
Extended Abstract

Medical reasoning—the ability to dynamically interpret patient data, integrate biomedical knowledge,
and make diagnostic decisions—is central to clinical practice but remains underdeveloped in large
language models (LLMs). While LLMs have shown impressive factual recall and pattern recognition
in biomedicine, their ability to emulate complex reasoning is unclear, in part due to mixed question
types in standard evaluation benchmarks. Our project addresses this gap by disentangling medical
knowledge from reasoning in 11 widely used biomedical question-answering (QA) benchmarks and
rigorously evaluating models’ reasoning capabilities and robustness.

We first trained a PubMedBERT classifier on the MedXpertQA dataset to distinguish knowledge-
heavy from reasoning-heavy questions. Achieving expert-level agreement (81%) and generalizing
to out-of-distribution samples, the classifier revealed that only ∼32.8% of benchmark questions
require complex reasoning. Using these refined subsets, we evaluated biomedical reasoning models
(MedReason, m1, HuatuoGPT-o1) and general-domain LLMs (e.g., GPT-4o, DeepSeek-R1). We
found consistent performance gaps: biomedical models perform well on knowledge-heavy questions
(e.g., 60.5% for m1) but substantially worse on reasoning-heavy ones (47.1% for m1). General-
domain models show better robustness and reasoning performance, suggesting transferable reasoning
capabilities from broader domains.

To test models’ ability to backtrack—a hallmark of clinical reasoning—we designed adversarial
prompts that provide incorrect initial hypotheses. Biomedical models showed significant performance
drops (e.g., 44.4% → 29.3% for Llama-3.1-8B-Instruct), while RL-trained general-domain models
demonstrated better resilience (e.g., DeepSeek-R1 drops by only 5.1%). These findings highlight
a critical shortcoming: while models can retrieve factual knowledge, they struggle with iterative
re-evaluation under uncertainty—key to safe and reliable clinical deployment.

Building on these insights, we curated a reasoning-focused dataset of 7,627 challenging examples
from MedQA, MedMCQA, and HeadQA. We fine-tuned m1 on this dataset using both super-
vised fine-tuning (SFT) and reinforcement learning (RL), resulting in our best-performing model,
BioMed-R1-8B. BioMed-R1-8B improved reasoning accuracy from 47.1% to 49.1% and achieved
the highest adversarial robustness (knowledge 63.6%, reasoning 49.0%, overall 58.8%) among 8B-
scale biomedical LLMs. Notably, RL not only improved reasoning performance but also enhanced
factual accuracy, suggesting that optimizing for final answer correctness can help integrate reasoning
with knowledge.

Our work contributes:

• A systematic method to disentangle reasoning from knowledge across biomedical bench-
marks

• A new evaluation pipeline that tests models’ ability to recover from flawed reasoning;
• A demonstration that RL on reasoning-heavy examples improves both reasoning and knowl-

edge accuracy; and
• Evidence that even state-of-the-art biomedical LLMs remain brittle when required to re-

evaluate flawed hypotheses—an essential skill for clinical decision support.

In conclusion, our project underscores the need to develop biomedical LLMs that can engage in
robust, iterative reasoning rather than rely solely on factual recall. While RL on challenging reasoning
examples offers promising gains, future work should explore richer reasoning data (e.g., clinical case
reports) and training strategies that simulate real-world diagnostic uncertainty. Our findings provide a
foundation for advancing medical reasoning in AI and highlight the importance of moving beyond
knowledge retrieval to achieve clinically meaningful decision support.
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Abstract

Medical reasoning in large language models (LLMs) aims to replicate clinicians’
cognitive processes when interpreting patient data and making diagnostic decisions.
However, evaluating true reasoning capabilities remains challenging, as widely
used benchmarks-such as MedQA-USMLE, MedMCQA, and PubMedQA-often
conflate questions requiring medical reasoning with those solvable through factual
recall. We address this limitation by systematically disentangling reasoning-heavy
from knowledge-heavy questions across 11 biomedical QA benchmarks using
a PubMedBERT-based classifier that achieves human-level performance (81%).
Our analysis reveals that only 32.8% of benchmark questions involve complex
reasoning, with the majority focused on factual understanding. Using this stratified
dataset, we evaluate recent biomedical reasoning models (HuatuoGPT-o1, MedRea-
son, m1) alongside general-domain models (DeepSeek-R1, o4-mini, Qwen3) and
observe a consistent performance gap between knowledge and reasoning—for
example, m1 scores 60.5% vs. 47.1%, respectively. To assess robustness, we
conduct adversarial evaluations where models are prefilled with incorrect answers
before being asked to reconsider. Biomedical models show substantial degradation
in this setting (e.g., MedReason drops from 44.4% to 29.3%), while RL-trained
and larger general-domain models are more resilient. Based on these insights, we
train BioMed-R1-8B using supervised fine-tuning and reinforcement learning on
reasoning-heavy examples. While it achieves the strongest overall and adversarial
performance among similarly sized models, there remains ample room for im-
provement. Incorporating additional reasoning-rich data sources, such as clinical
case reports, and training on adversarial or backtracking scenarios—with reinforce-
ment learning to encourage self-correction—may further enhance robustness and
reliability.

1 Introduction

Medical reasoning is a complex cognitive process through which clinicians interpret patient data,
apply biomedical knowledge, and make diagnostic and therapeutic decisions [7, 27]. Unlike medical
knowledge—which consists of facts and principles learned in the classroom setting—reasoning
requires dynamically applying learned knowledge to uncertain, real-world, and context-specific
scenarios. While knowledge retrieval may be straightforward when symptoms map directly to known
diseases, real-world cases are rarely so clear-cut. Patients often present with atypical symptoms,
comorbidities, or ambiguous findings, demanding reasoning that extends beyond memorization
[2, 28]. Indeed, diagnostic errors can stem from lack of knowledge but also from cognitive limitations
under pressure [25].
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Medical reasoning models aim to emulate the clinician’s cognitive process of interpreting clinical
information, generating diagnostic hypotheses, and formulating treatment decisions. While reasoning
in LLMs has seen substantial progress in domains like mathematics and programming [11, 14],
its application in the medical domain remains nascent. Recent models such as HuatuoGPT-o1 [6],
MedReason [33], and m1 [12] attempt to bridge this gap by distilling knowledge from general
reasoning models and fine-tuning on biomedical tasks using supervised fine-tuning (SFT) and
reinforcement learning (RL). While these efforts mark important steps toward developing LLMs
capable of medical reasoning, the extent to which they succeed remains unclear.

This uncertainty stems in part from the nature of commonly used evaluation benchmarks. Datasets
such as MedQA [15], MedMCQA [20], MedBullets [5], and PubMedQA [16] are frequently used to
assess medical reasoning [12, 6, 33], yet they contain a mix of question types. Some questions require
medical reasoning (e.g., “A newborn presents with cyanosis, oligemic lung fields, and a normal-sized
heart—what is the most likely diagnosis?”), while others are solvable through straightforward factual
recall (e.g., “Which gene regulates dentin mineralization?”). This heterogeneity makes it difficult
to isolate and accurately measure a model’s reasoning capabilities. Although recent models report
improved performance on these benchmarks, such gains may reflect better memorization or broader
domain coverage rather than deeper clinical reasoning. To rigorously assess and advance medical
reasoning in LLMs, it is essential to disentangle reasoning from simple knowledge retrieval.

In addition to benchmark evaluations, robustness testing offers a critical lens for assessing medical
reasoning models—particularly their ability to recover from incorrect assumptions. Clinicians often
begin with an initial diagnostic impression, shaped by heuristics or early data, which must be refined
when more information becomes available [25, 7, 19, 35]. This process mirrors what cognitive
science terms Type II reasoning: deliberate, analytical backtracking in response to flawed hypotheses.
While such adversarial testing is now standard in general AI [3], its adoption in medicine is still
emerging. One such study demonstrates that even state-of-the-art models like GPT-4 can produce
medically dangerous outputs when stress-tested with clinical prompts [4]. Reasoning models such as
GPT-4o and DeepSeek-R1 increasingly demonstrate backtracking and self-correction abilities through
extended inference and verification-based reasoning [11, 14]. Inspired by this, recent biomedical
models have begun to adopt similar strategies, including fine-tuning on distilled reasoning traces
and RL with verifiable rewards [33, 12]. However, whether these models can recover from flawed
reasoning—particularly in adversarial clinical scenarios—remains unclear. Evaluating this capacity is
essential for developing reliable models that reflect the iterative, hypothesis-driven reasoning central
to clinical decision-making.

In this paper, we disentangle 11 biomedical evaluation benchmarks into reasoning-heavy and
knowledge-heavy subsets by fine-tuning a PubMedBERT classifier to label each question. The
classifier achieves human-level performance (~81%) when validated against both gold-standard
annotations and independent clinical experts. Our analysis reveals that only 32.8% of the bench-
mark questions considered are reasoning-heavy. Using this annotated dataset, we evaluate recent
biomedical reasoning models (MedReason, m1, HuatuoGPT-o1), consistently finding a performance
gap between knowledge-heavy and reasoning-heavy questions—for example, m1 scores 60.5% vs.
47.1%, respectively. While factual knowledge can often be grounded through external tools like
retrieval-augmented generation (RAG) or verified via resources such as UpToDate or Google Search,
clinical reasoning lacks such external anchors. It requires models to synthesize nonspecific symp-
toms, weigh competing diagnoses, and make contextual decisions—capabilities that cannot be easily
offloaded to retrieval systems. As such, reasoning represents a more fundamental and high-stakes
benchmark for biomedical LLMs. Finally, in a robustness testing setup where models are prefixed
with incorrect answers, biomedical models degrade substantially (e.g., MedReason drops from 44.4%
to 29.3%), while RL-trained general-domain models demonstrate greater resilience.

Based on these insights, we identify the m23k dataset as the strongest publicly available source
of medical reasoning supervision and show that augmenting it with RL on 7,627 high-reasoning
examples—filtered from MedQA-USMLE, MedMCQA, and HeadQA [30] using our BERT clas-
sifier—improves m1’s reasoning accuracy from 47.1% to 49.1%. We refer to this model as
BioMed-R1-8B, which achieves the best overall and adversarial performance among all models
of similar scale. While our findings offer early evidence that RL on reasoning-heavy examples can
enhance both reasoning and knowledge accuracy—as well as adversarial robustness—there remains
substantial room for improvement. For instance, incorporating additional training data from other
reasoning-rich sources, such as clinical case reports, could further boost performance. Likewise,
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Knowledge-Heavy Questions

Q1. A patient presented to the hospital with
severe hydrophobia. You suspect rabies and
obtained corneal scrapings from the patient.
What test should be done on this specimen
for a diagnosis of rabies?

Q2. Which type of movement is most asso-
ciated with the development of the overuse
syndrome known as athletic pubalgia?

Q3. Why is genetic drift less important
in human evolution at present than it was
twenty thousand or more years ago?

Q4. Poisoning by which element causes
blind staggers alkali disease in livestock?

Q5. A 4-year-old boy with Klippel-Feil syn-
drome has elevation of the left scapula since
birth. Spine radiographs show no evidence
of scoliosis. What shoulder motion is likely
to be most limited?

Reasoning-Heavy Questions

Q1. A 45-year-old mechanic presents to the
emergency department complaining of acute-
onset shortness of breath while repairing a
plowing tractor for his neighbor. The pa-
tient denies having any history of asthma or
respiratory symptoms, and does not smoke.
His temperature is 99.8°F (37.7°C), pulse
is 65/min, blood pressure is 126/86 mmHg,
and respirations are 20/min. His oxygen sat-
uration is 97%. On exam, he is pale and di-
aphoretic. His pupils are contracted. Diffuse
wheezes are noted in all lung fields. What is
the best treatment for his condition?

Q2. A 16-day-old girl was brought to the
emergency department with lethargy. Physi-
cal exam showed tachypnea and marked hep-
atomegaly, as well as small hemangiomas on
the skin. TSH was elevated. MRI showed
numerous hepatic lesions and cardiomegaly.
What is the most likely diagnosis?

Figure 1: Representative examples of knowledge-heavy and reasoning-heavy questions, sampled
from benchmark datasets. Knowledge-heavy questions tend to be shorter and require direct factual
recall, whereas reasoning-heavy questions are typically longer, involving multi-step inference.

training models on carefully constructed adversarial traces and backtracking scenarios, reinforced
through RL, may further improve robustness and reliability.
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Figure 2: Overview of our evaluation pipeline. (A) A PubMedBERT classifier is trained on MedXpert
to distinguish between knowledge- and reasoning-heavy questions. (B) The classifier achieves 81%
agreement with both gold-standard labels and expert annotations. (C) We apply it across benchmarks
to stratify question types, revealing consistent performance gaps. Finally, we test robustness under
adversarial prompts and find most models struggle to recover.

2 Related Work

Medical Reasoning. Medical reasoning is typically categorized into diagnostic reasoning—focused
on identifying conditions—and management reasoning, which guides treatment decisions [25].
Several cognitive models describe this process. The dual-process theory distinguishes between
a fast, intuitive system (Type I) and a slower, analytical system (Type II) [7, 19]. Script theory
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suggests clinicians use internalized “illness scripts” to recognize familiar disease patterns [24, 18],
while the hypothetico-deductive model emphasizes generating and testing diagnostic hypotheses
through iterative data interpretation [8, 21, 35]. In routine cases, pattern recognition also enables
rapid matching of symptoms to known presentations without formal hypothesis testing [1]. Despite
their differences, these frameworks converge on a common structure: clinicians begin with an initial
impression and refine it as new information becomes available.

Medical Reasoning Models. Recent advances in large language models have enabled impressive
performance on multi-step reasoning tasks in domains such as mathematics and programming. Tech-
niques like Chain-of-Thought prompting [32], supervised fine-tuning on model-generated rationales,
and reinforcement learning [37, 11, 29, 14] have been shown to elicit intermediate reasoning steps
and emergent behaviors such as backtracking and self-correction. Inspired by these developments,
several models have been proposed for medical reasoning. HuatuoGPT-o1 fine-tunes a general LLM
on curated problem–rationale pairs using a PPO-style reinforcement objective [6]. M1 explores
dynamic inference-time scaling to improve reasoning in smaller (<10B) medical LLMs [12], while
MedReason introduces graph-grounded thinking paths to explicitly structure clinical reasoning [33].
However, these models are still evaluated on benchmarks that conflate factual recall and inferential
reasoning. Datasets like MedQA-USMLE [15], MedMCQA [20], MedBullets [5], and PubMedQA
[16] are commonly cited as reasoning-focused, yet contain a mixture of question types. This blending
makes it difficult to isolate and measure a model’s true reasoning ability.

3 Evaluation Framework

In this section, we outline our evaluation pipeline for benchmarking biomedical reasoning in LLMs.
We begin by curating and cleaning the evaluation datasets, followed by two complementary evaluation
tasks: (1) disentangling medical knowledge from reasoning to assess reasoning-specific performance,
and (2) testing model robustness by injecting adversarial reasoning traces to evaluate backtracking
and self-correction. An overview of the full workflow is shown in Figure 2.
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Figure 3: Accuracy of the PubMedBERT classifier, a medical expert, and a word-count-based
logistic regression baseline on the MedXpert and out-of-distribution (OOD) datasets. PubMedBERT
outperforms the baseline and matches expert-level accuracy (81% on MedXpert, 85% on OOD),
demonstrating strong generalization and alignment with both expert and gold-standard labels.

3.1 Evaluation Data Curation

We curate 11 widely used benchmarks commonly used to assess the reasoning capabilities of
biomedical LLMs. These include established multiple-choice question datasets such as MedQA-
USMLE [15], PubMedQA [16], and MedMCQA [20], which test clinical and biomedical knowledge.
To evaluate general science understanding and cross-domain transfer, we include MMLU-Pro [31]
and the biology and health-related subsets of GPQA [23]. For real-world grounding, we incorporate
smaller QA sets derived from The Lancet and NEJM. We also use both 4-option and 5-option formats
from the MedBullets platform [5]. Finally, we include two recently proposed medical reasoning
benchmarks: MedXpertQA [38] and the biology and medicine sections of HLE [22].
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3.2 Disentangling Knowledge- vs. Reasoning-Heavy Questions

While medical problem-solving involves both knowledge and reasoning, distinguishing between
them is essential for identifying where models fall short. Stratifying questions allows us to assess
whether reasoning-focused SFT datasets genuinely improve reasoning or merely reinforce factual
recall. Rather than aiming for perfect separation, our goal is a practical division into predominantly
reasoning- or knowledge-heavy subsets to enable more targeted analysis of model behavior.

To this end, we leverage the MedXpertQA dataset [38], which includes expert annotations labeling
each question as either requiring medical reasoning or knowledge. Of the 2,460 samples in the
dataset, 1,861 are labeled as reasoning and 589 as knowledge. We fine-tuned PubMedBERT [10] on
this dataset for 10 epochs using a learning rate of 1× 10−5 and a batch size of 16. We randomly held
out 100 examples for validation and another 100 for testing (with a balanced 50/50 split between
reasoning and knowledge), using the remaining examples for training. The model achieved 77.5%
accuracy on the validation set and 81% accuracy on the held-out test set.

To assess the subjective nature of the task, we asked a medical expert to independently annotate the
same 100 held out test samples. As shown in Figure 3, the expert achieved 79% accuracy relative
to the MedXpert labels. Interestingly, the model’s agreement with both the MedXpert labels and
the expert annotations was 81%, with AUROC scores of 0.90 and 0.86, respectively. These results
suggest that while the task is inherently subjective, the model’s performance is comparable to that of
a medical expert. Visual comparisons are shown in Figures S1 to S3.

Representative examples of knowledge- and reasoning-heavy questions are shown in Figure 1.
Reasoning-heavy questions tend to be much longer than knowledge-heavy ones. We illustrate this
difference through the word count distribution in Figure S4. To test this correlation, we trained a
logistic regression model that uses word count as input to predict reasoning probability. As shown in
Figure 3, this simple baseline achieves a notable 72% accuracy. While the PubMedBERT classifier
significantly outperforms it, the baseline supports the observation that reasoning questions generally
require longer problem statements—likely because they demand synthesis of more information. We
further present representative correct and failure cases of our classifier in Figures S10 to S12.

We applied the PubMedBERT classifier to the remaining biomedical QA benchmarks to estimate the
distribution of reasoning- versus knowledge-heavy questions. To assess generalization, we sampled
100 questions from outside the MedXpert dataset (50 predicted as reasoning, 50 as knowledge) and
had them blindly annotated by a medical expert. As shown in Figure 3, the model achieved 85%
agreement with the expert, further supporting its robustness despite the inherent subjectivity of the
task. Overall, we find that only 32.8% of questions across all benchmarks are reasoning-heavy
(Figure 2). A detailed breakdown across individual benchmarks is provided in Table S1.

3.3 Robustness Testing

To reach a diagnosis, clinicians often begin with an initial diagnostic impression—shaped by heuristics,
primary presenting symptoms, or prior experience—which is iteratively refined as more information
becomes available [25, 35]. These early impressions are not always correct: clinical data may be
incomplete, ambiguous, or misleading, requiring iterative re-evaluation and hypothesis revision.
Our robustness evaluation emulates this dynamic by prompting models with an incorrect initial
hypothesis and assessing whether they can recover to produce the correct answer. This ability is not
only important for model safety but also clinically meaningful: reasoning models may one day serve
as diagnostic copilots, helping clinicians re-evaluate uncertain decisions. Thus, strong adversarial
robustness reflects not just model reliability under stress, but a foundational requirement for safe and
collaborative deployment.

To test this, we introduce adversarial reasoning traces that simulate an initial flawed hypothesis.
Specifically, we prefill the model’s input with an uncertainty-inducing statement—e.g., “Hmm, I
think the answer is {incorrect answer}, but I am not sure. Let me think more.”—immediately
before generation, as shown in Figure S8. We construct three variants of this adversarial trace, each
containing a different incorrect answer (Figure S7), and report model performance averaged across
them. These prompts are designed to nudge the model toward an incorrect reasoning path while still
allowing for course correction. This setup mimics the process of clinical reasoning, where iterative
self-correction plays a critical role in avoiding diagnostic error.
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4 Experiments and Results

4.1 Model Training

While recent medical reasoning models such as HuatuoGPT-o1 [6], MedReason [33], and m1 [12]
publicly release their fine-tuned models, we chose to retrain all models from scratch using their
respective SFT datasets. This decision was driven by three main considerations. First, some released
models include additional RL steps beyond SFT (e.g., HuatuoGPT-o1), complicating comparisons of
reasoning capabilities learned mostly through SFT. Second, several training datasets contain bench-
mark test questions—such as MedReason from MedXpert and HLE, or m1 from PubMedQA—raising
concerns about data leakage. Third, retraining all models on a unified, decontaminated SFT corpus
under a standardized training pipeline enables fair and reproducible comparisons between architec-
tures, including Llama-3.1-8B-Instruct [9] and Qwen2.5-7B-Instruct [34]. To support this, we filtered
the SFT datasets to exclude any known overlaps with evaluation benchmarks and trained all models
using the same framework. Full dataset and training details are provided in Appendices A and B.

4.2 Baselines

We compare biomedical reasoning models against several zero-shot and inference-time baselines
using general-purpose instruction-tuned models. Specifically, we evaluate Llama-3.1-8B-Instruct and
Qwen2.5-7B-Instruct without additional fine-tuning. In the basic setting, the model is prompted to
directly select an answer from the provided options. We also evaluate two popular inference-time
reasoning strategies: (1) self-consistency, where the model generates 64 answers via temperature
sampling and returns the most frequent prediction, and (2) CoT prompting, where the model is
encouraged to reason step-by-step before choosing an answer.

Additionally, we implement a RAG approach by converting the three reasoning SFT
datasets—medical-o1, MedReason, and m23k—into vector databases using question embeddings. At
inference time, the two most similar training examples (including their questions, reasoning traces,
and final answers) are retrieved and prepended to the model input. We also include SFT baselines
where models are trained only on question–answer pairs without reasoning traces. This setup enables
us to isolate the impact of explicit reasoning supervision and assess whether performance gains are
due to reasoning content or simply additional supervision from more challenging examples.

4.3 Main Evaluations

Model Knowledge Reasoning Overall
Normal Adv. (∆) Normal Adv. (∆) Normal Adv. (∆)

QwQ-32B 68.2 62.9 (-7.8) 53.6 48.2 (-10.0) 63.4 58.1 (-8.4)
Qwen3-235B 72.7 62.4 (-14.2) 58.9 51.1 (-13.3) 68.2 58.7 (-13.9)
DeepSeek-R1 75.3 72.1 (-4.2) 64.3 59.7 (-7.3) 71.7 68.0 (-5.1)
GPT-4o 73.0 68.0 (-6.8) 58.5 55.0 (-5.9) 68.2 63.7 (-6.6)
GPT-o4-mini 77.0 76.9 (-0.2) 68.9 69.2 (+0.5) 74.4 74.3 (-0.0)

Table 1: Performance of general-domain reasoning models on knowledge- and reasoning-heavy
medical questions under standard and adversarial settings. Adversarial prompts include incorrect
hypotheses to test backtracking ability. Parentheses show relative performance drops. Stronger
models like DeepSeek-R1 and GPT-o4-mini demonstrate greater robustness.

How Do General-Domain Reasoning Models Perform on Medical Benchmarks? Before evaluat-
ing biomedical reasoning models, we first assess the performance of leading open-source general-
domain reasoning models—including Qwen3-235B, DeepSeek-R1, GPT-4o, and o4-mini—on our
benchmark setup. This is important because many medical reasoning datasets, such as m23k, medical-
o1, and MedReason, are distilled from these models, making their capabilities directly relevant to
the foundations of biomedical instruction tuning. As shown in Table 1, general-domain models
consistently perform better on knowledge-heavy questions than on reasoning-heavy ones. However,
while reasoning accuracy still lags behind knowledge accuracy, these general-domain models achieve
substantially stronger reasoning performance overall and exhibit greater robustness under adversarial
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conditions. Notably, larger RL-trained models like DeepSeek-R1 and o4-mini show better robustness
even under adversarial prompts—where the model is prefixed with a misleading hypothesis. These
findings highlight both the current ceiling for open-domain reasoning performance and the potential
for improving biomedical models through cross-domain transfer or stronger supervision signals.

Setting Knowledge Reasoning Overall
Prompting Methods

Llama-3.1-8B-Instruct 48.447.4 - 49.4 36.034.6 - 37.5 44.443.5 - 45.2
+ Self-consistency (64) 50.649.5 - 51.6 36.535.2 - 38.0 46.045.1 - 46.8
+ CoT prompting 56.955.9 - 58.0 40.739.2 - 42.2 51.650.8 - 52.5

Finetune / Retrieval Using medical o1
+ Retrieval only 56.155.1 - 57.2 40.639.1 - 42.2 51.150.2 - 51.9
+ SFT (w/o reasoning trace) 55.154.0 - 56.2 41.740.2 - 43.3 50.749.9 - 51.6
+ SFT (with reasoning trace) 56.655.5 - 57.7 42.140.6 - 43.7 51.951.0 - 52.7

Finetune / Retrieval Using MedReason
+ Retrieval only 57.356.3 - 58.4 43.542.0 - 45.1 52.852.0 - 53.6
+ SFT (w/o reasoning trace) 55.154.0 - 56.1 44.442.9 - 46.0 51.650.7 - 52.4
+ SFT (with reasoning trace) 54.953.8 - 55.9 41.239.8 - 42.6 50.449.5 - 51.2

Finetune / Retrieval Using m23k
+ Retrieval only 56.755.7 - 57.8 41.539.9 - 43.1 51.750.9 - 52.5
+ SFT (w/o reasoning trace) 52.551.4 - 53.5 38.336.7 - 39.7 47.847.0 - 48.7
+ SFT (with reasoning trace) 60.559.4 - 61.5 47.145.5 - 48.6 56.155.3 - 57.0

Table 2: Accuracy across knowledge, reasoning, and overall categories for Llama-3.1-8B-Instruct
variants on 11 biomedical QA benchmarks. Subscripts denote 95% confidence intervals. Reasoning
accuracy is consistently lower than knowledge. Notably, CoT prompting, retrieval-based methods,
and SFT without reasoning traces remain competitive with fully fine-tuned models. See Figure S6 for
the CoT prompt and Table S3 for task-level scores.

Test-Time Strategies Narrow the Gap. We now turn our attention to specialized biomedical
reasoning models, such as HuatuoGPT-o1, MedReason, and m1, which are trained on curated datasets
distilled from general-domain models like GPT-4o and DeepSeek-R1. Given that these medical
models build upon the same general-domain foundations evaluated above, a key question is whether
domain-specific supervision provides additional benefits—particularly for reasoning-heavy questions
and adversarial robustness. Table 2 presents the performance of various test-time strategies, RAG
methods, and SFT models using the Llama-3.1-8B-Instruct backbone, providing a comparative view
against the domain-specialized models that follow.

Among test-time strategies, CoT prompting stands out. It improves the overall accuracy from 44.4%
(base model) to 51.6%, and reasoning accuracy from 36.0% to 40.7%. This 4-point gain in reasoning
suggests that simply encouraging step-by-step generation significantly enhances reasoning ability.
While CoT slightly underperforms the medical-o1 (42.1%) and MedReason (41.2%) models in
reasoning accuracy, it surpasses both in knowledge (56.9% vs. 56.6% and 54.9%). This suggests that
Llama’s inherent instruction capabilities already support a strong level of general medical knowledge.

RAG methods also yield strong results. The best-performing variant, which retrieves from MedRea-
son, achieves 43.5% on reasoning and 52.8% overall—surpassing simple CoT prompting on both
metrics. Notably, the RAG baseline on Medical o1 performs nearly as well as its fully SFT counterpart
(51.1% vs. 51.9%) and even outperforms it on MedReason (52.8% vs. 50.4%). These results suggest
that access to retrieved reasoning traces, even without gradient updates, can help the model reason
more effectively at inference time by providing structured exemplars to guide decision-making.

The strongest performance across all methods is observed with SFT on the m23k dataset and reasoning
trace, achieving 60.5% knowledge, 47.1% reasoning, and 56.1% overall accuracy. In contrast to the
other two reasoning datasets (medical-o1 and MedReason), which are distilled from GPT-4o, m23k
is distilled from DeepSeek-R1. Moreover, as shown in Figure S5, m23k includes significantly longer
reasoning chains, potentially providing richer supervision. Table S2 shows similar trends for the
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Qwen2.5-7B-Instruct model, where full SFT on m23k yields the best results: 55.9% knowledge,
41.3% reasoning, and 51.1% overall accuracy—slightly trailing the LLaMA counterpart.

Together, these results suggest that while fine-tuning on high-quality reasoning traces yields the best
performance, carefully chosen test-time strategies—especially CoT and RAG—can substantially
narrow the gap, often matching or exceeding models trained on SFT datasets. A task-wise breakdown
of performance is provided in Tables S3 and S4.

SFT without Reasoning Traces Remains Competitive. To disentangle the contribution of inter-
mediate reasoning chains from the benefits of additional training data, we fine-tune three models
on each reasoning dataset using only question–answer pairs—without any intermediate reasoning.
Surprisingly, this answer-only supervision remains highly competitive. For instance, on MedReason,
this simple SFT baseline outperforms the fully SFT’ed models that include reasoning traces across
all metrics. On medical-o1, the performance is nearly identical (50.7% vs. 51.9%). A similar trend
emerges with the Qwen model series: the answer-only versions outperform their reasoning-supervised
counterparts on both MedReason and medical-o1 across all splits (Table S2).

These results suggest that much of the observed benefit may stem from the quality and diversity
of the question sets rather than the reasoning traces themselves. However, this pattern shifts in the
case of m23k, where reasoning supervision proves more impactful: LLaMA’s reasoning accuracy
increases from 38.3% (answer-only) to 47.1% (with reasoning), a 9.5 percentage point gain. A similar
trend is observed with Qwen models, where accuracy on m23k improves from 36.8% to 41.3%
with reasoning supervision. As previously discussed, this dataset is distilled from DeepSeek-R1
and features significantly longer reasoning chains than the others, likely contributing to its stronger
performance.

Model Knowledge Reasoning Overall
Llama w/ m23k SFT 60.559.5 - 61.5 47.145.7 - 48.7 56.155.3 - 56.9
+ Random Hard SFT 60.058.9 - 61.0 47.946.4 - 49.5 56.055.1 - 56.9
+ Knowledge Hard SFT 60.159.1 - 61.1 47.746.1 - 49.3 56.055.2 - 56.9
+ Reason Hard SFT 60.559.5 - 61.6 49.147.6 - 50.7 56.855.9 - 57.7
+ Reason Hard RL (BioMed-R1-8B) 63.662.5 - 64.7 49.047.5 - 50.6 58.857.9 - 59.6

Table 3: Performance of Llama-3.1-8B-Instruct variants fine-tuned on m23k, then further trained with
SFT or RL (GRPO) on 7,627 hard examples. Random Hard SFT uses a random mix of hard questions,
while Knowledge Hard and Reason Hard SFT focus on knowledge-heavy or reasoning-heavy samples
respectively. Adding reasoning-hard data improves reasoning accuracy more than knowledge-hard or
random-hard data, while RL on reasoning-hard examples (BioMed-R1-8B) provides the best overall
gains across both knowledge and reasoning tasks.

Including Hard Reasoning Problems in Training Mixture Enhances Reasoning. Building on
our finding that Llama fine-tuned on the m23K dataset yields the strongest performance, we next
investigated whether carefully curated hard examples could further enhance the model’s performance.
We combined three commonly used training datasets—MedQA, MedMCQA, and HeadQA—and
selected 7,627 hard multiple-choice questions that met the following criteria: (i) neither Llama-3.1-
8B-Instruct nor Qwen-2.5-7B-Instruct answered them correctly more than 50% of the time, and (ii)
they did not overlap with the m23K dataset. We used our PubMedBERT classifier to distinguish
between knowledge-heavy (reasoning probability below 0.75) and reasoning-heavy (above 0.75)
examples, creating separate “reasoning-hard” and “knowledge-hard” subsets. To control for dataset
selection effects, we also created a “random-hard” subset of 7,627 samples randomly drawn from
the pool of hard examples. We generated detailed reasoning traces for all three sets using R1 and
trained three separate models: one mixing m23K with the reasoning-hard set (“+ Reason Hard SFT”),
one with the knowledge-hard set (“+ Knowledge Hard SFT”), and one with the random-hard set (“+
Random Hard SFT”). As shown in Table 3, incorporating reasoning-hard examples led to the largest
improvement in reasoning accuracy (47.1% → 49.1%), while adding knowledge-hard or random-hard
examples resulted in more modest or negligible gains.

Finally, we applied the 7,627 reasoning-hard examples in a reinforcement learning (RL) setup using
GRPO (“+ Reason Hard RL”), continuing training from the m23K SFT checkpoint. RL training was
conducted using the EasyR1 framework [36, 26], with key hyperparameters detailed in Table S1. The
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resulting model, referred to as BioMed-R1-8B (RL), achieved 58.8% overall accuracy and 63.6% on
knowledge questions, demonstrating that policy optimization on reasoning-hard examples provides
greater gains than SFT alone.

Two interesting observations emerge. First, while SFT on reasoning-hard examples mainly improves
reasoning accuracy, RL boosts performance on both reasoning- and knowledge-heavy tasks. Second,
as shown in Table S7, BioMed-R1-8B (RL) generalizes well to out-of-distribution knowledge-heavy
questions, whereas the reasoning improvements appear mostly in the in-domain setting. Although
the exact reason for RL’s superior performance on knowledge-heavy tasks is unclear, one plausible
explanation is that reasoning-heavy questions still rely on accurate factual recall. SFT, heavily
conditioned on verbose R1 reasoning traces, may constrain the model’s ability to optimize for
concise factual correctness. In contrast, RL—by directly optimizing for final answer accuracy—may
encourage more effective integration of both reasoning and factual knowledge. While preliminary,
these results suggest that emphasizing difficult reasoning cases—and applying RL—can meaningfully
enhance both reasoning and knowledge capabilities of biomedical LLMs. A detailed benchmark-wise
breakdown is provided in Table S6.

Model Knowledge Reasoning Overall
Normal Adv. (∆) Normal Adv. (∆) Normal Adv. (∆)

Llama-3.1-8B-Instruct 48.4 34.5 (-28.9) 36.0 18.7 (-48.0) 44.4 29.3 (-34.0)
MedReason-8B 54.9 28.1 (-48.8) 41.2 16.8 (-59.3) 50.4 24.4 (-51.6)
Llama-m1-8B-23k 60.5 49.9 (-17.5) 47.1 35.8 (-24.0) 56.1 45.3 (-19.3)
HuatuoGPT-o1-8B (SFT) 56.6 37.4 (-33.9) 42.1 22.6 (-46.3) 51.9 32.6 (-37.2)
HuatuoGPT-o1-8B (RL) 56.9 50.1 (-12.0) 44.8 35.3 (-21.2) 52.9 45.2 (-14.6)
BioMed-R1-8B (SFT; ours) 60.5 47.2 (-22.1) 49.1 30.0 (-38.9) 56.8 41.5 (-26.8)
BioMed-R1-8B (RL; ours) 63.6 52.1 (-18.0) 49.0 37.0 (-24.6) 58.8 47.2 (-19.8)

Table 4: Performance of biomedical models on standard versus adversarial prompts. Adversarial
prompts begin with a plausible but incorrect hypothesis to test each model’s ability to backtrack and
recover. Values in parentheses indicate relative performance drops.

Medical Reasoning Models Struggle with Backtracking. Table 4 presents results for LLaMA-based
models under an adversarial setup, where models are prefixed with an uncertainty-inducing incorrect
trace (e.g., “Hmm, I think the answer is {wrong answer}, but I am not sure. Let me think more.”).
Most models—including those trained with reasoning supervision—show a substantial performance
drop when required to recover from flawed initial reasoning.

Interestingly, models trained with RL—specifically HuatuoGPT-o1-8B (RL) and BioMed-R1
(RL)—exhibit the least performance degradation compared to both standard SFT models and their
own SFT counterparts (HuatuoGPT-o1-8B (SFT), BioMed-R1 (SFT)). These results suggest that RL
may provide greater robustness to misleading initial reasoning and improve backtracking behavior.
Another interesting observation is that, reasoning-heavy questions tend to suffer larger performance
drops than knowledge-heavy ones, as evidenced by the higher relative percentage decreases across
most models. This pattern further highlights a fundamental gap in current models’ reasoning capabili-
ties: while they may perform well on fact-based queries, their ability to reason through uncertainty,
reconsider initial impressions, and course-correct remains limited.

5 Discussion and Conclusion

In this work, we disentangled reasoning from knowledge across 11 biomedical QA benchmarks and
found that only 32% of questions require complex reasoning, challenging the widespread assumption
that these benchmarks robustly assess clinical reasoning. These datasets are frequently cited as
reasoning evaluations, and recent biomedical models often highlight improved performance on them
as evidence of enhanced reasoning ability. However, our stratified analysis suggests that such gains are
more likely attributable to improved factual recall than to genuine reasoning. We observed consistent
performance gaps across biomedical LLMs between reasoning- and knowledge-heavy questions.
Robustness testing with adversarial traces further exposed the limited self-correction capabilities
of biomedical models, while general-domain models such as R1 and o4-mini demonstrated greater
resilience. These findings highlight a critical shortcoming: despite instruction tuning and reasoning
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supervision, current biomedical models remain brittle when confronted with misleading or uncertain
starting points. This brittleness underscores the absence of robust reasoning behavior—deliberate,
analytical re-evaluation of flawed hypotheses—which is essential for safe and reliable clinical
deployment. While our results offer early evidence that RL on high-reasoning examples can enhance
both reasoning and knowledge accuracy—as well as adversarial robustness—substantial room for
improvement remains. Incorporating additional reasoning-rich supervision, such as clinical case
reports, and designing training setups that simulate adversarial traces and promote iterative self-
correction may further strengthen reasoning robustness.

Limitations. While our work provides new insights into evaluating and improving medical rea-
soning in LLMs, several limitations remain. First, although we develop an automated classifier
to distinguish reasoning from knowledge-heavy questions, cleanly disentangling these categories
is inherently difficult—even expert annotators often disagree. Nonetheless, we show that even an
approximate separation reveals consistent performance gaps that meaningfully inform model capa-
bilities. Second, our evaluation focuses on three recent biomedical reasoning models. A broader
study incorporating additional biomedical models, reasoning datasets, and distillation strategies from
general-domain LLMs could offer a more comprehensive perspective. Similarly, while we present
preliminary findings on reinforcement learning, a more systematic comparison between SFT and
RL-based approaches remains an important direction for future work. Finally, our robustness testing
experiments highlight the vulnerability of biomedical models to adversarial prompting, but we do
not explore mitigation strategies. Developing robust self-correction and error recovery mechanisms
remains an open challenge, and we leave this important direction for future work.
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Appendix Contents

A Additional Training Details

Dataset Configuration

Max prompt length 4096
Max response length 4096
Rollout batch size 512
Validation batch size 512
Seed 1

Algorithm (GRPO)

Advantage estimator grpo
KL loss enabled true
KL penalty low_var_kl
KL coefficient 1e-2

Actor Model Configuration

Gradient checkpointing true
Trust remote code false
Global batch size 128
Micro batch size (update) 4
Micro batch size (experience) 16
Max grad norm 1.0
Padding-free training true
Learning rate 1e-6
Weight decay 1e-2
Optimizer adamw
Warmup ratio 0.0
FSDP Full shard, no CPU offload, rank0 init
Parameter offload true
Optimizer offload true

Rollout Configuration

Number of rollouts (n) 5
Temperature 1.0
Top-p 0.99
Tensor parallel size 2
GPU memory utilization 0.6
Enforce eager execution false
Chunked prefill false
Validation override Temp: 0.5, n: 1

Trainer Settings

Total epochs 3
Nodes 1
GPUs per node 8

Table S1: Key configuration settings for RL training, adapted from EasyR1 [36, 26].

All models were trained using 8 NVIDIA H100 GPUs with DeepSpeed ZeRO-3 optimization. We
followed training and evaluation pipelines from the HuatuoGPT-o1 and MedReason codebases.
Models were trained for 3 epochs with a maximum sequence length of 8192 tokens, a learning rate of
5e-6, weight decay of 0.1, warmup rate of 0.05, and a gradient accumulation step size of 16.

We adopted the evaluation pipelines from MedReason to ensure consistency with prior work. All
inference was performed using the vLLM framework [17], utilizing tensor-parallelism across 4
NVIDIA GPUs for efficient large-scale decoding. Sampling-based experiments used a temperature of
0.9 to encourage diverse reasoning paths, while all other experiments used a lower temperature of 0.2
for deterministic outputs. Model responses were parsed to extract the final answer, and accuracy was
computed based on exact match with the gold answer.

B Additional Data Curation Details

The medical-o1-reasoning-SFT dataset, developed for HuatuoGPT-o1, includes 20K examples
sourced from MedQA-USMLE [15] and MedMCQA [20]. We used only the SFT split, as our
focus is on evaluating SFT-based reasoning models. Each example was generated by GPT-4o [13]
through an iterative refinement process with verifier-guided validation, resulting in high-quality
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reasoning chains paired with correct answers. The MedReason dataset consists of 32,682 examples
with multi-step reasoning chains generated using GPT-4o, guided by a structured medical knowledge
graph. It emphasizes logical consistency, factual accuracy, and explainability through structured,
step-by-step reasoning. The m1 dataset comprises 23K examples curated through difficulty filtering,
reasoning generation using DeepSeek-R1 [11], and diversity sampling to ensure a balanced and
challenging training set.
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Figure S1: Agreement between MedXpert labels and an independent set of 100 samples annotated
by a separate medical expert. Although the original labels were also expert-generated, the 79%
agreement underscores the task’s subjectivity and the potential for inter-annotator variability.
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Figure S2: Performance of a BERT-based classifier in distinguishing medical knowledge versus
reasoning questions. The model was trained and evaluated on the MedXpert dataset, with a held-out
test set of 100 examples evenly split between knowledge and reasoning questions.
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Figure S3: Agreement between the BERT-based classifier and expert annotations on the MedXpert
test set. The results show that the model closely aligns with expert judgment in distinguishing
knowledge and reasoning questions, suggesting it can approximate human-level labeling.
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Figure S4: Distribution of word counts for knowledge and reasoning questions in the MedXpert
training set. Reasoning questions are longer on average, reflecting their greater contextual and
inferential complexity.
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Figure S5: Distribution of reasoning trace lengths (in words) across the three SFT datasets: medical-
o1, MedReason, and m23k. Boxes show interquartile ranges with medians; means are annotated. The
m23k dataset contains substantially longer traces.

CoT Prompt

You are a biomedical reasoning model. You must think step-by-step and reason carefully about
the following question before answering. You must select the correct option from the given
options (A, B, C, D, etc.). Your response must conclude with the correct option in the format:
<answer> A </answer>.
question
option_str

Figure S6: Chain-of-thought (CoT) prompt used to elicit step-by-step reasoning from all models
during evaluation.

Replicates of Adversarial Reasoning Traces Used for Prefill

Replicate 1: I think the answer is {wrong answer}, but I am not sure. Let me think again.
Replicate 2: My initial hypothesis is {wrong answer}, but I may be wrong. Let me verify my
reasoning.
Replicate 3: Perhaps {wrong answer} is correct, but I should examine this more carefully before
deciding.

Figure S7: Adversarial reasoning traces used to prefill model inputs and evaluate robustness to
incorrect initial reasoning.
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Adversarial Trace Prefill for Llama-3.1-8B-Instruct Inference

<|eot_id|><|start_header_id|>user<|end_header_id|>

You are a biomedical reasoning model. You must think step-by-step and reason care-
fully about the following question before answering. You must select the correct option from the
given options (A, B, C, D, etc.). Your response must conclude with the correct option in the
format: <answer> A </answer>.

What is the impact of knocking out LIG1 on CTG somatic instability in the context of
Myotonic dystrophy?

A. Increased instability
B. Contraction of repeat length
C. Reduced instability
D. No impact
E. Knockout is lethal<|eot_id|><|start_header_id|>assistant<|end_header_id|>

Perhaps A. Increased instability is correct, but I should examine this more carefully be-
fore deciding.

Figure S8: Example of pre-filling model output with an adversarial trace to simulate incorrect
reasoning. Used to evaluate the model’s ability to recover and self-correct.

Adversarial Trace as User Input for Llama-3.1-8B-Instruct Inference

<|eot_id|><|start_header_id|>user<|end_header_id|>

You are a biomedical reasoning model. You must think step-by-step and reason care-
fully about the following question before answering. You must select the correct option from the
given options (A, B, C, D, etc.). Your response must conclude with the correct option in the
format: <answer> A </answer>.

What is the impact of knocking out LIG1 on CTG somatic instability in the context of
Myotonic dystrophy?

A. Increased instability
B. Contraction of repeat length
C. Reduced instability
D. No impact
E. Knockout is lethal

Perhaps A. Increased instability is correct, but I should examine this more carefully be-
fore deciding.<|eot_id|><|start_header_id|>assistant<|end_header_id|>

Figure S9: An example of passing an adversarial trace as a user input to simulate incorrect guidance
from the end user. This setup is used to evaluate the model’s ability to identify and correct user bias
or flawed reasoning.
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True Positive Examples (Correctly Classified as Reasoning)

Example 1
A 60-year-old female presents to emergency care with new-onset back pain following gardening
activities. The pain scores 7/10, does not radiate, and persists despite rest. She has no history of
similar pain and denies constitutional symptoms or neurological symptoms. Her medical history
includes hypertension treated with hydrochlorothiazide, and a recent asthma exacerbation treated
with prednisone. She abstains from alcohol and tobacco. Vital signs show: temperature 98.6°F
(37.0°C), blood pressure 120/80 mmHg, pulse 90/min, and respirations 18/min. On examination,
she appears uncomfortable but not in acute distress. The spine shows no tenderness to palpation.
Straight leg raise and slump tests are negative. Neurological examination reveals intact strength
(5/5) in all lower extremity muscle groups and normal reflexes (2+) bilaterally. Laboratory
findings are:

Hemoglobin: 12.0 g/dL
Creatinine: 1.1 mg/dL
Ca2+: 10.6 mg/dL

What is the most likely diagnosis?
A. Lumbosacral strain
B. Ankylosing spondylitis
C. Sacroiliitis
D. Herniated disc
E. Renal osteodystrophy

Example 2
A 45-year-old mechanic presents to the emergency department complaining of acute-onset
shortness of breath while repairing a plowing tractor for his neighbor. The patient denies having
any history of asthma or respiratory symptoms, and does not smoke. His temperature is 99.8°F
(37.7°C), pulse is 65/min, blood pressure is 126/86 mmHg, and respirations are 20/min. His
oxygen saturation is 97%. On exam, he is pale and diaphoretic. His pupils are contracted.
Diffuse wheezes are noted in all lung fields.

What is the best treatment for his condition?
A: Intubation
B: Succinylcholine
C: Inhaled ipratropium and oxygen
D: Atropine and pralidoxime
E: Inhaled albuterol and oxygen

Example 3
A 65-year-old man who is quadriplegic as a result of multiple sclerosis is hospitalized for
treatment of left lower lobe pneumonia. His temperature is 38.1°C (100.5°F), pulse is 95/min,
respirations are 12/min, and blood pressure is 120/80 mm Hg. He appears malnourished.
Rhonchi are heard at the left lower lobe of the lung on auscultation. Examination of the heart,
lymph nodes, abdomen, and extremities shows no abnormalities. There is a 1-cm area of
erythema over the sacrum with intact skin and no induration. Neurologic examination shows
quadriparesis. Test of the stool for occult blood is negative.

Which of the following is the most effective intervention for this patient’s skin lesion?
A: Frequent turning
B: Use of wet to dry dressings
C: Whirlpool therapy
D: Broad-spectrum antibiotic therapy

Figure S10: Examples where both the expert and the classifier agreed the question was reasoning-
heavy.
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True Negative Examples (Correctly Classified as Knowledge)

Example 1
What is true regarding naloxone?
A. Naloxone is a synthetic N-allyl derivative of oxymorphone.
B. Naloxone is a partial agonist at the mu-opioid receptor.
C. Naloxone has a long half-life, making it suitable for chronic opioid overdose management.
D. Naloxone is metabolized primarily by the kidneys rather than the liver.
E. Naloxone is effective in reversing benzodiazepine-induced respiratory depression.

Example 2
Which type of movement is most associated with the development of the overuse syndrome
known as athletic pubalgia?
A. Hip abduction and external rotation
B. Hip extension and abduction
C. Hip flexion and abduction
D. Hip flexion and external rotation
E. Hip adduction and internal rotation

Example 3
A patient undergoes a primary total hip arthroplasty using a highly cross-linked ultra-high
molecular weight (UHMW) polyethylene acetabular liner. Compared to a 28mm femoral head,
what effect will a 32mm femoral head have?
A. Improved stress distribution
B. Decreased risk of osteolysis
C. Increased risk of impingement
D. Decreased dislocation resistance
E. Equivalent wear rate of the polyethylene acetabular liner

Example 4
A patient presented to the hospital with severe hydrophobia. You suspect rabies, obtained corneal
scrapings from the patient. What test should be done on this specimen for a diagnosis of rabies?
A: Negri bodies
B: Antibodies to rabies virus
C: -PCR for rabies virus
D: Indirect immunofluorescence

Example 5
After a T cell progenitor leaves the bone marrow, most of its development takes place in
the thymus. It passes through several stages during its maturation. Positive selection is an
important process during maturation of T lymphocytes, and it ensures the preservation of self-
major histocompatibility complex (MHC)-restricted T cells. During which of the following
developmental stages does a T cell undergo this process?
A: Double-negative pro-T cell
B: Pre-T cell
C: Double-positive T cell
D: Single-positive CD4+ T cell
E: Single-positive CD8+ T cell

Figure S11: Examples where both the expert and the classifier agreed the question was knowledge-
heavy.
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False Positive Examples (Classified Incorrectly as Reasoning)

Example 1
A 47-year-old woman presents to the clinic with 3 weeks of increased thirst and urination. She
has a history of obesity, hypertension, and depression for which she takes losartan and sertraline.
She has smoked 1 pack of cigarettes per day for 30 years. Her temperature is 99.5°F (37.5°C),
blood pressure is 148/90 mmHg, pulse is 84/min, and respirations are 15/min. Physical exam is
unremarkable, including no costovertebral or suprapubic tenderness to palpation. Laboratory
studies are performed and show:

Serum: Na+: 140 mEq/L
K+: 4.4 mEq/L
HCO3-: 21 mEq/L
Blood urea nitrogen (BUN): 38 mg/dL
Creatinine: 1.1 mg/dL
Glucose: 215 mg/dL

Which of the following is the most appropriate screening test for nephropathy in this patient?
A: Creatinine clearance
B: Oral glucose tolerance test
C: Urine albumin-to-creatinine ratio
D: Hemoglobin A1c

Example 2
A 47-year-old woman comes to the emergency department with a history of fever, chills, and
back pain. She has a known diagnosis of type 2 diabetes and takes metformin daily. On
examination, she has left-sided costovertebral angle tenderness. Her temperature is 39.4°C
(103.0°F), blood pressure is 125/84 mm Hg, and pulse is 84/min. Urinalysis reveals leukocytes,
nitrites, protein, and red blood cells (RBCs). What is the most likely underlying cause of her
condition?
A. Emphysematous pyelonephritis
B. Renal vein thrombosis
C. Acute interstitial nephritis
D. Medullary sponge kidney
E. Acute papillary necrosis

Example 3
A 55-year-old male with end-stage renal disease secondary to hypertension, who underwent
a cadaveric kidney transplant three months ago, presents to the emergency department with
palpitations. His current medications include tacrolimus, mycophenolic acid (MPA), and
prednisone. Laboratory results reveal a serum potassium level of 3.2 mEq/L (normal range:
3.6-5.1 mEq/L) and a serum magnesium level of 0.9 mEq/L (normal range: 1.8-2.2 mEq/L). He
is diagnosed with new-onset atrial fibrillation, and the cardiologist recommends maintaining
serum potassium > 4 mEq/L and serum magnesium > 2 mEq/L. Despite supplementation with
magnesium and potassium, his serum magnesium remains between 1.1 and 1.2 mEq/L. What is
the most appropriate next step in management?
A. Add thiazide diuretic
B. Add spironolactone
C. Switch Tacrolimus to cyclosporine
D. Discontinue mycophenolic acid
E. Start amiloride

Figure S12: Examples where the expert labeled questions as knowledge-heavy but the classifier
labeled them as reasoning-heavy.
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False Negative Examples (Classified Incorrectly as Understanding)

Example 1
A 31-year-old professional baseball pitcher presents with increased external rotation and a
30-degree deficit in internal rotation of his throwing shoulder compared to his non-dominant
side. During the cocking phase of throwing, what abnormal movement of the humerus relative to
the glenoid would motion analysis of the glenohumeral joint most likely reveal?
A. Posterosuperior
B. Posteroinferior
C. Superior impingement during abduction
D. Posterior translation with internal rotation
E. Inferosuperior impingement during cocking phase

Example 2
A cohort study investigated mortality rates among workers at the French Atomic Energy
Commission and Nuclear Fuel Company. The study included employees who worked for at least
one year between 1950 and 1994 and were followed from 1968 to 2004. Cancer was identified
as the leading cause of mortality. Which type of cancer had the highest prevalence in this study?
A. Aplastic anemia with transformation to leukemia
B. Multiple myeloma
C. Lung carcinoma
D. Acute myeloid leukemia
E. Chronic myeloid leukemia

Example 3
A boy complains of bleeding gums, swollen, Joints with hemorrhage into joints. His paternal
and maternal uncle complains of same problem. It is due to deficiency of factor:
A: VIII
B: IX
C: X
D: VI

Figure S13: Examples where the expert labeled questions as reasoning-heavy, but the classifier
labeled them as knowledge-heavy.

Dataset Knowledge-heavy Reasoning-heavy Total
HLE (Biomed) 115 (78.2%) 32 (21.8%) 147
MedBullets (4 options) 7 (2.3%) 301 (97.7%) 308
MedBullets (5 options) 7 (2.3%) 301 (97.7%) 308
MedMCQA 3826 (91.5%) 357 (8.5%) 4183
MedQA-USMLE 440 (34.6%) 833 (65.4%) 1273
MedXpertQA 777 (31.7%) 1673 (68.3%) 2450
MMLU (Health/Biology) 1356 (88.3%) 179 (11.7%) 1535
PubMedQA 958 (95.8%) 42 (4.2%) 1000
GPQA (Medical) 375 (96.2%) 15 (3.8%) 390
Lancet 281 (68.2%) 131 (31.8%) 412
NEJM 329 (54.6%) 274 (45.4%) 603

Total 8471 (67.2%) 4138 (32.8%) 12609

Table S1: Distribution of knowledge-heavy and reasoning-heavy questions across all evaluation
datasets. Percentages are computed row-wise within each dataset. Classification was performed using
a PubMedBERT classifier fine-tuned on expert-labeled data.
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Examples where Experts Disagreed

Example 1
A 42-year-old female presents with left-sided pelvic pain of 3 weeks’ duration, occasionally
radiating down her left leg and worsening with prolonged sitting. She reports increased cycling
activity but no recent trauma. Acetaminophen provides minimal relief. Physical examination
shows the left anterior superior iliac spine (ASIS) is positioned closer to the umbilicus compared
to the right, while both posterior superior iliac spines (PSIS) are equidistant from the umbilicus.
Left-sided ASIS compression test is positive. The patient agrees to direct muscle energy
treatment. After engaging the restrictive barrier for postisometric relaxation treatment, which
movement should the patient be instructed to perform?
A. Extension and internal rotation of the left hip
B. Adduction and external rotation of the left hip
C. Flexion and internal rotation of the left hip
D. Flexion and adduction of the left hip
E. Adduction and internal rotation of the left hip

Example 2
A 47-year-old woman comes to the emergency department with a history of fever, chills, and
back pain. She has a known diagnosis of type 2 diabetes and takes metformin daily. On
examination, she has left-sided costovertebral angle tenderness. Her temperature is 39.4°C
(103.0°F), blood pressure is 125/84 mm Hg, and pulse is 84/min. Urinalysis reveals leukocytes,
nitrites, protein, and red blood cells (RBCs). What is the most likely underlying cause of her
condition?
A. Emphysematous pyelonephritis
B. Renal vein thrombosis
C. Acute interstitial nephritis
D. Medullary sponge kidney
E. Acute papillary necrosis

Figure S14: Examples where both the expert and the classifier agreed the questions were reasoning-
heavy.

Model Knowledge Reasoning Overall
Qwen2.5-7B-Instruct 51.550.5 - 52.6 35.333.8 - 36.7 46.245.3 - 47.2
Qwen w/ self-consistency (64) 53.051.9 - 54.0 35.734.3 - 37.1 47.346.4 - 48.2
Qwen w/ CoT 54.553.5 - 55.6 36.034.6 - 37.5 48.447.6 - 49.3

Qwen w/ retrieval on medical o1 54.953.9 - 56.0 37.936.5 - 39.3 49.348.4 - 50.1
Qwen w/ medical o1 SFT w/o Reasoning 55.354.3 - 56.4 39.237.8 - 40.5 50.049.1 - 50.9
Qwen w/ medical o1 SFT 54.653.5 - 55.6 38.937.4 - 40.5 49.548.6 - 50.3

Qwen w/ retrieval on MedReason 54.753.6 - 55.7 40.739.1 - 42.0 50.149.2 - 50.9
Qwen w/ MedReason SFT w/o Reasoning 55.954.9 - 56.8 40.338.9 - 41.9 50.849.9 - 51.6
Qwen w/ MedReason SFT 54.453.3 - 55.4 38.336.9 - 39.7 49.148.2 - 49.9

Qwen w/ retrieval on m23k 55.754.6 - 56.8 38.537.0 - 40.0 50.149.2 - 50.9
Qwen w/ m23k SFT w/o Reasoning 52.051.0 - 53.0 36.835.5 - 38.3 47.046.1 - 47.9
Qwen w/ m23k SFT 55.954.8 - 57.0 41.339.8 - 42.8 51.150.3 - 52.0

Table S2: Accuracy across knowledge, reasoning, and overall categories for Qwen2.5-7B-Instruct
variants. Confidence intervals (CI) are shown as subscript ranges. “SFT Baselines (Final Answer
Only)” refers to models trained without reasoning traces. All variants show a consistent performance
gap between reasoning and knowledge, underscoring the difficulty of reasoning-heavy questions.
Models trained on the m23k dataset perform best, especially when reasoning traces are included.
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Model MQA MCQA PQA MMLU MB4 MD5 MDX HLE GPQA Lct. NEJM

Knowledge Accuracy
DeepSeek-R1-Distill-Llama-8B 55.9 49.7 74.8 58.6 57.1 57.1 16.0 6.1 60.8 53.0 46.5
Llama-3.1-8B-Instruct 52.0 46.9 76.7 54.4 42.9 28.6 12.5 13.9 44.8 47.7 56.2
w/ self-consistency (64) 53.2 51.0 77.0 54.3 42.9 42.9 13.3 13.9 45.3 52.3 56.2
w/ CoT 70.7 58.9 77.2 60.6 57.1 42.9 16.1 8.7 52.0 60.5 57.8
w/ retrieval on medical o1 61.8 57.8 79.0 60.4 71.4 57.1 16.7 10.4 53.6 58.0 55.0
w/ retrieval on MedReason 68.9 59.3 79.3 60.4 42.9 57.1 20.1 12.2 44.8 58.7 59.6
w/ retrieval on m23k 65.2 59.5 75.9 59.1 85.7 42.9 17.9 13.9 50.1 59.8 59.0
w/ medical o1 SFT Baseline 60.2 58.1 76.4 58.6 57.1 71.4 16.1 13.0 38.7 59.8 59.3
w/ MedReason SFT Baseline 61.8 58.9 67.3 58.1 42.9 42.9 17.2 19.1 48.0 60.5 59.3
w/ m23k SFT Baseline 50.2 54.5 76.3 55.1 71.4 57.1 17.0 19.1 42.7 57.3 53.2
w/ medical o1 SFT 69.3 58.5 76.2 60.8 57.1 57.1 15.1 10.4 52.8 58.0 60.5
w/ medical R1-Distill SFT 78.0 63.1 76.1 63.9 57.1 85.7 18.9 12.2 48.8 63.7 61.7
w/ MedReason SFT 65.9 56.9 76.0 57.9 57.1 71.4 15.2 15.7 44.5 56.9 59.3
w/ m23k SFT 78.6 63.4 77.0 64.0 71.4 57.1 19.4 12.2 47.2 64.8 63.8

Reasoning Accuracy
DeepSeek-R1-Distill-Llama-8B 48.1 46.2 76.2 41.9 44.5 38.9 14.1 9.4 33.3 58.8 46.7
Llama-3.1-8B-Instruct 52.6 50.1 81.0 52.0 48.8 43.9 14.0 3.1 0.0 59.5 55.8
w/ self-consistency (64) 53.4 57.1 83.3 55.3 47.8 40.9 13.7 3.1 13.3 58.8 55.8
w/ CoT 60.7 60.2 83.3 65.4 56.5 50.2 13.8 6.2 26.7 58.0 65.3
w/ retrieval on medical o1 59.1 58.0 85.7 55.9 55.5 49.8 16.4 9.4 46.7 61.1 60.6
w/ retrieval on MedReason 62.4 59.4 88.1 61.5 57.1 55.8 20.0 3.1 26.7 60.3 59.9
w/ retrieval on m23k 61.9 57.1 88.1 62.0 53.5 50.2 16.3 15.6 60.0 59.5 63.1
w/ medical o1 SFT Baseline 61.0 61.6 83.3 59.8 54.8 47.2 17.6 6.2 66.7 60.3 59.5
w/ MedReason SFT Baseline 61.0 60.5 78.6 58.1 61.8 54.8 22.1 12.5 33.3 60.3 61.7
w/ m23k SFT Baseline 49.3 54.9 81.0 53.6 52.5 46.8 19.4 6.2 66.7 55.7 51.1
w/ medical o1 SFT 61.2 63.9 90.5 62.6 56.8 51.8 16.1 6.2 60.0 64.9 59.5
w/ medical R1-Distill SFT 72.1 65.5 88.1 75.4 66.8 58.5 17.5 12.5 46.7 61.8 68.2
w/ MedReason SFT 62.3 54.6 92.9 63.1 55.5 52.8 15.7 3.1 6.7 59.5 61.7
w/ m23k SFT 71.1 60.2 88.1 71.5 65.1 59.5 19.5 6.2 26.7 66.4 67.2

Overall Accuracy
DeepSeek-R1-Distill-Llama-8B 50.8 49.4 74.9 56.7 44.8 39.3 14.7 6.8 59.7 54.9 46.6
Llama-3.1-8B-Instruct 52.4 47.2 76.9 54.1 48.7 43.5 13.6 11.6 43.1 51.5 56.1
w/ self-consistency (64) 53.3 51.5 77.3 54.4 47.7 40.9 13.6 11.6 44.1 54.4 56.1
w/ CoT 64.2 59.0 77.5 61.2 56.5 50.0 14.5 8.2 51.0 59.7 61.2
w/ retrieval on medical o1 60.0 57.8 79.3 59.9 55.8 50.0 16.5 10.2 53.3 59.0 57.5
w/ retrieval on MedReason 64.7 59.3 79.7 60.5 56.8 55.8 20.0 10.2 44.1 59.2 59.7
w/ retrieval on m23k 63.1 59.3 76.4 59.4 54.2 50.0 16.8 14.3 50.5 59.7 60.9
w/ medical o1 SFT Baseline 60.7 58.4 76.7 58.7 54.9 47.7 17.1 11.6 39.7 60.0 59.4
w/ MedReason SFT Baseline 61.3 59.0 67.8 58.1 61.4 54.5 20.6 17.7 47.4 60.4 60.4
w/ m23k SFT Baseline 49.6 54.6 76.5 54.9 52.9 47.1 18.6 16.3 43.6 56.8 52.2
w/ medical o1 SFT 64.0 59.0 76.8 61.0 56.8 51.9 15.8 9.5 53.1 60.2 60.0
w/ medical R1-Distill SFT 74.2 63.4 76.6 65.2 66.6 59.1 17.9 12.2 48.7 63.1 64.7
w/ MedReason SFT 63.6 56.7 76.7 58.5 55.5 53.2 15.6 12.9 43.1 57.8 60.4
w/ m23k SFT 73.7 63.2 77.5 64.9 65.3 59.4 19.5 10.9 46.4 65.3 65.3

Table S3: Task-level accuracy of Llama-3.1-8B-Instruct variants across 11 biomedical QA bench-
marks, grouped by evaluation category: Knowledge, Reasoning, and Overall. Each model is evaluated
under different supervision strategies—including prompting (e.g., CoT), retrieval-augmented gen-
eration (RAG), and supervised fine-tuning (SFT)—with and without reasoning traces. Substantial
variation in performance is observed across datasets and supervision settings, with the m23k SFT
consistently yielding the strongest results across all categories.
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Model MQA MCQA PQA MMLU MB4 MD5 MDX HLE GPQA Lct. NEJM

Knowledge Accuracy
DeepSeek-R1-Distill-Qwen-7B 37.7 38.9 74.1 49.9 57.1 28.6 12.4 11.3 61.3 33.8 31.6
Qwen2.5-7B-Instruct 50.9 54.5 73.4 52.7 57.1 57.1 12.0 18.3 47.5 56.2 53.8
Qwen w/ self-consistency (64) 51.4 55.3 73.5 57.4 57.1 57.1 12.9 20.0 50.9 58.0 54.4
w/ CoT 58.9 55.8 75.5 62.3 57.1 57.1 12.6 17.4 52.5 58.0 51.4
w/ retrieval on medical o1 57.5 56.0 76.5 64.5 71.4 71.4 16.1 13.0 45.6 53.4 52.6
w/ retrieval on MedReason 58.0 55.9 76.3 62.4 42.9 57.1 17.8 16.5 47.7 53.7 50.2
w/ retrieval on m23k 63.2 56.6 77.2 62.7 57.1 57.1 17.0 13.0 48.0 57.3 57.1
w/ medical o1 SFT Baseline 55.7 56.5 76.9 63.7 71.4 57.1 14.9 18.3 44.3 59.8 60.2
w/ MedReason SFT Baseline 57.7 57.5 77.7 63.3 57.1 71.4 13.6 19.1 48.8 59.4 57.8
w/ m23k SFT Baseline 45.2 52.4 76.3 57.7 42.9 71.4 18.8 18.3 51.7 53.7 52.0
w/ medical o1 SFT 63.0 55.3 73.1 62.2 42.9 71.4 13.4 12.2 54.7 58.4 58.7
w/ medical R1-Distill SFT 69.1 58.7 75.5 64.9 57.1 71.4 15.3 15.7 46.9 58.0 58.4
w/ MedReason SFT 62.5 56.0 76.5 61.5 71.4 42.9 13.1 14.8 44.5 54.4 52.6
w/ m23k SFT 67.5 58.9 73.0 62.0 57.1 57.1 15.6 14.8 42.9 57.3 53.5

Reasoning Accuracy
DeepSeek-R1-Distill-Qwen-7B 27.6 36.4 83.3 23.5 30.6 25.9 11.7 9.4 40.0 35.1 31.0
Qwen2.5-7B-Instruct 51.5 52.7 85.7 44.1 50.2 39.5 12.1 9.4 33.3 59.5 61.3
w/ self-consistency (64) 52.2 52.9 85.7 47.5 48.8 39.9 12.4 12.5 60.0 58.8 61.7
w/ CoT 54.0 50.4 88.1 58.1 48.8 40.9 11.8 9.4 33.3 61.8 58.8
w/ retrieval on medical o1 54.1 51.5 83.3 60.9 51.5 39.9 15.9 12.5 40.0 62.6 56.9
w/ retrieval on MedReason 57.3 54.1 92.9 58.1 58.8 48.8 18.6 3.1 40.0 61.1 55.1
w/ retrieval on m23k 54.4 54.9 90.5 62.0 55.5 42.9 15.3 9.4 33.3 65.6 54.7
w/ medical o1 SFT Baseline 55.1 54.1 85.7 57.0 51.5 46.5 15.2 9.4 66.7 71.8 64.2
w/ MedReason SFT Baseline 59.2 53.2 85.7 58.7 55.5 50.8 15.2 15.6 66.7 67.9 60.6
w/ m23k SFT Baseline 46.6 44.8 88.1 54.7 48.5 43.2 20.6 12.5 33.3 57.3 50.0
w/ medical o1 SFT 57.3 56.0 81.0 63.1 51.5 46.2 14.3 6.2 46.7 59.5 60.9
w/ medical R1-Distill SFT 61.7 59.1 85.7 71.5 56.8 46.8 15.5 3.1 46.7 67.2 67.2
w/ MedReason SFT 56.1 53.5 85.7 58.7 55.1 44.2 14.3 3.1 46.7 56.5 59.9
w/ m23k SFT 62.7 56.0 85.7 66.5 55.5 51.8 15.1 12.5 13.3 58.8 63.5

Overall Accuracy
DeepSeek-R1-Distill-Qwen-7B 31.1 38.7 74.5 46.8 31.2 26.0 11.9 10.9 60.5 34.2 31.3
Qwen2.5-7B-Instruct 51.3 54.4 73.9 51.7 50.3 39.9 12.1 16.3 46.9 57.3 57.2
w/ self-consistency (64) 51.9 55.1 74.0 56.2 49.0 40.3 12.5 18.4 51.3 58.3 57.7
w/ CoT 55.7 55.4 76.0 61.8 49.0 41.2 12.1 15.6 51.8 59.2 54.7
w/ retrieval on medical o1 55.3 55.6 76.8 64.1 51.9 40.6 16.0 12.9 45.4 56.3 54.6
w/ retrieval on MedReason 57.5 55.8 77.0 61.9 58.4 49.0 18.3 13.6 47.4 56.1 52.4
w/ retrieval on m23k 57.4 56.5 77.8 62.6 55.5 43.2 15.8 12.2 47.4 60.0 56.1
w/ medical o1 SFT Baseline 55.3 56.3 77.3 62.9 51.9 46.8 15.1 16.3 45.1 63.6 62.0
w/ MedReason SFT Baseline 58.7 57.2 78.0 62.8 55.5 51.3 14.7 18.4 49.5 62.1 59.0
w/ m23k SFT Baseline 46.1 51.7 76.8 57.3 48.4 43.8 20.0 17.0 51.0 54.9 51.1
w/ medical o1 SFT 59.2 55.4 73.4 62.3 51.3 46.8 14.0 10.9 54.4 58.7 59.7
w/ medical R1-Distill SFT 64.3 58.7 75.9 65.7 56.8 47.4 15.5 12.9 46.9 60.9 62.4
w/ MedReason SFT 58.3 55.8 76.9 61.2 55.5 44.2 13.9 12.2 44.6 55.1 55.9
w/ m23k SFT 64.3 58.7 73.5 62.5 55.5 51.9 15.2 14.3 41.8 57.8 58.0

Table S4: Task-level accuracy for Qwen2.5-7B-Instruct variants across 11 biomedical QA bench-
marks, grouped by evaluation category: Knowledge, Reasoning, and Overall. Each row represents
a different strategy, including prompting (e.g., CoT), retrieval-augmented generation (RAG), and
supervised fine-tuning (SFT) with and without reasoning traces. The table highlights how different
training and inference strategies influence performance across benchmarks, with m23k-based SFT
yielding the strongest reasoning performance and notable improvements in overall accuracy.
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Model MQA MCQA PQA MMLU MB4 MD5 MDX HLE GPQA Lct. NEJM

Knowledge Accuracy
DeepSeek-R1-Distill-Qwen-32B 85.0 66.7 76.4 79.1 71.4 57.1 21.2 8.7 70.1 70.8 62.9
QwQ-32B 87.3 69.9 77.5 78.7 71.4 57.1 23.8 9.6 66.9 69.4 70.8
DeepSeek-R1-Distill-Llama-70B 90.2 74.8 79.4 79.7 57.1 71.4 27.8 16.5 74.9 74.7 74.5
Qwen3-235B 90.5 76.8 78.5 79.0 100.0 100.0 31.0 13.0 68.0 78.6 76.3
GPT-4o 91.1 77.9 77.0 81.7 100.0 100.0 27.7 7.8 69.9 73.3 74.2
DeepSeek-R1 93.2 79.1 76.4 83.2 85.7 85.7 37.5 15.7 72.5 79.7 79.9
GPT-o4-mini 94.8 81.0 80.2 83.4 100.0 85.7 41.7 15.8 80.3 81.1 83.0

Reasoning Accuracy
DeepSeek-R1-Distill-Qwen-32B 77.4 69.2 85.7 77.7 68.8 64.5 21.0 0.0 40.0 68.7 74.1
QwQ-32B 80.0 72.3 90.5 81.6 71.1 63.1 23.1 3.1 33.3 74.8 79.2
DeepSeek-R1-Distill-Llama-70B 82.5 74.5 92.9 82.1 77.7 73.1 28.6 0.0 33.3 74.8 82.1
Qwen3-235B 85.1 74.8 90.5 84.4 80.7 74.4 28.8 6.2 20.0 74.0 81.8
GPT-4o 86.9 74.8 88.1 88.8 77.4 73.4 25.8 3.1 46.7 83.2 83.9
DeepSeek-R1 88.7 79.0 90.5 89.9 83.7 79.4 35.9 9.4 6.7 84.7 85.8
GPT-o4-mini 92.1 77.9 90.5 87.2 87.4 85.4 45.0 0.0 60.0 80.2 88.7

Overall Accuracy
DeepSeek-R1-Distill-Qwen-32B 80.0 66.9 76.8 78.9 68.8 64.3 21.1 6.8 69.0 70.1 68.0
QwQ-32B 82.5 70.1 78.0 79.0 71.1 63.0 23.3 8.2 65.6 71.1 74.6
DeepSeek-R1-Distill-Llama-70B 85.2 74.7 80.0 80.0 77.3 73.1 28.4 12.9 73.3 74.8 77.9
Qwen3-235B 87.0 76.6 79.0 79.6 81.2 75.0 29.5 11.6 66.2 77.2 78.8
GPT-4o 88.4 77.6 77.5 82.5 77.9 74.0 26.4 6.8 69.0 76.5 78.6
DeepSeek-R1 90.3 79.1 77.0 84.0 83.8 79.5 36.4 14.3 70.0 81.3 82.6
GPT-o4-mini 93.0 80.7 80.6 83.8 87.7 85.4 44.0 12.1 79.5 80.8 85.6

Table S5: Task-wise performance of general-domain reasoning models across 11 biomedical
QA benchmarks. Accuracy is reported separately for knowledge-heavy, reasoning-heavy, and
overall questions. While models like DeepSeek-R1 and GPT-o4-mini achieve the highest scores
overall, reasoning accuracy tends to lag behind knowledge across most tasks, highlighting the greater
challenge posed by reasoning-heavy questions.

Model MQA MCQA PQA MMLU MB4 MD5 MDX HLE GPQA Lct. NEJM

Knowledge Accuracy
Llama w/ m23k SFT 78.6 63.4 77.0 64.0 71.4 57.1 19.4 12.2 47.2 64.8 63.8
+ Knowledge Hard SFT 73.9 64.4 75.2 63.5 57.1 85.7 17.9 13.0 47.5 61.9 62.6
BioMed-R1-8B (SFT) 78.0 64.2 76.1 64.3 71.4 71.4 17.0 13.0 49.9 62.3 63.2
BioMed-R1-8B (RL) 81.6 66.7 77.9 68.7 71.4 71.4 19.8 13.0 57.9 66.2 65.7

Reasoning Accuracy
Llama w/ m23k SFT 71.1 60.2 88.1 71.5 65.1 59.5 19.5 6.2 26.7 66.4 67.2
+ Knowledge Hard SFT 71.5 62.5 92.9 76.0 66.8 57.5 19.4 3.1 26.7 62.6 70.8
BioMed-R1-8B (SFT) 71.5 66.7 90.5 72.6 67.1 64.8 20.6 3.1 33.3 66.4 71.9
BioMed-R1-8B (RL) 74.9 62.7 92.9 74.9 67.4 63.1 20.1 3.1 20.0 64.1 69.0

Overall Accuracy
Llama w/ m23k SFT 73.7 63.2 77.5 64.9 65.3 59.4 19.5 10.9 46.4 65.3 65.3
+ Knowledge Hard SFT 72.3 64.2 75.9 65.0 66.6 58.1 18.9 10.9 46.7 62.1 66.3
BioMed-R1-8B (SFT) 73.8 64.4 76.7 65.3 67.2 64.9 19.4 10.9 49.2 63.6 67.2
BioMed-R1-8B (RL) 77.2 66.3 78.5 69.4 67.5 63.3 20.0 10.9 56.4 65.5 67.2

Table S6: Task-wise accuracy of Llama-3.1-8B-Instruct variants across 11 biomedical QA bench-
marks, grouped by knowledge, reasoning, and overall performance. All models are initially fine-tuned
on the m23k dataset. We compare three additional settings: adding 7,627 knowledge-hard examples (+
Knowledge Hard SFT), adding 7,627 reasoning-hard examples (BioMed-R1-8B SFT), and applying
reinforcement learning (GRPO) on the same reasoning-hard examples (BioMed-R1-8B RL). RL
leads to the strongest overall gains, particularly in knowledge-heavy tasks.

Model Understanding Reasoning Overall
ID OOD ID OOD ID OOD

Llama w/ m23K SFT 67.266.0 - 68.5 49.647.8 - 51.4 68.565.9 - 71.0 38.136.3 - 39.7 67.566.3 - 68.6 44.242.9 - 45.4
+ Random Hard SFT 66.865.5 - 68.0 49.047.4 - 50.8 70.367.8 - 72.7 38.536.7 - 40.2 67.466.3 - 68.6 44.042.9 - 45.3
+ Knowledge Hard SFT 67.265.8 - 68.5 48.847.0 - 50.4 69.667.0 - 72.3 38.436.8 - 40.2 67.666.4 - 68.8 43.942.7 - 45.0
MedReason-8B 61.259.9 - 62.4 44.743.0 - 46.3 61.158.4 - 64.0 32.731.0 - 34.4 61.260.0 - 62.3 39.137.9 - 40.2
HuatuoGPT-o1-8B (SFT) 62.761.3 - 64.0 46.945.2 - 48.5 63.060.3 - 65.7 33.331.5 - 34.9 62.761.6 - 63.9 40.539.3 - 41.8
HuatuoGPT-o1-8B (RL) 63.261.9 - 64.6 46.744.9 - 48.4 69.666.9 - 72.2 34.332.6 - 36.0 64.563.3 - 65.6 40.839.6 - 42.0
BioMed-R1-8B (SFT) 67.666.2 - 68.8 49.247.5 - 50.9 70.868.3 - 73.1 40.038.2 - 41.6 68.267.0 - 69.3 44.943.7 - 46.1
BioMed-R1-8B (RL) 70.068.7 - 71.2 53.351.6 - 54.9 72.069.5 - 74.5 39.337.4 - 41.0 70.469.2 - 71.5 46.745.5 - 47.9

Table S7: In-distribution (ID) and out-of-distribution (OOD) performance across understanding,
reasoning, and overall metrics. Accuracy is shown with 95% confidence intervals as subscripts using
smaller font.
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Knowledge Accuracy
Model Normal Adv1 (∆) Adv2 (∆) Adv3 (∆)

Llama-3.1-8B-Instruct 48.4 25.1 (-48.3%) 43.7 (-9.8%) 34.6 (-28.5%)
MedReason-8B 54.9 20.5 (-62.6%) 36.4 (-33.7%) 27.3 (-50.2%)
Llama-m1-8B-23k 60.5 45.0 (-25.7%) 52.5 (-13.2%) 52.3 (-13.5%)
HuatuoGPT-o1-8B (SFT) 56.6 23.2 (-59.0%) 46.9 (-17.1%) 42.2 (-25.6%)
HuatuoGPT-o1-8B (RL) 56.9 43.3 (-24.0%) 56.3 (-1.0%) 50.6 (-11.1%)
BioMed-R1-8B (SFT) 60.5 41.3 (-31.8%) 50.4 (-16.8%) 49.9 (-17.6%)
BioMed-R1-8B (RL) 63.6 48.4 (-23.9%) 54.5 (-14.3%) 53.6 (-15.7%)

Reasoning Accuracy
Model Normal Adv1 (∆) Adv2 (∆) Adv3 (∆)

Llama-3.1-8B-Instruct 36.0 11.0 (-69.3%) 23.4 (-35.0%) 21.7 (-39.7%)
MedReason-8B 41.2 10.9 (-73.5%) 21.3 (-48.3%) 18.1 (-56.0%)
Llama-m1-8B-23k 47.1 28.2 (-40.3%) 37.3 (-20.9%) 42.0 (-10.9%)
HuatuoGPT-o1-8B (SFT) 42.1 11.1 (-73.7%) 29.2 (-30.8%) 27.6 (-34.5%)
HuatuoGPT-o1-8B 44.8 27.6 (-38.4%) 40.8 (-8.9%) 37.5 (-16.4%)
BioMed-R1-8B (SFT) 49.1 19.5 (-60.4%) 33.6 (-31.7%) 37.1 (-24.5%)
BioMed-R1-8B (RL) 49.0 31.9 (-34.9%) 37.6 (-23.3%) 41.4 (-15.5%)

Overall Accuracy
Model Normal Adv1 (∆) Adv2 (∆) Adv3 (∆)

Llama-3.1-8B-Instruct 44.4 20.5 (-53.9%) 37.0 (-16.5%) 30.4 (-31.5%)
MedReason-8B 50.4 17.4 (-65.5%) 31.4 (-37.6%) 24.3 (-51.8%)
Llama-m1-8B-23k 56.1 39.4 (-29.7%) 47.5 (-15.3%) 48.9 (-12.8%)
HuatuoGPT-o1-8B (SFT) 51.9 19.2 (-62.9%) 41.1 (-20.8%) 37.4 (-27.9%)
HuatuoGPT-o1-8B (RL) 52.9 38.1 (-28.0%) 51.3 (-3.2%) 46.3 (-12.6%)
BioMed-R1-8B (SFT) 56.8 34.1 (-39.9%) 44.9 (-21.0%) 45.7 (-19.6%)
BioMed-R1-8B (RL) 58.8 43.0 (-26.9%) 48.9 (-16.8%) 49.6 (-15.7%)

Table S8: Model performance under normal and adversarial settings using different prefilling-based
adversarial prompts. Adv1: "I think the answer is {wrong answer}, but I am not sure. Let me think
again." Adv2: "My initial hypothesis is {wrong answer}, but I may be wrong. Let me verify my
reasoning." Adv3: "Perhaps {wrong answer} is correct, but I should examine this more carefully
before deciding." The table shows varying degrees of performance degradation across adversarial
prompts, with Adv1 leading to the most significant drop in accuracy.
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Knowledge Accuracy
Model Normal Adv1 (∆) Adv2 (∆) Adv3 (∆)

Llama-3.1-8B-Instruct 48.4 39.1 (-19.3%) 49.9 (+3.0%) 47.5 (-2.0%)
Llama w/ MedReason SFT 54.9 32.4 (-40.9%) 41.0 (-25.2%) 37.9 (-30.9%)
Llama w/ m23k SFT 60.5 42.4 (-29.9%) 52.3 (-13.5%) 51.9 (-14.2%)
Llama w/ medical o1 SFT 56.6 32.8 (-42.1%) 46.1 (-18.5%) 43.7 (-22.8%)
HuatuoGPT-o1-8B 56.9 46.6 (-18.2%) 55.2 (-2.9%) 52.2 (-8.3%)
BioMed-R1-8B (SFT) 60.5 33.7 (-44.4%) 50.1 (-17.3%) 46.4 (-23.3%)
BioMed-R1-8B (RL) 63.6 48.6 (-23.5%) 55.0 (-13.5%) 55.6 (-12.5%)

Reasoning Accuracy
Model Normal Adv1 (∆) Adv2 (∆) Adv3 (∆)

Llama-3.1-8B-Instruct 36.0 19.7 (-45.2%) 30.0 (-16.6%) 31.6 (-12.3%)
Llama w/ MedReason SFT 41.2 19.4 (-52.9%) 27.6 (-32.9%) 27.0 (-34.3%)
Llama w/ m23k SFT 47.1 26.5 (-43.8%) 38.5 (-18.4%) 41.2 (-12.7%)
Llama w/ medical o1 SFT 42.1 15.8 (-62.5%) 29.2 (-30.6%) 29.1 (-30.9%)
HuatuoGPT-o1-8B 44.8 29.5 (-34.2%) 39.9 (-11.1%) 39.2 (-12.6%)
BioMed-R1-8B (SFT) 49.1 13.4 (-72.7%) 34.1 (-30.6%) 35.7 (-27.4%)
BioMed-R1-8B (RL) 49.0 33.3 (-32.1%) 41.1 (-16.2%) 42.7 (-12.9%)

Overall Accuracy
Model Normal Adv1 (∆) Adv2 (∆) Adv3 (∆)

Llama-3.1-8B-Instruct 44.4 32.7 (-26.2%) 43.4 (-2.2%) 42.2 (-4.8%)
Llama w/ MedReason SFT 50.4 28.2 (-44.1%) 36.6 (-27.3%) 34.3 (-31.9%)
Llama w/ m23k SFT 56.1 37.2 (-33.7%) 47.7 (-14.9%) 48.4 (-13.8%)
Llama w/ medical o1 SFT 51.9 27.2 (-47.6%) 40.6 (-21.7%) 38.9 (-25.0%)
HuatuoGPT-o1-8B 52.9 41.0 (-22.6%) 50.2 (-5.2%) 47.9 (-9.5%)
BioMed-R1-8B (SFT) 56.8 27.0 (-52.4%) 44.8 (-21.1%) 42.9 (-24.5%)
BioMed-R1-8B (RL) 58.8 43.6 (-25.8%) 50.4 (-14.2%) 51.4 (-12.6%)

Table S9: Model performance under normal and adversarial settings, where adversarial prompts are
passed as user inputs to simulate incorrect reasoning. Adv1: "I think the answer is {wrong answer},
but I am not sure. Let me think again." Adv2: "My initial hypothesis is {wrong answer}, but I may
be wrong. Let me verify my reasoning." Adv3: "Perhaps {wrong answer} is correct, but I should
examine this more carefully before deciding." The table illustrates varying levels of performance
degradation, with Adv1 causing the most substantial drop in accuracy.
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