, reinforce-
ment learning (RL) offers an alternative avenue
for encouraging native reasoning. However, RL
introduces significant challenges. Designing mean-
ingful reward functions for diagnostic tasks and im-
plementing robust training frameworks for flexible
multi-turn dialogue remains non-trivial, especially
within existing infrastructures such as OpenRLHF
or VeRL. Second, our evaluation framework de-
pends on LLM-based judgments rather than human
experts. Although we mitigate this limitation by
incorporating multiple strong LLMs (e.g., GPT-4o,
DeepSeek-R1, Qwen-Max) and averaging results
across them, automated evaluation still lacks the
clinical authority and nuanced judgment that ex-
pert pathologists provide. Future work will include
human-in-the-loop evaluation to ensure real-world
applicability and safety.

Ethics Statement

This work leverages pathological case studies from
multiple sources, raising two primary ethical con-
siderations, i.e., patient privacy and data distribu-
tion.

Regarding patient privacy, all case reports col-
lected from public websites and journals were al-
ready anonymized at the source. We carefully
removed any personally identifiable information
from the in-house dataset, preserving only essen-
tial information such as age and gender for clinical
reasoning.

In terms of data distribution, we will not release
the in-house dataset publicly due to institutional
data protection policies. For externally sourced
cases, we strictly adhered to the usage guidelines
specified by each website or journal. To avoid
unauthorized redistribution, we will release only
the URLs linking to the original case sources, al-
lowing other researchers to access the materials
while respecting the original data ownership and
licensing terms.

The risk of this work may lie in the improper
responses (including repetitive patterns, false in-
formation, malignant output, etc.) since we do not
specifically strengthen the safety of the model.
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A Appendix

A.1 Full Prompts

We append the full prompts used in SFT data, two-
turn consultation, and automated evaluation for
reproducibility.

Prompts used in SFT data. The whole prompt
includes a system prompt to explicitly separate
thinking and answering, a detailed instruction in
the initial consultation, and a follow-up instruction,
as illustrated in Fig. 10.

Prompts used in two-turn workflow. We use a
simplified prompt for the original models during
the two-turn workflow, as illustrated in Fig. 11. The
difference is two-part. We drop the system prompt
to avoid disturbing its original one, and we use
a prompt without step-by-step instructions in the
initial consultation since we find some interesting
outcomes introduced later in Appendix A.2.

Prompts used in automated evaluation. We use
LLMs to evaluate the differential and diagnostic
accuracy, as well as the examinations and results.
The prompts used in evaluating are shown in Fig.
12.

A.2 Ablation on Prompting

As stated before, we compare the performance of
the original Qwen models with detailed instruc-
tions, as used in our model, to investigate the influ-
ence of prompting (Prompt ablation).

Prompt ablation. Figure 13 presents the differ-
ences. For a relatively weak model (Qwen-32B), a
detailed step-by-step instruction can bring dramatic
improvement, though not comparable with stronger
models like Qwen-72B (larger), QwQ-32B (rea-
soning improved), and ours. For strong models,
detailed instruction seems to limit their ability to
think and might cause a decline in performance.
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System

User

User

SFT Data Prompts

You are Qwen, created by Alibaba Cloud. You are a helpful assistant. A conversation between User and Assistant. The
user asks a question, and the Assistant solves it. The assistant first thinks about the reasoning process in the mind and
then provides the user with the answer. The reasoning process and answer are enclosed within <think> </think> and
<answer> </answer> tags, respectively, i.e., <think> reasoning process here </think> <answer> answer here </answer>.

I need you to act as a professional pathologist. After carefully considering the given information, infer the possible
differential diagnoses. Then, based on these differential diagnoses, suggest additional information that needs to be
provided to rule out certain possibilities. Specifically:

1. First, you need to carefully analyze the given information, which mainly includes case background information,
previous examination items, morphological descriptions of pathological sections, etc. Summarize the evidence points
related to the diagnosis from this information.

2. Based on the given information, analyze what the possible differential diagnoses are and determine whether they are
consistent with the given information. Note: These differential diagnoses should be as broad and accurate as possible
(broad means considering less common diagnostic possibilities, and accurate means the listed differential diagnoses
should not conflict with most of the background information).

3. According to the listed differential diagnoses, propose the further examination items. You need to specify the exact
antigen - antibody, staining type, or molecular type. If the existing information is sufficient to confirm a specific disease,
only output that disease and leave the additional examination items blank.

4. Finally, summarize the possible differential diagnoses and the required additional examination items in a given format.
When summarizing the differential diagnoses, you need to rank the more likely diagnoses higher.

5. Output four sections in the specified format: "Case Analysis - Differential Diagnosis Analysis - Additional
Examination Items - Summary".

Format requirements:
## Case Analysis

4 Summary
**Differential Diagnoses**: \DiffList{Differential Diagnosis 1, ...}
**Further Examinations**: \ExamList{Examination Item 1, ...}

Here is the case:
<Case Information>

<think> Okay, now I need to deal with this case. I'm going to conduct a differential diagnosis analysis based on the
provided information, and recommend further examination items ... </think>

<answer> ...

**Differential Diagnosis**: \DiffList{...}

**Further Examinations**: \ExamList{...} </answer>

Now the results of the further examinations have come out. I need you to:

1. First, check the "Case Information" and the "First-round Diagnosis" to sort out the previous diagnostic chain of
thought and related conclusions.

2. Then, check the "Results of Further Examinations". The additional test results may not fully match the items requested
in the initial diagnosis. Based on the available test results, you need to conduct further differential analysis, and give the
final diagnosis. Note: You are completely entitled to overturn the initial diagnostic approach and provide a diagnosis
based on the current information after obtaining more data.

3. The final diagnosis must be output in the specified format, i.e., \boxed {Diagnosis Name}

Here is the information:

Results of Further Examinations: <Exam Results>

<think> Okay, now I need to rethink this case ... </think>
<answer> ...
Final Diagnosis: \boxed{...} </answer>

Figure 10: A full illustration of SFT data.
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User

User

Workflow Prompts

I need you to act as a professional pathologist. After carefully considering the given information, infer the possible
differential diagnoses. Then, based on these differential diagnoses, suggest additional information that needs to be
provided to rule out certain possibilities. Note: These differential diagnoses should be as broad and accurate as possible
(broad means considering less common diagnostic possibilities, and accurate means the listed differential diagnoses
should not conflict with most of the background information). You should summarize the possible differential diagnoses
and the required additional examination items in a given format. When summarizing the differential diagnoses, you need
to rank the more likely diagnoses higher.

Format requirements:

## Case Analysis

i Summary
**Differential Diagnoses**: \DiffList{Differential Diagnosis 1, ...}
**Further Examinations**: \ExamList{Examination Item 1, ...}

Here is the case:
<Case Information>

**Differential Diagnosis**: \DiffList{...}
**Further Examinations**: \ExamList{...}

Now the results of the further examinations have come out. I need you to:

1. First, check the "Case Information" and the "First-round Diagnosis" to sort out the previous diagnostic chain of
thought and related conclusions.

2. Then, check the "Results of Further Examinations". The additional test results may not fully match the items requested
in the initial diagnosis. Based on the available test results, you need to conduct further differential analysis, and give the
final diagnosis. Note: You are completely entitled to overturn the initial diagnostic approach and provide a diagnosis
based on the current information after obtaining more data.

3. The final diagnosis must be output in the specified format, i.e., \boxed {Diagnosis Name}

Here is the information:

Results of Further Examinations: <Exam Results>

<think> Okay, now I need to rethink this case ... </think>
<answer> ...
Final Diagnosis: \boxed{...} </answer>

Figure 11: A full illustration of prompts in the workflow.
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User

User

Evaluation Prompts

I need you to act as a professional pathologist. After careful consideration based on the given disease candidates and the
true diagnosis, determine whether the true diagnosis (or a close approximation) is among the candidates and, if present,

its position in the list. If it is within the candidates, output \boxed{True} + "Hit candidate content" + "Position of the hit
content" at the end; otherwise, output \boxed {False} + No hit + 0.

\boxed{True | False} + ... + <digital>

I need you to assist me in determining whether some pathological content is reasonable. I will provide you with a list of
differential diagnosis diseases, a set of further examination results, and the ground truth diagnosis. You need to
determine:

1. Based on the list of differential diagnosis diseases, judge whether the additional examination items are reasonable and
record the unreasonable items;

2. Based on the ground truth diagnosis, judge whether the further examination results are reasonable and record the
incorrect results.

**Notes**:

1. When the additional examination items are "no need," both items can be directly considered reasonable.

2. When judging the plausibility of examination results, do not consider whether some results are omitted; only judge the
reasonableness of the existing examination results.

The information you need to use is as follows:
- Differential diagnosis: ...

- Further examinations and results: ...

- Ground truth diagnosis: ...

After careful consideration, you need to summarize at the end of the output in the following format:
1. Exam: \boxed{True|False}, \List{ Wrong Item 1, ...}
2. Result: \boxed {True|False}, \List{ Wrong Item and Result 1, ...}

1. Exam: \boxed{True | False}, \List {...}
2. Result: \boxed {True | False}, \List {...}

Figure 12: A full illustration of prompts for evaluation.
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Figure 13: Performance gains with a detailed instructing

prompt on original Qwen models.
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