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Abstract

Long Chain-of-Thought (CoT) reasoning has shown great
promise in complex reasoning tasks, but its application to
medical decision-making presents unique challenges. Un-
like structured tasks relying on static verification frame-
works, medical decision-making requires dynamic validation
through longitudinal clinical outcomes, exhibiting temporal-
causal dependencies that complicate the verification of rea-
soning processes. Therefore, we introduce a novel data
construction framework specifically designed for medical
decision-making. First, the framework analyzes real-world
clinical cases to construct a timeline of medical events and
identify critical decision points, including examination, di-
agnosis, and treatment. Subsequently, it employs a clinical
causality-aware strategy to generate decision-making ques-
tions at the identified points, along with reasoning traces and
corresponding answers. Finally, information drawn from fu-
ture nodes serves as clinical logic-constrained criteria to re-
evaluate and refine the soundness of the generated reason-
ing and responses. Building on this, we present OncoCoT,
an oncologic decision-making dataset derived from clinical
records over the past four years across eight common can-
cer types. Furthermore, we distill a subset of OncoCoT into a
dedicated benchmark, OncoEval, to facilitate systematic eval-
uation of clinical reasoning capabilities in LLMs. Evaluation
results show that existing state-of-the-art reasoning models,
such as Deepseek-r1 and GPT-o3, exhibit limited capability
in addressing clinical problems in OncoEval, highlighting the
need for further improvement.

Datasets — https://github.com/ydli-ai/OncoCoT

Introduction
Long Chain-of-Thought (Long CoT) technology, exempli-
fied by GPT-o1 (OpenAI 2025) and Deepseek-r1 (Guo et al.
2025), has significantly enhanced complex reasoning capa-
bilities in structured tasks such as mathematical deduction
and code generation through multi-step reasoning guidance.
This progress primarily benefits from formalized verifica-
tion standards and well-defined evaluation paradigms. How-
ever, Long CoT faces unique challenges when applied to
medical decision-making, a domain with strong temporal
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Figure 1: Comparison of two Chain-of-Thought data con-
struction methods for clinical decision support: (a) Rejection
sampling-based CoT for closed-set QA, which filters LLM-
generated reasoning chains via ground-truth alignment; (b)
Temporal clinical logic-constrained CoT that integrates the
real-world medical timelines to ensure step-by-step reason-
ing adheres to diagnostic/treatment sequences.

dependencies in both task formulation and outcome valida-
tion. Medical decision-making is an evidence-based reason-
ing process that requires dynamic evaluation through lon-
gitudinal tracking of clinical outcomes rather than static,
single-time-point verification frameworks. This challenge is
exacerbated in oncology due to complex disease trajectories,
diverse treatment options, and long-term clinical courses.
Moreover, privacy constraints and high costs of expert an-
notation lead to severe shortages of high-quality data.

While numerous datasets support medical tasks, few are
designed to reflect the evolving nature of real-world clinical
decision-making. Existing Medical datasets (Jin et al. 2020;
Liu et al. 2023) typically convert medical exam data to QA
format through rejection sampling. Although rich in medical
knowledge, they are restricted to single-time-point entries,
failing to simulate the evolving, longitudinal process of real-
world clinical decision-making. Notably, Chen et al. (2024)
pioneers the construction of medical Q&A into Long CoT
formats, achieving preliminary multi-step diagnostic reason-
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ing. However, it remains constrained by the flat structure of
exam questions, relying on static answer verification while
overlooking the correctness of the CoT reasoning traces. In
summary, existing medical datasets may fall short in evaluat-
ing the full capabilities of modern LLMs. These limitations
underscore the need for clinically realistic, logically com-
plex datasets to support medical decision-making tasks.

In this work, we present OncoCoT, building on a proposed
data construction framework that is capable of simulating
temporal-causal clinical decision-making process by ana-
lyzing the causal dependencies between medical events and
decisions in real medical records. This framework systemat-
ically constructs long CoT reasoning data with clinical logic
constraints. Specifically, we extract the timeline of medical
events from the cases, and simulate clinician-patient inter-
actions at specific timepoints while constraining reasoning
paths to objectively reflect subsequent medical events. We
focus exclusively on formulating questions around three crit-
ical types of decision points in clinical workflows: examina-
tion, diagnosis, and treatment, whereby our framework en-
sures that the constructed reasoning tasks impart meaningful
medical decision-making. As shown in Fig. 1, existing med-
ical data construction methods typically rely on multiple-
choice questions to expand reasoning components, filtering
data by verifying answer correctness, from which our ap-
proach fundamentally differs, constructing data from com-
prehensive real-world clinical cases. This paradigm shift en-
sures that our data align with authentic clinical pathways and
enables temporal-causal evaluation of models.

Since our framework reveals the limitations of LLMs in
clinical decision-making, we introduce OncoEval, a bench-
mark built from real-world diagnostic and treatment records
covering eight common cancer types, serving as a compre-
hensive evaluation suite for clinical reasoning models. Our
benchmark demonstrates that existing state-of-the-art deep
reasoning models, including Deepseek-r1 and GPT-o1, ex-
hibit limited capability in addressing our constructed prob-
lems, highlighting new directions for model development.
To evaluate the effectiveness of our proposed OncoCoT
dataset, we also set up an experiment to compare the mod-
els fine-tuned using different data construction methods. The
results show that OncoCoT has the greatest improvement in
model performance compared to other methods.

The contribution of this work can be summarized as:

• We propose a clinical logic-constrained CoT data con-
struction framework based on spatiotemporal decision
sequences, which designs reasoning tasks around criti-
cal medical decision nodes including examination, diag-
nosis, and treatment, ensuring the quality and rigor of
the created reasoning data that reflects real-world clini-
cal decision-making processes.

• We establish OncoEval, the first benchmark for common-
cancer diagnosis and treatment with temporal-causal
evaluation capability, and show that SOTA reasoning
models still struggle on its tasks.

• Models fine-tuned on OncoCoT achieve the largest per-
formance gains over those trained with alternative data-
construction methods, validating its effectiveness for ad-

vancing clinical-reasoning models.

Related Work
CoT Dataset Construction
In the medical domain, integrating CoT reasoning into
dataset construction enables model evaluation beyond de-
cision accuracy, emphasizing plausibility and clinical valid-
ity of intermediate steps (Chen et al. 2024). A human–LLM
hybrid pipeline has been proposed to build expert-verified
CoT datasets for interpretable clinical AI (Ding et al. 2025),
though its reliance on costly expert input limits scalability.
Liu et al. (2024) present a hierarchical expert verification
framework with a sparse mixture-of-experts model to im-
prove interpretability in medical VQA. Nachane et al. (2024)
propose CoT prompting to emulate step-by-step clinical rea-
soning. However, such datasets are often based on simplified
QA tasks or exams, lacking authentic temporal and causal
reasoning found in real-world clinical settings.

Medical LLMs and Benchmarks
Due to recent advances in LLM capabilities, many medi-
cal LLMs have emerged to support clinical tasks (Yu et al.
2019; Huang, Altosaar, and Ranganath 2019). Zhang et al.
(2023b) introduce AlpaCare, leveraging GPT-4 to expand
expert seed data and build the MedInstruct-52K dataset
for improved medical QA. Other studies enhance medical
LLMs by constructing doctor-patient dialogue datasets, in-
tegrating RAG, and applying RLAIF, achieving progress
in dialogue, knowledge use, and response quality (Chen
et al. 2023; Li et al. 2023; Zhang et al. 2023a; Devi et al.
2024). However, pretraining-based models remain costly,
less adaptable, and limited by proprietary data, while fine-
tuning methods often use rigid QA formats unsuited for
complex real-world clinical tasks. Jin et al. (2021) propose
MedQA, based on the USMLE, to evaluate clinical reason-
ing via multiple-choice questions. Other benchmarks such
as MedMCQA, PubMedQA, MLEC, and MedNLI use exam
questions and medical literature to test LLMs on knowl-
edge recall and evidence-based reasoning (Pal, Umapathi,
and Sankarasubbu 2022; Jin et al. 2019; Li, Zhong, and Chen
2021; Johnson et al. 2016; Shivade 2017). A more detailed
discussion of related work can be found in the appendix.

Data Construction Framework
Motivation and Challenges
Existing medical datasets for LLMs primarily rely on
multiple-choice or short-answer QA formats, mostly de-
rived from textbook-style question banks, curated knowl-
edge bases, or single-visit clinical records (Luo et al. 2022;
Ben Abacha and Demner-Fushman 2019). While these
benchmarks provide a convenient and quantifiable way to
assess the knowledge storage and memory capabilities of
LLMs, they offer only limited insights into reasoning and
decision-making ability under real-world clinical condi-
tions. Although some efforts have attempted to construct
long CoT using multiple-choice or short-answer formats
(Chen et al. 2024), they generally lack supervision for CoT
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Figure 2: Workflow of the proposed clinical decision-support data-construction framework, analyzing temporal-causal depen-
dencies between medical events to simulate medical reasoning in authentic clinical settings. It integrates timeline and decision
points identification, clinical causality-aware QA simulator, and clinical logic-constrained CoT Rethinking.

quality and fail to capture the temporal-causal nature of
clinical reasoning. In real clinical settings, the decision-
making happens over time and builds on changing infor-
mation, which static or isolated questions cannot capture.
Therefore, our goal is to construct medical decision-making
tasks that reflect the complexities of real-world long-term
clinical workflows, as well as to test a model’s ability to in-
terpret evolving information and handle real-world clinical
decision scenarios, including ordering examinations, mak-
ing diagnoses, and proposing treatment plans.

Framework Overview
Our framework aims to construct temporally grounded and
causally coherent reasoning data from real-world clinical
cases, enabling more faithful evaluation and enhancement
of language models in complex medical scenarios. Unlike
traditional static QA benchmarks, we focus on simulating
how physicians reason through evolving clinical informa-
tion, emphasizing the temporal-causal and decision-centric
nature of medical thinking.

Given a raw clinical case, we extract a full medical
event timeline t = (t1, t2, . . . , tN ), where each ti denotes
a medical event which depends on its preceding context
t−i = (t1, t2, ..., ti−1), forming a directed temporal chain
of decision-making. Let t+i = (ti+1, . . . , tN ) denote the se-
quence of subsequent medical events of ti. From this time-
line, we identify a subset of clinical decision-relevant time
points Tkey as anchor points for QA pair construction.

At each decision-relevant point ti ∈ Tkey, a proxy model
M is placed in the same informational position as a clin-
ician at that moment, with only t−i as its available con-

text to generate a decision-specific question x, simulating
a physician’s query about how to proceed at this stage. A
deep-reasoning model Mcot is then prompted to generate
a reasoning-answer pair (e, y) in response to a decision-
specific question x associated with ti. Since the full case
provides the actual decision ti and the future events t+i , it
can be used to evaluate the model’s reasoning and serve as
reference for subsequent refinement.

By aligning language model behavior with the structure
of real-world clinical workflows, our framework provides a
systematic approach for constructing and supervising medi-
cal long CoT reasoning.

Timeline and Decision Points Identification

We begin by extracting a structured medical event time-
line t defined in the previous section from raw clinical
cases using the proxy LLM M . This process yields a tem-
porally ordered sequence of decision points, denoted as
(t1, t2, . . . , ti, . . . , tN ), where each ti corresponds to a spe-
cific clinical observation or action that occurred during the
case. Among the full set of timeline events, we identify a
subset of clinically critical decision points that reflect key
stages in the medical reasoning process: examination, diag-
nosis, and treatment. Each of these categories corresponds
to a distinct type of clinical decision: selecting appropriate
diagnostic tests (examination), interpreting findings to con-
clude (diagnosis), and proposing concrete medical interven-
tions (treatment). With slight abuse of notation, we denote a
selected decision point of interest as ti, which will serve as
the target for downstream simulation and reasoning.
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Clinical Causality-Aware QA Simulator
Given a decision point ti in t and its preceding medical
context t−i , we prompt the proxy LLM M to simulate the
clinical reasoning process. Specifically, M first generates a
decision-specific question x that reflects the type of decision
required at ti. This models the real-world process in which a
clinician, faced with a complex case history, must decide on
the next course of action to resolve clinical uncertainty. The
subsequent medical events ti and t+i serve as the ground-
truth trajectory, representing what decisions were actually
taken by a clinician in the original case.

Next, we prompt a deep reasoning LLM Mcot with x and
its corresponding context t−i to produce a reasoning-answer
pair (e, y), where e and y denote the step-by-step chain of
thought and the preliminary answer to x generated by Mcot,
respectively. However, since Mcot is not aware of the sub-
sequent timeline t+i , the initial (e, y) pair may diverge from
clinically grounded logic or real-world outcomes. This mo-
tivates the need for a following correction process to ensure
alignment with true clinical reasoning trajectories.

Clinical Logic-Constrained CoT Rethinking
Given the future medical events ti and t+i and the initial
reasoning path e, we prompt model Mcot again to perform
deep reasoning under real-world clinical constraints. The
goal is to generate a revised reasoning-answer pair (e∗, y∗)
that aligns with the clinical logic embedded in ti and t+i .

This rethinking process is conducted iteratively, where
Mcot is repeatedly guided to refine both the reasoning pro-
cess e∗ and the final decision y∗ until they are jointly con-
sistent with the ground-truth future trajectory. In this paper,
we verify the consistency and correctness of the reasoning-
answer pair (e∗, y∗) by prompting the proxy LLM M . At
minimum, the model performs one round of rethinking to
incorporate clinical logic constraints. This ensures that the
model’s reasoning is not only factually correct but also clin-
ically plausible, reflecting the causal and temporal depen-
dencies inherent in authentic medical decision-making.

Dataset and Benchmark
OncoCoT Dataset
Utilizing our proposed data construction framework, we
build the first comprehensive dataset targeting real-world
medical decision-making across multiple cancer types, de-
signed for temporal-causal model training and evaluation.
We systematically collected 734 Chinese case reports from
an open-access public medical case platform, spanning the
past 4 years. This data source encompasses eight prevalent
cancer types: Gastric Cancer, Lung Cancer, Hepatic Can-
cer, Breast Cancer, Prostate Cancer, Cervical Cancer, Pan-
creatic Cancer, and Colorectal Cancer.

Each case report provides detailed longitudinal informa-
tion including patient presentation, diagnostic workup, treat-
ment progression, and clinical outcomes, forming the foun-
dation for our CoT data construction process. Specifically,
we focus on three critical decision nodes that are intimately
connected to medical decision-making: examination, diag-
nosis, and treatment. Through our framework, we generate

2,320 question-answer pairs with CoT reasoning, each de-
signed to capture the nuanced reasoning patterns observed
in authentic clinical scenarios. This dataset aims to enhance
model capabilities in medical decision-making by providing
training scenarios that mirror actual clinical practices.

As shown in Fig.3-(a), our dataset contains rich metadata
encompassing comprehensive patient information, pathol-
ogy details, and clinical documentation. To ensure quality,
we conduct statistical analysis of the data distribution. Fig.3-
(b) demonstrates that our dataset encompasses diverse sub-
types ranging from common presentations like ductal ade-
nocarcinoma to rare variants such as signet-ring cell carci-
noma, while covering different clinical stages (I-IV) to en-
sure comprehensive representativeness. Fig.4 reveals well-
balanced demographic characteristics with case concentra-
tions peaking in the 50-79 age range, aligning with typical
cancer epidemiological patterns, and gender-specific distri-
butions reflecting real-world prevalence. In addition, a more
detailed breakdown of gender distribution across individual
cancer types is provided in the Appendix. The majority of
our collected cases span the recent three years, ensuring clin-
ical relevance and contemporary practice validity.

Ethical Considerations. Our proposed OncoCoT dataset
is constructed exclusively from open-access academic case
reports published in peer-reviewed medical journals, thereby
eliminating privacy concerns and copyright infringement is-
sues. The questions in our dataset are based on scenario
reconstruction, while the ground-truth answers are derived
from medical decisions in the cases through information ex-
traction without introducing additional bias or subjective in-
terpretation. Therefore, our dataset maintains ethical stan-
dards consistent with the original paper.

OncoEval Benchmark
Current medical LLM evaluation paradigms predominantly
rely on multiple-choice questions and knowledge-based
Q&A formats, which present limited challenges and fail to
represent the complexity of real-world clinical applications.
These conventional methods fail to capture the dynamic and
multi-step reasoning processes inherent in clinical decision-
making, particularly in cancer scenarios.

To address this evaluation gap and provide a more rig-
orous assessment of LLM performance in authentic clinical
decision-making tasks, we construct OncoEval based on our
proposed dataset. Building upon the case reports spanning
the eight cancer types in our dataset, we select representa-
tive samples from recent 2 years (2023-2024) to construct
our benchmark, ensuring temporal relevance and alignment
with current clinical guidelines.

Our benchmark leverages the inherent complexity and di-
versity of our OncoCoT dataset to evaluate models across
the full spectrum of oncological scenarios. The benchmark
is structured around three distinct tasks. These tasks repre-
sent the most consequential and error-prone aspects of clini-
cal decision-making, frequently cited in adverse event anal-
yses and guideline development frameworks (Jackson and
Feder 1998; Hooftman et al. 2024; Sandmann et al. 2025).
The details of each task are shown as follows:
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Figure 3: Metadata of OncoCoT, showcasing cancer subtypes, clinical stages (I–IV), and diagnostic categories. It includes
patient demographics, treatment plans, and pathology details for cancers such as breast, prostate, lung, and gastric cancer.
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Figure 4: Age, gender, and year distribution of various can-
cer types, showing case counts across different age groups
and disparities between female and male patients.

Examination Recommendation Task assesses the
model’s effectiveness in designing an examination work-
flow. This task challenges the model to propose a compre-
hensive set of necessary examinations, including their se-
quence and priorities, while avoiding redundant procedures
to reduce patient burden and medical costs.

Clinical Diagnosis Task evaluates the model’s clinical
reasoning capabilities and is composed of two key parts:
the primary diagnosis and the differential diagnosis. For the
primary diagnosis, the model must accurately identify the
disease, including its specific type and stage. For the dif-
ferential diagnosis, the model is required to list other po-
tential conditions that could explain the patient’s symptoms
but are excluded based on clinical evidence, a critical step
in preventing misdiagnosis. All diagnostic conclusions must
be supported by relevant clinical evidence from the case.

Treatment Planning Task evaluates the model’s accu-
racy and safety in formulating treatment regimens. This task
requires the model to devise plans that comply with clin-
ical guidelines and are tailored to patient-specific condi-
tions, while also providing clear decision-making reasoning
to support its recommendations for therapeutic modalities,
medications, dosages, and procedural interventions.

Evaluation Mechanisms

To comprehensively assess model performance on our
benchmark, we designed a unified evaluation framework.
As medical decisions rarely have a single, binary correct
answer, we adopt a component-based comparison approach
rather than seeking exact matches. In this method, both the
model’s output and the ground-truth reference answer are
decomposed into a set of discrete, evaluable components,
which we refer to as ‘items’.

We then evaluate the model’s performance using Preci-
sion, Recall, and Accuracy, calculated by comparing the
items generated by the model to those mentioned in the ref-
erence answer. A True Positive (TP) represents an item that
is present in both the model’s output and the reference. A
False Positive (FP) is an item suggested by the model but
not found in the reference, while a False Negative (FN) is an
item in the reference that the model failed to recommend.
In this context, Precision measures the proportion of the
model’s correct recommendations, Recall is the proportion
of ground-truth recommendations that the model success-
fully identified, and Accuracy provides a holistic score of
the model’s alignment with the reference.

Note that we do not include True Negatives (TN) in our
evaluation, as the number of correctly omitted items in a
medical scenario is practically infinite. This framework pro-
vides a consistent and objective assessment across all three
tasks and is amenable to automated evaluation. We employ
an evaluator LLM to perform the above extraction and com-
parison task. The effectiveness and consistency of this ap-
proach are also evaluated in the experiment section. To en-
sure scoring consistency and minimize model-subjective in-
terpretation, the process is guided by detailed, structured
scoring rubrics. See the Appendix in detail.
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Model Examination Diagnosis Treatment
Precision Recall Acc. Precision Recall Acc. Precision Recall Acc.

Closed-source Models
GPT-o3 24.23 72.01 21.66 42.37 58.77 33.01 50.03 69.89 41.43
GPT-4.1 33.80 62.28 27.55 57.70 55.81 39.81 56.89 67.03 44.96
Gemini-2.5-Pro 33.23 65.21 27.78 55.67 54.93 38.75 56.72 62.66 42.73
Gemini-2.0-Flash 27.40 64.71 23.02 54.34 49.93 35.11 48.27 66.53 39.62
Claude-3.5 29.53 52.51 22.67 56.88 43.84 32.87 58.85 55.05 39.99
Claude-4 27.13 65.28 23.33 53.89 45.79 34.00 56.64 61.79 42.45
GLM-4-Plus 31.81 56.47 24.89 69.89 44.74 37.56 55.23 55.58 39.01
Qwen-Max 42.89 53.12 30.25 64.19 43.86 36.25 58.88 58.00 42.74
Grok-4 34.54 58.33 27.19 48.47 61.02 37.05 53.51 73.31 45.17

Open-source Models
DeepSeek-r1 32.21 55.47 25.06 52.43 53.97 36.33 55.53 65.75 43.18
R1-Distill-Qwen-7B 28.07 38.98 18.47 62.71 38.31 31.46 46.38 43.49 29.00
R1-Distill-Qwen-14B 35.20 52.73 26.00 66.72 44.38 36.37 53.70 56.19 37.81
Qwen-QWQ-32B 33.41 59.08 26.57 52.36 51.66 35.26 55.23 66.15 42.94
Qwen2.5-7B 26.95 37.38 17.64 61.96 37.82 30.59 47.28 43.73 29.47
Qwen2.5-14B 34.86 52.11 25.64 66.13 42.98 35.22 55.38 58.06 39.33
Llama-3.1-8B-Instruct 27.42 49.90 20.78 69.85 40.48 34.58 52.93 42.50 31.11
GLM-4-9B-Chat 29.14 50.42 22.02 65.25 42.73 34.71 55.00 52.05 37.63
HuatuoGPT-o1-8B 43.03 40.76 25.21 74.17 41.78 36.92 61.79 49.00 38.02
BioMistral-7B 29.98 22.84 15.29 60.93 31.63 29.78 37.09 15.47 12.86

Table 1: Performance comparison of different models on OncoEval benchmark across three clinical decision-making tasks.

Experiments
Evaluation Results
To comprehensively evaluate different existing models’ per-
formance on our proposed benchmark, we select a diverse
set of large language models for testing. Table 1 presents the
evaluation results of models across three clinical decision-
making tasks, including: (1) Latest Proprietary models:
GPT-o3/4.1 (OpenAI 2025), Gemini series (Mallick and Kil-
patrick 2025; Comanici et al. 2025), Claude series (An-
thropic 2024, 2025), GLM-4-Plus (GLM et al. 2024), Qwen-
Max (Yang et al. 2025), Grok-4 1; (2) Representative Open-
source models: DeepSeek-r1 and its variants (Guo et al.
2025), Qwen series (Qwen-Team 2025, 2024), Llama-3.1-
8B-Instruct (Grattafiori et al. 2024), GLM-4-9B-Chat (GLM
et al. 2024); and (3) Medical domain-specialized models:
HuatuoGPT-o1 (Chen et al. 2024), BioMistral-7B (Labrak
et al. 2024). These models represent different architectures
and training paradigms, providing a broad perspective on
current capabilities in medical tasks.

The evaluation results demonstrate that our proposed On-
coEval benchmark presents significant challenges for cur-
rent state-of-the-art models. Even the best-performing mod-
els achieve accuracy scores below 46% across all tasks.
This consistently low performance indicates the substan-
tial limitations in current LLMs for complex cancer medical
decision-making, highlighting the distinctive difficulty and
value of our proposed benchmark.

1https://x.ai/news/grok-4

The results show that closed-source models generally out-
perform their open-source counterparts, demonstrating su-
perior capabilities across most evaluation metrics. A notable
exception emerges with HuatuoGPT-o1, a Chinese medical
reasoning model that achieves the highest precision scores
across three tasks. This performance is particularly signif-
icant because HuatuoGPT-o1 was post-trained on medical
domain reasoning data with only 7B parameters, providing
evidence for the importance of high-quality CoT reasoning
dataset in enhancing clinical decision-making capabilities.

Analysis of the three clinical decision-making tasks re-
veals distinct patterns. In examination tasks, models exhibit
high recall but low precision, indicating a tendency to over-
recommend examinations rather than making selective, clin-
ically appropriate choices. Diagnosis tasks present more bal-
anced precision-recall distributions. Treatment tasks repre-
sent the highest complexity, requiring models to simulta-
neously integrate examination findings, diagnostic insights,
and therapeutic knowledge, resulting in relatively unsatis-
factory performance across all evaluated models.

These results underline the challenges in medical
decision-making tasks, for the existing models’ consistently
suboptimal performance indicates that LLMs require fun-
damental improvements in medical reasoning capabilities
under authentic clinical settings. It also confirms that our
method provides a rigorous standard for evaluating model
capabilities in complex medical scenarios. These findings
provide valuable insights for developing more sophisticated
medical AI systems that can better support real-world clini-
cal cancer decision-making tasks.
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Data Quality Analysis
To validate the effectiveness of our proposed OncoCoT
dataset, we conduct a comparative analysis using R1-Distill-
Qwen-7B as the base model. This experiment aims to
demonstrate the performance gains achieved through train-
ing with our OncoCoT dataset compared to alternative data
construction paradigms. We evaluate on R1-Distill-Qwen-
7B model using four configurations: (1) Baseline: the origi-
nal pre-trained model without fine-tuning; (2) w/o CoT: fine-
tuning on Q&A pairs without CoT reasoning; (3) R1-distill
CoT: fine-tuning on CoT data constructed using vanilla re-
jection sampling (Guo et al. 2025); and (4) OncoCoT: fine-
tuned on our proposed OncoCoT dataset. All experiments
maintain identical hyperparameters and training iterations to
ensure fair comparison, with models evaluated on the same
benchmark described in the previous section.

Configuration Examination Diagnosis Treatment

Baseline 28.51 44.16 39.62
w/o CoT 30.12 41.78 41.33
R1-distill CoT 33.16 43.92 46.40
OncoCoT 34.95 44.55 50.13

Table 2: Performance comparison of different configurations
across three clinical tasks. Results present average scores
combining precision, recall, and accuracy metrics.

Table 2 presents the comparative performance. It can be
seen that, under identical training data source, the model
fine-tuned with OncoCoT data construction method con-
sistently achieves the highest performance across all three
tasks. This result demonstrates that our approach most ef-
fectively enhances model performance compared to exist-
ing data construction paradigms. The superior performance
stems from our framework’s incorporation of spatiotemporal
clinical logic, which establishes stronger causal dependen-
cies between medical events and constrains reasoning paths,
thereby generating higher-quality CoT data.

Validation of Evaluation Method
In our work, we employ an LLM-based method to assess
model capabilities. Although we have designed the evalua-
tion to function as a task of information extraction and com-
parison to minimize the reliance on the evaluator model’s
intrinsic medical knowledge, the introduction of an external
model inevitably introduces stochasticity into the evaluation
process and challenges strict reproducibility. In this section,
we present experiments to validate the reliability and consis-
tency of our evaluation method.

First, to quantify the consistency of our evaluation model,
DeepSeek-v3, we conduct a test-retest reliability analysis.
Fig.5-(a) shows the result distributions from 10 repeated ex-
periments in a box plot. The plot reveals minimal variance
(Std <0.01) across all metrics, with tightly clustered distri-
butions and no significant outliers. This indicates that our
evaluation method is robust and demonstrates consistency.

Next, we assess the correlation of scores produced
by different LLM evaluators to examine whether the

(a) Box plot of replicate 

evaluation results

(b) Scatter correlation between 

GPT-o3 and Deepseek-v3

Examination Diagnosis Treatment

Figure 5: Evaluation method validation: (a) Test-retest relia-
bility analysis; (b) Inter-evaluator correlation analysis.

evaluation results depend on a specific model. We
compare the scores from DeepSeek-v3, Gemini-2.0-
flash, and GPT-o3. We observe strong and statisti-
cally significant positive correlations among all evalua-
tors (Gemini vs. GPT-o3: r=0.7019,p<0.0001; Gemini vs.
DeepSeek-v3: r=0.7495,p<0.0001; GPT-o3 vs. DeepSeek-
V3: r=0.8078,p<0.0001). Fig.5-(b) presents a scatter plot of
the Accuracy scores assigned by GPT-o3 and DeepSeek-v3.

Given that all evaluator models perform their evaluation
by comparing the target model’s output against the human-
curated ground truth, this high degree of inter-evaluator
agreement demonstrates the robustness of our framework.
The evaluation results are not contingent on a specific choice
of evaluator but reflect a consistent measurement of the
ground truth standard.

Conclusion

We present a temporal-causal data construction framework
that constructs long CoT data aligned with the real-world
comprehensive reasoning and decision patterns, and present
the first-of-its-kind dataset OncoCoT using our proposed
framework. The framework integrates timeline and decision
point identification, a clinical causality-aware QA simula-
tor, and clinical Logic-Constrained CoT rethinking. From
our proposed dataset, we also distill OncoEval benchmark,
the first medical benchmark for evaluating temporal-causal
reasoning capabilities. As confirmed by correlation analysis
between different evaluator LLMs, the LLM-based evalu-
ation method proposed in OncoEval provides reliable and
consistent results. Extensive experiments on OncoEval re-
veal the limitations of current LLMs supportive of medi-
cal reasoning tasks in handling complex real-world medical
decision-making scenarios. Our experiments also verify the
effectiveness of OncoCoT in training deep reasoning mod-
els, as models trained on OncoCoT achieve the highest im-
provement compared to other methods. Our finding points a
new direction of endeavor to refine models that have support
in medical question-answering tasks.
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