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Abstract

Large language models (LLMs) have shown
remarkable progress in reasoning across mul-
tiple domains. However, it remains unclear
whether their abilities reflect genuine reasoning
or sophisticated pattern matching, a distinction
critical in medical decision-making, where re-
liable multi-step problem-solving is required.
Accordingly, we conduct one of the largest eval-
uations to date, assessing 77 LLMs with diverse
fine-tuning approaches, ranging from 1 billion
parameters to frontier models. Guided by med-
ical problem-solving theory, we select three
medical question answering (QA) benchmarks
targeting key reasoning skills: reasoning pro-
cesses, susceptibility to cognitive biases, and
metacognitive abilities. Additionally, we man-
ually annotate a subset of questions to assess
the abduction, deduction, and induction capa-
bilities of LLMs, offering detailed insight into
the reasoning mechanisms followed by physi-
cians, an aspect that has received relatively lim-
ited attention in this domain. Most models,
particularly smaller ones, struggle even with
specialized fine-tuning or advanced prompting.
Larger models perform better but still show
clear limitations in complex medical reason-
ing. Our findings highlight the need to im-
prove specific reasoning strategies to better re-
flect medical decision-making. The datasets
and code used in this study are publicly avail-
able at: https://github.com/expertailab/
Can-LLMs-Reason-Like-Doctors.

1 Introduction

The advancement of LLMs has revealed remark-
able capabilities, substantially enhancing natural
language processing and understanding beyond pre-
vious expectations (Zhao et al., 2023). Notably,
their emergent multi-step reasoning ability (Wei
et al., 2022a) has been enabled by chain-of-thought
prompting (Wei et al., 2022b) and further enhanced
by dedicated reasoning models (Xu et al., 2025).

Clinical case:

Cz—year»old man presents to the emergency department
with difficulty breathing. He has experienced similar symptoms
before. Today, he was hit in the face with a football, followed
by significant swelling of his lips and tongue. The patient
speaks with a muffled voice. His temperature is 98.1°F
(36.7°C), blood pressure is 120/83 mmHg, pulse is 80/min,
respirations are 16/min, and oxygen saturation is 98% on
room air. Physical exam reveals swollen lips and a protruding,
enlarged tongue. His breath sounds are clear. He demonstrates
no rash and his abdomen is soft and nontender. Which of the
following is the most effective therapy for this patient?

Options:

« Dexamethasone e Diphenhydramine e Epinephrine
« Fresh frozen plasma e Tranexamic acid

HD
Physician rationale / LLM generation \—_

Recurrent lip and tongue The patient's
swelling with minor symptoms, including
trauma suggests difficulty breathing,
hereditary angioedema swollen lips and tongue,
due to Cl-esterase and a muffled voice, are
inhibitor deficiency indicative of
angioedema

Epinephrine is a
sympathomimetic drug
that can rapidly reduce
the swelling associated

with angioedema

Fresh frozen plasma or
targeted C1-inhibitor-
based therapies are the
most effective acute
treatments

Fresh frozen plasma
may be used in certain
angioedema cases,
especially hereditary
angioedema, to replace
deficient or
dysfunctional C1
esterase inhibitor, but it
is not first-line
emergency treatment

S %

Figure 1: Reasoning comparison between a physician
and 11ama-3.3-7@b-instruct on a MedBullets clini-
cal case (Chen et al., 2025a). This example highlights
that current LLMs may be unreliable when solving com-
plex problems that involve multi-step reasoning pro-
cesses, such as abduction and deduction .

Epinephrine is the
treatment of choice for
anaphylaxis which
presents with urticaria,
upper airway swelling,
hypotension,
nausea/vomiting, and
wheezing. It is often
given in angioedema but
has limited efficacy when
compared to fresh frozen
plasma

These breakthroughs have led to remarkable per-
formance across diverse tasks and benchmarks,
with some researchers suggesting that LL.Ms ap-
proach human-level performance and may even
show early signs of artificial general intelligence

2432

Findings of the Association for Computational Linguistics: EACL 2026, pages 2432-2452
March 24-29, 2026 ©2026 Association for Computational Linguistics


mailto:email@domain
mailto:email@domain
mailto:email@domain
https://github.com/expertailab/Can-LLMs-Reason-Like-Doctors
https://github.com/expertailab/Can-LLMs-Reason-Like-Doctors

(Bubeck et al., 2023). The reasoning abilities of
LLMs span across domains, including medicine,
where the application of LLMs has demonstrated
promising outcomes (Yuan et al., 2023; Eriksen
et al., 2023; McDuff et al., 2023; Kanjee et al.,
2023) and improved explainability (Savage et al.,
2023) in tasks involving complex medical diag-
nosis. Recent research has released open-source
models, including medical-specific (Zhou et al.,
2023) and reasoning-focused (Li et al., 2025b), as
well as quantized or distilled smaller models that
rival the performance of their larger counterparts
(Srivastava et al., 2025).

Nevertheless, the impressive performance of
these models has been questioned in several re-
cent studies (Reese et al., 2023; Mehandru et al.,
2024; Hager et al., 2024; Chen et al., 2024a; Ranji,
2024; Li et al., 2024; Liu et al., 2024; Qiu et al.,
2025; Tang et al., 2025; Yan et al., 2025a), raising
concerns that LLMs may act primarily as advanced
information retrievers rather than systems capable
of genuine medical reasoning (Kim et al., 2025;
Yan et al., 2025b). Initial optimism tied reasoning
skills to model scale (Singhal et al., 2022), but re-
cent studies reveal that even advanced models like
ChatGPT-o01 rely on pattern-matching and intuitive
responses, limiting their effectiveness in nuanced
medical reasoning (Soffer et al., 2024; Kim et al.,
2025). This suggests that LLMs may continue to
struggle with cases requiring complex multi-step
reasoning, as illustrated in Figure 1, thereby moti-
vating the following research questions:

* RQ1: How do open-source LLMs of varying
sizes and tuning perform on complex medical
reasoning, and how are results affected by
different prompting strategies?

* RQ2: How does the performance of small to
medium-sized open-source LLMs compare to
frontier models in complex medical reason-
ing?

* RQ3: What types of reasoning do physicians
apply in medical decision-making, and how
accurately can LLMs replicate or support each
reasoning type?

To address these questions, we adopted a theoret-
ical framework based in medical problem-solving
literature. We benchmarked 77 open-source and
frontier LLMs on complex medical tasks that re-
quire advanced knowledge and reasoning, robust-
ness against cognitive biases, and metacognitive

skills, making this one of the largest evaluations
of its kind to date. We further analyze specific rea-
soning types applied by physicians, as described
in the literature, by evaluating LLMs’ abduction,
deduction, and induction competences. To this
end, we manually annotate a subset of the data,
enabling the first fine-grained assessment of such
reasoning within this domain. Our results show that
many open-source models fail to surpass a random
baseline, and even frontier models face significant
limitations. This detailed analysis highlights the
specific limitations of LLMs and indicates the need
to enhance task-specific reasoning to more accu-
rately reflect human medical decision-making.

2 Related Work

Recent studies have systematically evaluated the
reasoning capabilities of LLMs in medical con-
texts. MedAgentsBench, building on prior datasets,
introduced a challenging subset designed to test
advanced medical knowledge and multi-step rea-
soning (Tang et al., 2025). While datasets such
as JAMA and Medbullets QA reveal shortcomings
in LLMs’ ability to generate explainable medical
answers (Chen et al., 2025b), MedR-Bench shows
that these models frequently omit critical reason-
ing steps in complex tasks like treatment planning
(Qiu et al., 2025). GPBench evaluations further
highlight persistent deficiencies in areas such as
medication use and complication recognition, indi-
cating that LLMs are not yet safe for unsupervised
deployment in general practice (Li et al., 2025a).
Moreover, LLMs demonstrate critical limitations
in real-world clinical scenarios, including misdiag-
nosis, guideline violations, poor integration (Hager
et al., 2024), sensitivity to subtle diagnostic cues
(Yan et al., 2025a), and insufficient numerical rea-
soning (Malghan, 2025), undermining their reliabil-
ity in practice. Researchers are exploring iterative
refinement, agent-based methods (Tang et al., 2025;
Kim et al., 2024a; Chen et al., 2024c; Wang et al.,
2024a), hybrid symbolic-argumentation systems
(Hong et al., 2024), and multi-agent collaboration
to reduce diagnostic errors across specialties (Es-
teitieh et al., 2025). Recent studies have explored
the cognitive processes involved in medical rea-
soning. MetaMedQA incorporates metacognitive
tasks and reveals that models often overconfidently
answer questions despite lacking sufficient knowl-
edge (Griot et al., 2025). The Med-ARC bench-
mark shows that models struggle with cognitive
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Benchmark

| Size | Avg Lens | Options

Description

MedAgentsBench (Tang et al., 2025) | 862 120 3-10 Collection of hard subsets from multiple datasets requiring deep clinical reasoning
MedBullets (Chen et al., 2025a) 89 210 5 USMLE Step 2&3 questions from an online platform requiring clinical reasoning
MedExQA (Kim et al., 2024b) 100 20 4 Covers questions from five underrep d medical specialties

MedMCQA (Pal et al., 2022) 100 17 4 Questions from real-world entrance exams AIIMS & NEET PG

MedQA (Jin et al., 2021) 100 186 4 Medical board exam questions requiring clinical reasoning and decision-making
MedXpert-R (Zuo et al., 2025) 100 270 10 Advanced medical questions designed to assess expert-level reasoning capabilities
MedXpert-U (Zuo et al., 2025) 100 199 10 Advanced medical questions designed to assess expert-level knowledge

MMLU (Hendrycks et al., 2020) 73 51 4 Bi dical section of a dataset sp ing multiple academic domains
MMLU-Pro (Wang et al., 2024b) 100 46 10 Extends MMLU with harder reasoning-based questions and expands choices from 4 to 10
PubMedQA (Jin et al., 2019) 100 326 3 Biomedical research questions from PubMed abstracts with yes/no/maybe answers
MedARC-QA (Kim et al., 2025) ‘ 100 ‘ 195 ‘ 5-7 ‘ Manually curated and designed to exploit memorization (Einstellung effect)
MetaMedQA ! (Griot et al., 2025) ‘ 100 ‘ 186 ‘ 6 ‘ Extends MedQA to assess metacognitive capabilities (self-evaluation and knowledge gap recognition)

! MetaMedQA was downsampled to align with the MedQA subset used in MedAgentsBench.

Table 1: Overview of clinical question-answering benchmarks.

biases like the Einstellung effect (Binz and Schulz,
2021), underperforming compared to physicians
and frequently hallucinating or displaying overcon-
fidence (Kim et al., 2025).

While existing studies provide insights into
LLMs in medical reasoning, a comprehensive eval-
uation across models of varying scales and fine-
tuning strategies is still lacking. In addition, LLM
competency in specific medical reasoning strate-
gies used by physicians, as documented in the liter-
ature, remains underexplored.

3 Methodology

This study aims to evaluate the capabilities of
LLMs in complex medical reasoning and to explore
their potential limitations by adopting a structured
framework based on the medical problem-solving
literature. We selected challenging medical bench-
marks specifically designed to evaluate three core
aspects of reasoning: reasoning processes, suscep-
tibility to cognitive biases, and metacognitive ca-
pabilities (Ledley and Lusted, 1959; Fieschi and
Gouvernet, 1999; Corrao and Argano, 2022). To en-
able a fine-grained analysis of reasoning processes,
we further constructed a manually annotated subset
that captures the reasoning types physicians apply
in medical problem-solving: abduction, deduction,
and induction (Pietarinen and Stanley, 2025). De-
tailed information on the selected data and annota-
tion process is provided in Section 4.1.

4 Experimental Setup

4.1 Data

To assess LLMs in complex medical reasoning, ex-
isting QA benchmarks were used, and a manually
annotated subset was created to categorize ques-
tions according to the type of reasoning required:

Benchmarks. The QA benchmarks selected test
three essential components of medical problem-
solving: advanced knowledge and reasoning, sus-
ceptibility to cognitive biases, and metacognitive
skills. The specifics of the different benchmarks
are shown in Table 1.

MedAgentsBench (Tang et al., 2025) is a com-
prehensive benchmark that aggregates challenging
subsets from eight widely used datasets, target-
ing advanced knowledge and multi-step reason-
ing. The MedBullets (Chen et al., 2025a) and Pub-
MedQA (Jin et al., 2019) subsets come with expert-
provided rationals to support the evaluation of com-
plex problem-solving. The benchmark was con-
structed using difficulty-based filtering, selecting
questions that fewer than 50% of systems answered
correctly (see Table 1 for subset details), and a
thorough contamination analysis was conducted to
ensure data integrity. MedARC-QA (Kim et al.,
2025), manually curated by the authors, assesses
clinical reasoning through scenarios designed to
expose the Einstellung effect (Luchins, 1942), high-
lighting LL.Ms’ bias toward rigid pattern matching
over flexible reasoning. To prevent memorization,
it incorporates adversarial answer choices and em-
phasizes long-tail reasoning. MetaMedQA (Griot
et al., 2025) extends the MedQA dataset (Jin et al.,
2021) to evaluate LLLMs’ metacognitive abilities,
specifically their capacity for self-evaluation and
recognition of knowledge gaps. It introduces mal-
formed questions lacking critical information, fic-
tional questions to assess uncertainty detection, and
modified items with options such as "none of the
above" and "I don’t know or cannot answer". To
further increase difficulty, our evaluation is lim-
ited to the hardest subset of MedQA, shared with
MedAgentsBench.

To mitigate the known bias toward lettered op-
tions in multiple-choice QA (Zheng et al., 2023),
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Dataset Abduction-Deduction Abduction Deduction Induction
MedBullets 27 7 13 0
PubMedQA 0 0 0 50
MedQA 3 4 2 0
MedXpertQA-R 18 9 5 0
MedXpertQA-U 0 2 0 0
MMLU-PRO 2 1 0 0
MMLU 0 2 5 0
Total 50 25 25 50

Table 2: Number of annotated samples per reasoning category across datasets.

we removed option labels in data samples and
prompted models to generate full answer texts
across all benchmarks. Additionally, we used the
MELD (Memorization Affects Levenshtein Detec-
tor) framework (Nori et al., 2023), following prior
work (Tang et al., 2025), to estimate potential data
contamination between the evaluation sets and the
models used (see Appendix B).

Fine-grained dataset. Guided by the literature
on medical problem-solving, we created a manually
annotated subset of the three selected benchmarks
to enable a novel, fine-grained analysis of abduc-
tive, deductive, and inductive reasoning. For the
annotation, we selected tasks that existing litera-
ture associates with each reasoning type: i) abduc-
tion for hypothesis generation, ii) deduction for
exploring the implications of hypotheses, and iii)
induction for identifying patterns in observations
and measurements to infer generalized rules (Sook-
nanan and Seemungal, 2019). We attempted to val-
idate the identified reasoning processes using the
portion of the data that includes physicians’ manual
explanations. Manual inspection of samples and
their rationales identified questions that involve im-
plicit abductive reasoning followed by deduction,
which we annotated as abduction-deduction to cap-
ture the complete reasoning chain required. Table
2 reports the annotation statistics for the resulting
dataset, with a full description of the procedure
provided in Appendix A.

4.2 Models

The experimental design aims to evaluate and com-
pare a diverse set of open-source and frontier mod-
els of varying sizes and tuning strategies, result-
ing in a collection of 77 models. The primary ob-
jective is to assess the impact of model size, rea-
soning ability, and domain-specific fine-tuning on
performance in complex medical reasoning tasks.
The study includes multiple LLM families ranging

from 1 to 72 billion parameters, as well as selected
Mixture of Experts (MoE) architectures (Cai et al.,
2024) and frontier models. For consistency, dif-
ferent sizes of the same model version were tested
when available.

General-purpose models include widely used
instruction-tuned models such as Llama 3 (Dubey
et al., 2024), Gemma 3 (Kamath et al., 2025),
Phi 4 (Abdin et al.,, 2024), OLMo 2 (OLMo
et al., 2024), as well as the non-reasoning vari-
ants of Qwen 3 (Yang et al., 2025) and DeepCog-
ito V1 Preview (DeepCogito Research, 2025).
Reasoning models consist of distilled DeepSeek
R1 models (DeepSeek-Al et al., 2025), MiMo
(Xia et al., 2025), and reasoning-enhanced ver-
sions of Phi 4 (Abdin et al., 2025), Qwen 3, and
DeepCogito. Domain-specific models are fine-
tuned on specialized datasets and include Aloe
Beta (Garcia-Gasulla et al., 2025), Meditron (Chen
et al., 2023), and MedGemma (Google DeepMind,
2025). Reasoning and domain-specific models
are designed for long-chain-of-thought reasoning
on domain-specific tasks, exemplified by Huatuo
(Chen et al., 2024b). Frontier models include
GPT-40 (Hurst et al., 2024), OpenAl 03 (OpenAl,
2025), DeepSeek-V3 (DeepSeek-Al et al., 2024),
DeepSeek-R1 (DeepSeek-Al et al., 2025), Claude
Sonnet 4 and Llama 4 Maverick.

To assess benchmark complexity, we imple-
mented a random baseline for comparison, which,
to our knowledge, has not been explored previ-
ously. This baseline was generated using Python’s
built-in random choice function. For details on
computational resources and software settings, see
Appendix C.

4.3 Prompting strategies

To evaluate the impact of model prompting, we
utilized diverse strategies from prior literature on
problem-solving and clinical reasoning, including
zero-shot, few-shot, and agent-based prompting.
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Zero-shot prompting encompassed several
strategies: a direct-answer baseline; domain-
agnostic Chain-of-Thought (CoT) prompting (Wei
et al., 2022b); Intuitive Reasoning (IR), a clini-
cal reasoning approach (Savage et al., 2023); and
Analogical Prompting (AP), a cognitive-inspired
method where the model generates relevant exam-
ples from parametric memory (Yasunaga et al.,
2023). Few-shot prompting (FS) leveraged
three question—answer—explanation triplets from
the CasiMedicos dataset (Goenaga et al., 2023),
which provides medical exam questions with cor-
rect answers and detailed rationales. Agent-based
prompting utilized a Multi-Persona (MP) reason-
ing framework, in which specialized agents em-
bodying distinct medical roles collaboratively ana-
lyze each question through structured dialogue to
reach a consensus answer (Wang et al., 2023).

A detailed presentation of the prompts used in
our experimentation is provided in Appendix D.

5 Results

5.1 Influence of model size, tuning, and
prompting strategies (RQ1)

Table 3 indicates that achieving better performance
necessitates the incorporation of explicit reasoning
mechanisms or domain-specific fine-tuning. Over-
all, the highest performance is achieved by models
that integrate both reasoning capabilities and medi-
cal domain-specific fine-tuning. Model size plays
a critical role, particularly when combined with
these enhancements. Notably, all top performers
have around 70 billion parameters, highlighting the
importance of both scale and targeted training.

As shown in Table 4, while it is challenging to
isolate the effect of a single prompt across different
strategies, the models seem to derive some, though
limited, benefit from this approach. To better un-
derstand the results, we generated a plot shown in
Figure 2. This box and whiskers plot displays the
aggregated accuracy values for each model-prompt
pair across all benchmarks. It is evident that mod-
els with shorter boxes and whiskers, such as OLMo
and MiMo, generally perform worse, as reflected
in their lower median accuracy and limited vari-
ability across runs. Looking at Table 4, these mod-
els particularly underperform on the MedARC-QA
benchmark, which is specifically designed to de-
tect the Einstellung effect. This suggests that, even
when prompted, they tend to converge on frequent
but incorrect answers, failing to explore alternative

reasoning paths. In contrast, models with larger
boxes and whiskers, such as Huatuo, tend to show
higher median accuracy along with greater vari-
ability. This pattern indicates a stronger ability to
explore a wider range of responses, occasionally
achieving significantly better outcomes. While this
increased variability implies less consistent perfor-
mance, it also reflects a higher potential for correct
reasoning beyond common but misleading patterns.

Overall, the low performance across all bench-
marks, with only occasional results slightly above
a simple random baseline, highlights the chal-
lenges these models face in reasoning processes
(MedAgentsBench), robustness to cognitive bi-
ases (MedARC-QA), and metacognitive capabili-
ties (MetaMedQA).

5.2 Comparison with frontier models (RQ2)

Comparing the best open-source medium-sized
models with frontier models in Table 5 reveals a
familiar pattern. General-purpose frontier mod-
els perform similarly to medium-sized reasoning
models, while frontier models fine-tuned for rea-
soning achieve higher performance, with OpenAl’s
03 leading. These results suggest that model size
contributes to performance, but substantial gains
require reasoning-focused fine-tuning. Neverthe-
less, even the top models in this benchmark have
difficulty surpassing 50% accuracy, with notably
poor performance on PubMedQA, where 03 also
falls behind the baseline.

5.3 Fine-grained reasoning analysis (RQ3)

To further investigate the generally low model
performances, we provide a fine-grained evalu-
ation of reasoning capabilities, reporting results
on the dataset annotated for the specific reason-
ing types used in medical problem-solving (Ap-
pendix A). The results (Figure 3) show that model
size alone does not ensure success: larger models
like DeepSeek V3 and GPT-40 can underperform,
sometimes failing to exceed the random baseline.
Smaller models fine-tuned for reasoning (Phi-4
Reasoning) or the medical domain (MedGemma)
show improved performance, with models com-
bining both (Huatuo) achieving the greatest gains.
Frontier reasoning-focused models (DeepSeek R1,
Gemini 2.5 Pro, and OpenAl 03) generally lead,
though only 03 surpasses 50% accuracy across
three tasks. All models struggle with induction,
highlighting the need for targeted fine-tuning. Rep-
resentative failures are detailed in Appendix E.
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MedAgentsBench

Family Model MedARC-QA  MetaMedQA
MedBullets MedExQA MedMCQA MedQA MedXpert-R  MedXpert-U MMLU MMLU-Pro  PubMedQA

random random-baseline 17.2 243 29.7 23.0 11.0 9.7 292 11.7 30.0 23.0 18.7
Llama-3.2-1B-Instruct 9.0 12.0 15.3 16.0 6.3 8.7 16.9 6.7 233 73 14.3
Llama Llama-3.2-3B-Instruct 20.6 11.0 21.7 23.0 11.7 43 18.3 11.0 22.7 29.7 14.7
1-8B-Instruct 17.2 16.7 23.0 17.7 11.7 53 18.7 17.3 17.3 27.3 11.0
3.3-70B-Instruct 13.5 9.3 16.0 16.3 11.0 12.7 18.7 220 14.0 41.7 11.0
gemma-3-1b-it 13.9 19.3 25.7 273 5yl 73 28.3 10.7 20.3 26.0 2513
Gemma gemma-3-4b-it 287 16.7 227 26.7 8.7 113 14.6 16.7 19.0 19.0 18.0
gemma-3-12b-it 7.9 12.7 26.3 233 6.0 9.0 20.5 26.0 20.0 36.7 18.0
gemma-3-27b-it 9.4 13.7 25.7 19.0 8.0 7.7 20.5 29.0 133 24.0 16.3
Phi-4-mini-instruct 11.6 12.3 22.0 153 9.3 8.7 17.4 14.0 233 34.7 11.7
Phi phi-4 13.9 7.0 20.7 153 8.0 11.0 22.8 30.3 21.3 18.3 12.3
Phi-3.5-MoE-instruct 8.6 9.3 19.3 19.3 7.0 8.0 12.3 237 13.7 18.7 14.3
OLMo-2-0425-1B-Instruct 21.3 19.3 21.7 31.3 13.0 11.0 28.3 9.0 223 7.7 220
OLMo-2-1124-7B-Instruct 13.9 14.7 18.7 24.0 6.7 4.7 21.5 15.0 16.3 16.0 15.7
OLMo OLMo-2-1124-13B-Instruct 11.6 12.7 17.0 18.3 7.0 4.7 17.4 15.3 12.0 233 14.7
OLMo-2-0325-32B-Instruct 10.5 13.3 20.0 19.7 6.7 4.7 9.1 23.0 30.3 15.3 12.0
Qwen3-0.6B 16.5 13 53 13.3 6.3 9.3 6.8 57 20.3 233 9.0
Qwen3-1.7B 16.5 17.3 18.3 153 8.3 13.0 22.4 15.0 24.3 19.7 7.3
Qwen3-4B 10.1 10.3 17.3 14.3 4.0 12.0 16.9 19.0 18.7 30.0 10.3
Qwen Qwen3-8B 18.0 15.7 19.7 18.0 9.0 12.7 13.2 23.7 23.7 36.3 13.7
non-reasoning Qwen3-14B 17.2 11.0 233 18.0 8.3 9.0 12.3 22.7 16.7 49.0 13.3
Qwen3-32B 11.2 12.7 24.3 21.0 11.0 12.7 20.1 21.7 19.0 2.7 12.0
Qwen3-30B-A3B 17.2 14.0 21.3 26.3 8.0 8.7 20.5 27.0 11.0 44.0 11.7
cogito-v1-preview-llama-3B 17.2 123 20.0 18.3 13.0 9.7 28.8 22.3 18.0 243 143
cogito-v1-preview-llama-8B 13.5 16.7 26.3 16.0 9.7 7.0 23.7 22.3 15.0 20.3 14.3
DeepCogito cogito-v1-preview-qwen-14B 15.0 16.0 26.3 18.0 9.7 7.7 224 28.3 16.7 33.7 12.3
non-reasoning cogito-v1-preview-qwen-32B 9.7 16.7 23.7 14.7 7.0 6.3 29.2 35.7 16.0 26.7 12.0
cogito-v1-preview-llama-70B 15.4 16.3 21.0 213 11.0 9.0 35.6 34.0 12.7 33.0 18.0
DeepSeek-R1-Di: Qwen-1.5B 14.6 12.0 12.7 23.0 6.7 6.3 19.2 6.3 19.0 26.3 12.7
DeepSeek-R1-Distill-Qwen-7B 16.5 12.7 20.7 16.0 9.0 53 23.7 8.7 22.0 16.3 11.3
DeepSeek-R1-Distill-Llama-8B 15.0 17.7 23.7 183 10.0 6.7 21.0 13.7 25.7 223 14.0
e DeepSeek-R1 -0528-Qwen3-8B 19.1 17.0 19.7 223 73 6.7 25.1 23.7 14.7 24.0 18.0
DeepSeek-R1-Distill-Qwen-14B 20.6 12.7 24.7 22.0 8.0 9.7 21.5 29.0 16.3 29.7 18.0
DeepSeek-R1-] -Qwen-32B 154 12.7 203 25.0 13.0 8.7 24.7 30.7 13.3 31.0 223
DeepSeek-R1-Distill-Llama-70B 24.0 13.7 24.7 B8] 14.7 12.7 28.8 26.3 13.7 36.0 19.0
MiMo-7B-Base 9.4 9.3 8.3 11.0 6.0 2.3 5.0 8.3 21.7 24.0 8.7
MiMo MiM0-7B»RL-Zem 8.6 6.3 8.0 14.0 4.7 5.0 9.1 15.3 19.0 10.7 6.3
MiMo-7B-SFT 13.1 12.3 233 18.0 4.3 33 16.4 12.0 16.7 17.0 10.7
MiMo-7B-RL 6.4 8.0 17.0 11.7 4.0 2.3 10.5 10.3 8.3 12.3 6.3
Phi-4-mini-reasoning 5.6 7.0 713 5.7 3.0 23 13.2 12.7 3.7 12.0 33
Phi Phi-4-reasoning 28.8 12.3 233 333 12.0 14.0 31.1 31.7 26.0 36.7 26.3
Phi-4-reasoning-plus 225 13.0 15.0 27.0 8.7 10.7 237 23.7 24.7 28.0 233
Qwen3-0.6B 11.2 8.3 19.0 19.7 5.5 57 12.8 4.0 25.0 22.7 11.0
Qwen3-1.7B 19.5 9.3 25.0 19.0 6.7 8.3 16.4 17.3 19.7 14.7 10.7
Qwen3-4B 12.7 13.0 19.0 21.0 5,30 8.0 22.4 23.0 20.3 243 18.0
Qwen Qwen3-8B 17.2 14.7 20.7 17.3 9.0 9.3 28.8 30.3 15.7 24.0 16.7
reasoning Qwen3-14B 20.6 14.0 223 293 11.7 6.7 26.0 313 13.0 35.7 18.7
Qwen3-32B 232 12.7 243 30.3 19.0 9.3 26.0 31.3 18.0 45.0 25.0
Qwen3-30B-A3B 20.2 127 21.7 27.0 9.7 83 21.0 30.3 17.3 31.0 20.0
cogito-v1-preview-llama-3B 112 7 19.0 15.0 5.0 4.7 23.3 16.7 19.0 13.7 9.0
cogito-v1-preview-llama-8B 13.9 14.3 23.0 17.3 53 7.7 219 26.3 16.3 20.3 15.7
DeepCogito cogito-v1-preview-qwen-14B 15.7 13.7 22.0 23.0 8.0 77 31.1 343 20.0 27.3 13.0
reasoning cogito-v1-preview-qwen-32B 18.0 12.3 25.0 27.7 133 8.0 329 317 17.0 28.7 23.7
cogito-v1-preview-llama-70B 21.3 14.0 23.0 323 11.0 10.0 384 34.7 16.0 24.0 24.0
Qwen2.5-Aloe-Beta-7B 14.6 19.7 273 18.0 8.7 6.0 19.2 17.0 21.7 30.7 14.0
Aloe Llama3.1-Aloe-Beta-8B 15.7 15.0 2515 18.7 7.1 6.3 16.0 21.3 16.3 213 17.3
Llama3.1-Aloe-Beta-70B 19.5 12.0 233 16.7 10.7 17.7 12.3 23.0 14.3 343 12.3
Qwen2.5-Aloe-Beta-72B 12.4 20.3 26.3 16.3 83 11.0 25.6 29.3 14.0 55.7 133
Meditron3-Gemma2-2B 16.9 117223 18.0 16.7 8.3 11.0 16.9 12.3 25.0 13.3 10.7
Meditron3-Qwen2.5-7B 20.6 21.0 26.0 15.3 10.3 8.7 21.5 14.0 19.0 38.7 14.0
Meditron3-8B 12.0 15.0 19.0 18.0 9.0 7.7 17.4 18.0 18.3 31.0 13.7
Meditron Meditron3-Gemma2-9B 12.7 10.3 16.3 14.3 5.7 10.3 14.6 14.0 20.3 24.0 13.3
Meditron3-Qwen2.5-14B 13.1 14.3 25.0 17.3 10.0 8.3 18.7 22.7 15.3 29.0 10.0
Meditron3-Phi4-14B 14.2 11.7 20.0 22.0 7.0 9.3 19.2 28.7 22.0 28.0 17.3
Meditron3-70B 13.9 12.3 25.0 21.7 103 8.7 19.6 24.7 6.3 44.0 13.7
MedGemma medgemma-4b-it ) 15.0 15.3 20.0 19.3 6.7 10.3 21.0 20.3 16.3 353 16.3
d 27b-text-it 228 15.7 27.0 327 8.0 8.0 224 32.0 18.3 36.0 28.7
HuatuoGPT-01-7B 12.7 12.3 25.7 18.3 4.7 11.3 15.1 26.7 20.3 22.0 18.3
Huatuo HuatuoGPT-01-8B 19.5 10.3 24.0 293 10.7 7.7 21.0 23.3 20.0 15.7 24.7
HuatuoGPT-01-70B 30.3 16.7 33.0 50.7 21.7 17.3 27.9 320 17.3 34.0 383
HuatuoGPT-01-72B 33.0 15.7 36.0 46.0 21.0 13.3 31.1 36.0 17.3 37.0 39.3

Table 3: Performance across benchmarks, showing the accuracy of models compared to a random baseline (values

below and above the baseline). The model categories are general-purpose , reasoning , domain-specific , and

domain-specific reasoning . Results are averaged over three runs with different random seeds to ensure robustness.

6 Discussion

Experimental results indicate that strong perfor-
mance on complex medical reasoning tasks re-
quires more than model scale or advanced prompt-
ing. While larger models generally perform
better, success critically depends on reasoning-
specific fine-tuning (see Section 5.1 and Table 3).
Even frontier models without such adaptation, like
DeepSeek V3 and GPT-40, often fail to exceed ran-

dom baselines, demonstrating that scale alone is
insufficient (see Section 5.2 and Table 5). Similarly,
prompting strategies provide only limited benefit
in encouraging exploration of alternative reasoning
paths. Models exhibiting low variability, including
OLMo and MiMo, frequently converge on com-
mon but incorrect answers, reflecting susceptibility
to cognitive biases. Models exhibiting higher vari-
ability, such as Huatuo, can occasionally achieve
improved outcomes, but their overall performance
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MedAgentsBench

Family Prompt MedARC-QA MetaMedQA
MedBullets MedExQA MedMCQA MedQA MedXpert-R  MedXpert-U MMLU MMLU-Pro PubMedQA
random-baseline 17.2 243 297 230 11.0 9.7 292 11.7 30.0 230 18.7
Base 13.5 93 16.0 16.3 11.0 127 18.7 220 14.0 417 11.0
CoT 16.5 14.7 26.7 277 127 133 237 29.7 15.3 37.0 19.7
Llama.3.3-70B Instruct IR 217 14.0 23 28.0 103 14.0 237 320 15.7 37.0 27
AP 15.0 123 19.7 207 8.7 12,0 183 30.0 137 340 18.0
FS 236 11.0 21.0 220 120 16.0 17.8 28.0 167 427 14.7
MP 187 14.0 213 257 127 117 19.6 307 16.0 39.7 203
Base 94 137 2571 190 80 77 205 290 133 240 163
CoT 124 133 213 243 6.7 63 21.0 34.7 163 277 20.3
S IR 6.7 12.0 20.0 25.3 6.3 6.0 2.4 337 11.3 273 200
8 > AP 11.6 14.0 27 237 71 5.7 19.6 29.0 11.0 28.0 16.0
FS 13.9 117 15.7 310 73 8.7 210 26.3 10.7 267 247
MP 16.1 137 24.0 243 6.7 6.7 233 320 133 293 23
Base 139 70 207 153 80 11.0 28 303 213 183 123
CoT 16.1 13.0 277 23 8.7 8.7 238 283 187 240 207
55 IR 19.1 93 220 177 97 7.0 215 27.7 19.0 163 14.0
AP 13.1 123 223 23 11.7 10.0 242 26.3 16.0 17.0 17.0
FS 16.5 11.0 247 19.3 83 113 19.6 293 17.7 233 18.0
MP 13.5 133 20.0 24.0 9.7 93 25.1 277 16.7 27 210
Base 105 33 20.0 19.7 67 47 9.1 230 303 153 120
CoT 10.5 123 27 183 8.0 43 128 250 307 153 13.7
R 112 137 213 197 6.0 43 10.0 240 29.0 187 123
QLY PP e AP 169 13.0 19.7 19.7 8.7 53 183 26.0 21.0 127 117
FS 10.9 113 17.7 15.3 6.7 83 14.2 26.7 217 18.3 143
MP 13.9 10.3 23.0 18.7 8.7 6.0 132 27.7 207 18.0 12.3
Base 112 12.7 243 21.0 11.0 127 20.1 217 19.0 527 12.0
CoT 15.0 127 19.0 277 123 10.3 215 297 18.0 343 237
B IR 127 137 23 243 10.0 143 233 27.0 19.7 463 153
AP 18.0 123 203 233 143 9.7 210 37 19.7 347 213
T FS 142 103 210 240 11.0 133 238 313 16.0 377 220
MP 169 113 20.0 250 10.7 9.0 219 330 5.0 430 233
Base 154 163 21.0 213 11.0 9.0 356 340 127 330 18.0
CoT 18.0 12.0 19.0 27.3 10.7 93 46.6 340 16.3 413 20.3
cogito-v]-preview-lama 708 IR 154 17.0 16.0 233 11.0 11.7 438 35.0 14.0 470 18.7
AP 17.6 12.0 203 26.0 10.3 113 356 343 11.7 373 19.0
non-reasoning FS 18.0 137 247 250 123 123 425 350 157 36.7 220
MP 17.6 153 19.3 28.0 107 10.7 434 37.0 13.0 48.0 19.7
Base 240 137 247 333 147 127 288 263 137 360 19.0
CoT 255 147 233 29.0 163 120 24.7 26.7 150 377 23
o R 247 15.7 277 310 16.0 16.0 247 27.0 14.7 36.3 233
DecoScei R Ot Sl 0By AP 26.2 16.0 283 34.0 150 13.0 23.7 26.3 137 347 24.0
FS 217 15.7 29.0 29.3 14.3 16.0 247 297 11.0 353 217
MP 326 137 247 357 17.3 143 26.5 30.0 11.7 397 240
Base 13.1 123 233 180 i3 33 16.4 12.0 167 17.0 10.7
CoT 7.1 113 213 160 37 33 17.4 93 143 153 15.0
) IR 8.6 107 21.0 143 53 27 16.9 123 187 137 137
AMCIB S AP 8.6 12.0 18.7 19.3 40 6.0 16.9 133 153 147 117
FS 9.4 10.7 21.0 15.7 53 3.0 14.6 12.3 14.0 167 93
MP 94 8.7 20.3 16.0 5.7 2.0 16.0 12.0 18.3 23.0 12.0
Base 288 123 233 333 12.0 14.0 301 317 26.0 36.7 263
CoT 24.0 103 26.7 36.0 13.0 14.3 315 317 23 353 277
Phidreasoning IR 247 14.0 250 30.3 10.0 137 297 307 257 393 287
AP 25.1 123 23 30.0 123 15.0 242 28.0 247 313 237
FS 232 127 233 233 123 127 30.1 29.7 223 373 19.0
MP 28.8 14.7 23.0 35.3 13.7 17.0 333 313 26.3 377 27.7
Base 232 12.7 243 30.3 19.0 93 26.0 313 18.0 450 250
CoT 277 13.7 220 357 18.0 12,0 26.0 30.0 17.0 39.3 27.3
GBI IR 292 13.0 213 36.3 16.3 123 26.0 297 17.7 397 310
AP 255 13.0 17.0 337 163 133 25.1 297 17.7 390 26.7
reasoning FS 240 133 230 330 167 153 288 347 15.0 357 243
MP 326 157 24.0 437 18.0 127 30.6 333 83 413 34.0
Base 213 140 230 323 11.0 10.0 384 347 16.0 240 240
CoT 206 14.7 230 347 10.3 11.0 443 350 153 297 250
cogito-v]-preview-lama 708 IR 17.6 15.7 23 30.3 9.7 9.7 384 340 17.0 287 30.3
AP 19.5 13.0 23 277 123 10.3 292 347 15.3 297 27
reasoning FS 202 133 26.3 353 10.0 10.3 388 340 16.3 337 240
MP 16.9 137 19.3 30.3 103 113 39.3 330 157 337 243
Base 124 203 263 163 83 11.0 256 293 14.0 557 133
CoT 154 17.3 233 213 107 8.7 187 247 17.3 303 17.0
IR 150 183 237 24.0 107 133 25.1 26.7 18.3 387 16.0
Oyerzbfiee e s AP 154 16.7 243 18.0 12,0 93 2238 18.7 20.0 327 18.0
FS 25.1 19.0 297 27.0 83 137 2.4 313 21.0 417 27
MP 18.0 14.7 243 233 97 8.7 20.1 267 14.7 373 17.0
Base 13.9 123 250 217 103 87 19.6 27 63 40 3.7
CoT 16.1 10.0 20.0 233 53 10.7 210 273 57 287 193
) IR 135 103 21.7 20.0 83 10.7 19.6 293 57 23 183
Wk AP 150 12.7 187 183 6.7 6.0 12.8 147 53 35.7 1.7
FS 19.5 10.3 24.0 23.0 10.3 12.3 26.9 250 11.7 50.0 213
MP 14.2 127 21.0 23.0 83 11.0 26.0 27.3 63 403 153
Base 238 15.7 27.0 27 8.0 8.0 2.4 320 18.3 36.0 28.7
CoT 56 117 23 11.7 6.7 5.7 20.1 29.0 16.7 20.0 14.0
medgemma 2Tb-texbit IR 16.1 12,0 247 253 6.0 83 215 307 137 347 250
AP 277 13.0 287 343 14.0 103 24 313 187 340 273
FS 243 117 233 397 113 113 237 330 143 320 323
MP 1.1 117 253 7.1 40 47 119 23 9.3 237 6.0
Base 33.0 157 36.0 46.0 210 133 311 36.0 17.3 370 39.3
CoT 37.1 15.0 387 47.0 20.0 11.7 333 2.3 19.0 36.0 39.3
IR 333 16.0 39.0 487 21.3 10.7 347 36.0 19.0 357 36.7
HuaneC LI 2D AP 330 20.0 393 467 19.7 15.0 347 367 17.3 36.7 38.7
FS 330 17.0 390 46.0 19.0 117 315 333 16.3 403 39.0
MP 333 163 393 50.7 183 15.0 311 27 157 393 427

Table 4: Performance across benchmarks, showing the accuracy of one model per family under different prompting
strategies, compared to a random baseline (values below and above the baseline). The model categories are

general-purpose , reasoning , domain-specific , and domain-specific reasoning . Results are averaged over three
runs with different random seeds to ensure robustness.
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Figure 2: Model accuracy across the three benchmarks, averaged over three random seeds and grouped by prompt.

Family Model MedAgentsBench MedARC-QA  MetaMedQA
MedBullets MedExQA MedMCQA MedQA MedXpert-R  MedXpert-U MMLU MMLU-Pro  PubMedQA
random random-baseline 17.2 243 29.7 23.0 11.0 9.7 29.2 11.7 30.0 23.0 18.7
DeepCogito  cogito-v1-preview-llama-70B 154 16.3 21.0 21.3 11.0 9.0 35.6 34.0 12.7 33.0 18.0
Phi Phi-4-reasoning 28.8 12.3 233 333 12.0 14.0 31.1 31.7 26.0 36.7 26.3
MedGemma medgemma-27b-text-it 22.8 15.7 27.0 327 8.0 8.0 224 32.0 18.3 36.0 28.7
Huatuo HuatuoGPT-01-72B 303 17.0 36.0 41.0 22.0 13.0 30.1 33.0 22.0 36.0 40.0
Llama Illama-4-maverick 29.2 25.0 43.0 39.0 26.0 26.0 39.7 38.0 15.0 45.0 34.0
DeepSeck deepseek-chat-v3-0324 225 12.0 22.0 31.0 11.0 12.0 21.9 34.0 17.0 45.0 26.0
d k-r1-0528 44.9 220 28.0 54.0 25.0 22.0 34.2 34.0 19.0 56.0 48.0
Anthropic claude-sonnet-4 38.2 26.0 40.0 53.0 20.0 25.0 452 44.0 17.0 53.0 40.0
Gemini gemini-2.5-pro 48.3 23.0 40.0 59.0 34.0 26.0 38.4 34.0 16.0 78.0 52.0
OpenAl gpt-40-2024-08-06 25.8 16.0 24.0 45.0 8.0 13.0 30.1 34.0 18.0 34.0 32.0
03-2025-04-16 70.8 31.0 49.0 78.0 46.0 370 46.6 44.0 23.0 68.0 64.0

Performance comparison across benchmarks, focusing on the accuracy of the best open-source

Table 5:
medium-sized models for type against frontier models. Each model is compared to a random baseline (val-
ues below and above the baseline). The model categories are general-purpose , reasoning , domain-specific ,

and domain-specific reasoning .

generally remains low (see Section 5.1, Table 4 and

Figure 2).
Fine-grained evaluation, conducted in this work
for the first time, reveals an intrinsic limitation of
LLMs. The results indicate that models encounter
their greatest challenges with inductive reasoning
(see Section 5.3 and Figure 3), an inference process
that "uses specific examples to draw general con-
clusions" (Sooknanan and Seemungal, 2019), iden-
tifies patterns in observations and measurements to
infer generalized rules, and can "increase human
knowledge, leading to new theories" (Sooknanan

and Seemungal, 2019). In contrast, LLMs tend to
perform better in abduction, the "faculties of mak-
ing informed guesses and selections among those
[...]. Correct guesses are often informed by experi-
ence" (Pietarinen and Stanley, 2025), and in deduc-
tion, which "refines hypotheses against established
medical knowledge" (Pietarinen and Stanley, 2025).
These findings are consistent with previous studies
in medical reasoning, suggesting that LLMs rely
heavily on parametric memory and often struggle
to produce truly novel reasoning pathways (Soffer
etal., 2024; Kim et al., 2025). Also with studies on
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Figure 3: Model performance across reasoning types is shown, with the random baseline indicating subtask
difficulty, which can vary according to the number of answer choices per question.

induction (Bowen et al., 2024), where LLM capa-
bilities are assessed across multiple symbolic tasks
in more general settings.

Although the evaluation of different reasoning
types in LLLMs have recently received attention
(Mondorf and Plank, 2024; Sun et al., 2025), sys-
tematic assessments in complex medical reason-
ing remain limited. This study presents a struc-
tured methodology to identify potential limitations
and highlight areas for improvement. Moreover,
our experimental framework can function as a con-
tinuously updated resource for monitoring LLM
progress in medical reasoning.

7 Conclusions

To our knowledge, this study is the first large-scale
LLM evaluation on complex medical reasoning,
spanning across 77 models of diverse size, tun-
ing methods, and prompting strategies. Guided by
the medical problem-solving literature, we selected
three benchmarks addressing advanced knowledge
and reasoning, robustness to cognitive biases, and
metacognitive capabilities. Performance was gener-
ally low, often below random choice, with modest
improvements only in frontier models fine-tuned
for reasoning. We manually annotated a dataset
capturing key reasoning types for medical diagno-
sis (abduction, deduction, induction), which have
received limited prior attention, revealing persistent
deficiencies across all types, particularly in induc-
tive reasoning. This highlights the need for models
that better approximate physician strategies.
Given that reasoning-focused fine-tuning most

effectively enhances performance, future work
should develop specialized datasets targeting the
identified reasoning types, structured to mirror
physician problem-solving strategies and incorpo-
rating design principles that must mitigate suscep-
tibility to cognitive biases and metacognitive lim-
itations. Evaluation against human experts can
contextualize the gap between current models and
expert-level reasoning, capturing both quantitative
and qualitative aspects. Additional research di-
rections include examining relationships between
model parameters and reasoning types (Christ et al.,
2024), as well as optimizing training strategies to
guide models along correct reasoning paths (Zhang
et al., 2024; Ferrazzi et al., 2025), particularly for
reasoning chains.

Limitations

It is important to acknowledge several limitations
that define the scope and interpretation of our
findings. First, our conclusions are drawn from
three specific medical benchmarks which, while
designed to test complex reasoning, cognitive bias,
and metacognitive ability, cannot fully capture
the breadth or nuance of real-world clinical sce-
narios. Second, our evaluation is limited to a
defined set of open-source and proprietary mod-
els, with frontier models accessed as black boxes
via their APIs, restricting transparency into their
architecture, training data, or internal reasoning
processes. Third, reliance on static, exam-style
multiple-choice questions oversimplifies the inher-
ently dynamic, context-rich, and interactive nature
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of actual clinical decision-making. Fourth, our
study is confined to English-language datasets, and
findings may not generalize to other languages or
healthcare systems. Lastly, although we applied the
MELD framework to detect potential data contami-
nation, its recall remains unknown; therefore, the
absence of detected overlap does not definitively
rule out prior exposure to the benchmark data dur-
ing model training.

Ethical considerations

This study evaluates publicly available language
models using benchmark datasets tailored to as-
sess clinical reasoning, such as MedAgentsBench,
MedARC-QA, and MetaMedQA. All benchmarks
are constructed from de-identified, publicly re-
leased data sources and do not contain personally
identifiable health information. While our analysis
relies on open benchmarks, the demographics of
these datasets across dimensions such as age, gen-
der, and ethnicity has not yet been systematically
assessed. Given the relevance of these factors in
medical contexts, future work should examine po-
tential biases and disparities within these datasets
to ensure equitable evaluation. Although the mod-
els we study are publicly accessible, particularly
for proprietary frontier models, we cannot fully ver-
ify the nature of the data used during pre-training
due to limited transparency regarding their training
corpora. This lack of visibility presents challenges
for assessing fairness, safety, and potential data
contamination. We have followed responsible com-
puting practices throughout this work, including
rigorous checks for data leakage, the use of mul-
tiple random seeds for robustness, and the public
release of our code to promote reproducibility. Fi-
nally, we acknowledge the broader societal impli-
cations of deploying large language models in high-
stakes domains such as healthcare. This work does
not advocate for the unsupervised use of LLMs
in clinical practice. Rather, it aims to contribute
to the responsible development of Al systems by
identifying current limitations in clinical reasoning
and underscoring the need for careful stewardship
and continuous oversight in medical applications.
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A Data Annotation

This appendix provides a detailed description of the
process applied to annotate a subset of the medical
benchmarks used in this work, evaluating models’
performance in the reasoning strategies followed
by physicians.

Annotation criteria Medical problem-solving
is a complex, multi-step process that typically in-
volves the interplay of three reasoning types: ab-
duction, deduction, and induction (Pietarinen and
Stanley, 2025; Sooknanan and Seemungal, 2019).
Abduction is used to generate hypotheses about
potential causes of observed symptoms. These
hypotheses then guide the reasoning process, re-
quiring verification through deduction, for exam-
ple, selecting the appropriate tests to confirm or
refute the initial abductive hypotheses. Deduction
applies general rules to relate causes and effects,
reasoning downward to predict specific outcomes.
Induction, in contrast, derives general rules from
observations, identifying patterns to form broader
conclusions. Inductive reasoning is particularly im-
portant in medicine, an empirical science that con-
stantly deals with uncertainty and probabilistic out-
comes. Guided by these definitions, we manually
selected questions from the benchmarks adopted in
this work that explicitly address these tasks. There-
fore, we used a specific medical task as a proxy for
the reasoning strategy required to solve it, allowing
us to annotate these examples according to their
reasoning category.

Annotation details Taking into account the types
of medical tasks required to isolate reasoning strate-
gies, we identified two suitable datasets: MedBul-
lets and PubMedQA. MedBullets focuses on diag-
nosis and treatment decision-making, while Pub-
MedQA contains questions designed to draw con-
clusions from biomedical studies. Accordingly,
we expected tasks in MedBullets to require abduc-
tion and deduction, and tasks in PubMedQA to
rely on induction. Additionally, both datasets in-
clude explanations or rationales manually provided
by physicians, offering clear guidance on the rea-
soning strategies necessary to solve each task and
serving as a reliable reference and validation for
our annotations. In MedBullets, 42 of 89 ques-
tions referenced missing figures, which were poten-
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Category Dataset D Question Options Answer Reason/Rationale
abduction-  MedBullets 20 A 4-week-old boy is brought to the pediatrician by his parents foran [ "Avoiding fruit juice  Changing to a soy based
deduction initial evaluation. His parents are concerned that he is not feeding well ~ and sweetened foods”,  formula This patient who presents with failure to thrive, hepatosplenomegaly,
and has lost weight over the last 2 weeks. He was bom at home via ~ "Changing to a soy and bilateral cataracts most likely has classic galactosemia.
spontaneous vaginal delivery at 37 weeks of gestation to a GIPI mother.  based formula", "Pro-
His mother did not receive prenatal care. His blood pressure is 70/44  viding  imiglucerase Patients with this disorder should avoid lactose-containing products
mmHg, pulse is 151/min, and respirations are 41/min. His weightis 3 enzyme replacement”, by changing to a soy-based formula.
kg (4th percentile) compared with 3.5 kg at birth (45th percentile). On ~ "Removing phenylala- Classic galactosemia is an autosomal recessive defect in galactose-1-
physical exam, he is jaundiced with an enlarged liver and spleen. He does  nine  from  maternal phosphate uridyltransferase. This enzyme is involved in the conversion
not appear to respond to visual stimuli, and further examination reveals  diet during pregnancy", of galactose to glucose, and a deficiency of this enzyme results in the
bilateral clouding of the lens. Which of the following interventions could ~ "Vitamin B6  supple- accumulation of galactose 1-phosphate in the liver, kidney, and brain.
have avoided this patient’s symptoms? mentation” ] This metabolite acts as a phosphate sink, meaning that it traps all free
phosphate in the cytosol and inhibits the formation of other phosphate-
dependent metabolites such as adenosine triphosphate. This results
in failure to thrive, vomiting, lethargy, and hepatosplenomegaly after
ingestion of galactose-containing products such as milk. Patients will
also develop bilateral cataracts if the deficit is not detected in the first
few weeks after birth.
Avoiding galactose by changing to a soy-based formula will avoid the
complications of this disorder.
Turck discusses using soy protein for infant feeding. The author notes
that there are safety concerns with regards to the high phyto-estrogenic
isoflavone content of these formulas. The author recommends that
despite these safety concerns, these formulas should still be used in
patients with classic galactosemia.
abduction MedBullets 5 A 9-year-old girl presents to the emergency department with afeverand [ "Gastroenteritis”,  Intentional contamina-
a change in her behavior. She presented with similar symptoms 6 weeks  "Immunodeficiency”, tion This patient is presenting with repeat sepsis, which is uncommon in a
ago and was treated for an Escherchia coli infection. She also was treated  "Intentional  contami- pediatric patient with no significant medical history. This abnormal
for a urinary tract infection 10 weeks ago. Her mother says that last night  nation”, "Meningitis", concentration of infections when the patient is with her mother sug-
her daughter felt ill, and her condition has been worsening. Her daughter  "Urinary tract infection” gests a diagnosis of intentional contamination.
experienced a severe headache and had a stiff neck. This morning she Factitious disorder by proxy (formerly Munchausen syndrome) occurs
was minimally responsive, vomited several times, and produced a small when | individual creates symptoms in another for attention. Typically,
amount of dark cloudy urine. The patient was born at 39 weeks and this is a parent feigning or creating symptoms in a child in order to
met all her developmental milestones. She is currently up to date on her receive the psychiatric gain of attention from healthcare personnel.
vaceinations and did not have infections during early childhood. Her The patient should be treated and removed from the parents as this
parents are divorced and her father has noted she does not seem to get sick is considered child abuse. Factitious disorder by proxy should be
when he takes care of her. Her temperature is 99.5°F (37.5°C), blood suspected in any pediatric patient who has repeat infections that are
pressure is 60/35 mmHg, pulse is 190/min, respirations are 33/min, atypical or not expected cpidemiologically. Patients should ¢
and oxygen saturation is 98% on room air. The patient is started on evaluated for organic causes of symptoms such as immunodeficiency
fluids, and broad-spectrum antibiotics. Which syndromes. Abeln and Love review the evidence regarding the diagnosis
of the following is the most appropriate underlying explanation for this of factitious disorder by proxy. They discuss how these disorders have
patient’s presentation?", "answer": "Intentional contamination high morbidity and mortality when not accurately recognized. They
recommend paying attention to red flags such as abnormal constellations
of symptoms.
deduction MedBullets 9 A 34-year-old man is brought to a rural byam- [ "Abdominal and chest bdominal and chest
bulance after being involved in a motor vehicle accident. Paramedics ~ CT", "Chest radiograph ~ CT ‘This patient presents following a motor vehicle accident with a tender
report that the patient was driving the car and crashed into a tree at  anterior-posterior and abdomen and stable vital signs. Given his stability, the most appro-
roughly 25 miles per hour. There were no passengers and he was awake  lateral’,  "Diagnostic priate next step is an abdominal and chest CT. In blunt abdominal
but disoriented at the scene. His temperature is 97.9°F (36.6°C), blood  laparoscopy”, "Diagnos- trauma, the next step in management depends upon whether the patient
pressure is 131/88 mmHg, pulse is 89/min, and respirations are 14/min.  tic peritoneal lavage”, is hemodynamically stable.
He is speaking but is confused, opens his eyes to voice commands, and ~ "Focused  abdominal With a normal blood pressure and pulse within the normal range, patients
follows simple commands. He has multiple lacerations on his face and  sonography for trauma can undergo imaging to evaluate for injury 1o the abdominal organs with
arms and smells of alcohol and marijuana. His cardiac exam is normal ~~ exam” the most appropriate study being an abdominal CT with contrast. This
and his lungs are clear to auscultation bilaterally. He has bruising over study can accurately localize bleeding and aid in operative planning.
his abdomen without any tenderness to palpation, distension, or rigidity. A bedside ultrasound known as the FAST exam is often performed in
Which of the following s the most appropriate next step in management? unstable patients. Unstable patients, patients with abdominal tenderness,
and patients with a severe mechanism of trauma may have a bedside
FAST exam performed. If the free fluid is localized, the patient can be
transferred directly to the operating room. Note that in many hospitals,
the FAST exam is done simultaneously with the primary and secondary
survey; however, if asked to choose which exam to perform on a
trauma patient who is stable with no signs of a surgical abdomen, a
CT scan should be performed to more accurately assess the patient’s
injuries and assess for injuries that may be missed by a FAST exam.
Feliciano reviewed the evidence surrounding the current diagnosis and
management of abdominal trauma. He discusses how contrast-enhanced
CT of the abdomen and pelvis is an important method for evaluating
the etiology of intra-abdominal bleeding. He sideri
damage control methods in the polytrauma patient.
induction PubMedQA 11146778 The APACHE II (Acute Physiology and Chronic Health Evaluation II) [ "yes", "no", "maybe” ] yes

score used as an intensive care unit (ICU) admission score in emer-
gency surgical patients is not independent of the effects of treatment and
might lead to considerable bias in the comparability of defined groups of
patients and in the evaluation of treatment policies. Postoperative moni-
toring with the APACHE Il score is clinically irrelevant. Inception cohort
study. Secondary referral center. Eighty-five consecutive emergency
surgical patients admitted to the surgical ICU in 1999. The APACHE
11 score was calculated before surgery; after admission to the ICU; and
on postoperative days 3, 7, and 10. APACHE II scores and predicted
and observed mortality rates. The mean +/- SD APACHE II score of
24.2 +/- 8.3 at admission to the ICU was approximately 36% greater
than the initial APACHE II score of 17.8 +/- 7.7, a difference that was
highly statistically significant (P<.001). The overall mortality of 32%
favorably corresponds with the predicted mortality of 34% according
to the initial APACHE II score. However, the predicted mortality of
50% according to the APACHE II score at admission to the ICU was

significantly different from the observed mortality rate (P =.02). In 40
long-term patients (>/=10 days in the ICU), the difference between the

significant on day 10 (P =.04). Ri
patients: is the APACHE 1I score a reliable marker of physiological
impairment?

For risk stratification in emergency surgical patients, it is es-
sential to measure the APACHE I score before surgical treatment.
Longitudinal APACHE I scoring reveals continuous improvement of
the score in surviving patients but has no therapeutic relevance in the

individual patient.

Table 6: Example questions for each reasoning category, highlighting the abduction , deduction , and induction

text snippets.

tially essential for answering them, so we excluded
these samples. To compensate, we manually se-
lected similar diagnostic questions from MedQA,
MedXpertQA-R, MedXpertQA-U, MMLU, and
MMLU-PRO that closely matched the MedBullets

questions.

Examining data samples and their rationales
manually showed that some questions involved im-
plicit abductive reasoning before the subsequent
deductive steps. For instance, in clinical case man-
agement, selecting the next step often relies on a
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diagnostic hypothesis not explicitly stated in the
text, which is then validated through deduction,
such as choosing an appropriate diagnostic test. We
annotated these samples as abduction—deduction,
capturing the reasoning steps that physicians may
sometimes perform implicitly. The process pro-
duced a dataset of 150 data samples, balanced as
follows: 50 abduction-deduction, 25 abduction, 25
deduction, and 50 induction. This arrangement
was designed to provide a balanced set of 50 sam-
ples for each reasoning type. Table 6 presents four



examples for each annotation category.

Annotation Quality Assessment To evaluate the
quality of the generated subset, two expert.ai pro-
fessional linguists were assigned to replicate the
annotation process. The task was designed and de-
ployed using a LabelStudio! instance. Annotators
were provided with detailed guidelines describing
both the data and the task, including definitions of
the reasoning types adopted in this work, with a
practical example provided for each.

Data Description

Each data sample contains a medical ques-
tion along with options and the correct an-
swer. When available, a physician’s ratio-
nale is included to help clarify the answer
and explain the reasoning path.

Task Description

The goal of this task is to annotate the type
of reasoning required to answer each ques-
tion. You can choose from the following
options: abduction-deduction, abduction,
deduction, and induction. To select the cor-
rect reasoning type, consider the descrip-
tions provided below.

Reasoning inferences:

* abduction: Reasoning to the most likely
explanation for a set of observations.

* deduction: Reasoning from general rules
to specific conclusions.

* induction: Reasoning from specific ob-
servations to general principles.

Practical examples:

* abduction-deduction: Sometimes a ques-
tion asks for the next step in patient man-
agement (e.g., which test to perform or
treatment to prescribe), but the under-
lying condition is not explicitly stated.
First, abduction should be used to infer
the most likely implicit diagnosis, and
then deduction applied to determine the
appropriate answer.

* abduction: Used when the question asks

"https://labelstud.io/

for the most likely condition or diagnosis
that explains a set of observations.

* deduction: Involves applying a known
rule or principle to reach a specific con-
clusion, such as selecting a test to confirm
a hypothesis or prescribing a treatment
for a known condition.

* induction: Used when the question asks
you to review observations, studies, or
experiments and then derive general rules
or principles from them.

. 7

An example of annotation task, as displayed in
the LabelStudio user interface, is shown in Figure
4. Inter-annotator agreement between the authors
and the linguists was assessed using Fleiss” Kappa
(k), resulting in a score of 0.71. This value indi-
cates substantial agreement, reflecting the quality
of the annotations and the clarity of the provided
guidelines.

B Data Contamination Analysis

We adopted the MELD (Memorization Affects Lev-
enshtein Detector) framework (Nori et al., 2023),
a strategy designed to detect data contamination
between the pretraining or fine-tuning data and the
test set in use. We selected one model per fam-
ily for our evaluation in the case of open-source
medium-sized models, whereas all frontier mod-
els were included individually. The approach in-
volves splitting each test sample into two parts.
The first part is provided to the model, which is
then prompted to generate the missing portion, con-
strained to match the original length. Once the
missing part is generated, it is compared using Lev-
enshtein ratio. The percentage of generated parts
that achieve a similarity of 95% or higher with
the original is then calculated over a specific test
set. Building on adaptations from prior work (Tang
et al., 2025), and considering that all models in our
study are instruction or reasoning tuned, we imple-
mented a slightly modified MELD strategy. Instead
of allowing the model to auto-complete the missing
part, we provided explicit instructions to guide the
generation, as illustrated in the boxes below:

System Prompt

You are a helpful assistant who execute instructions.
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Ul Preview
Question:

indicator of travel burden is also of interest.

associated with timely diagnosis and treatment of cancer.

Options:
-yes
-no

- maybe

Answer:
no

Rationale:

Select the required reasoning type

abduction-deduction'" abduction’?! deduction®® induction®!

Distance to provider might be an important barrier to timely diagnosis and treatment for cancer patients who qualify for Medicaid coverage. Whether driving time or driving distance is a better

Driving distances and times from patient residence to primary care provider were calculated for 3,917 breast, colorectal (CRC) and lung cancer Medicaid patients in Washington State from 1997 to
2003 using MapQuest.com. We fitted regression models of stage at diagnosis and time-to-treatment (number of days between diagnosis and surgery) to test the hypothesis that travel burden is

Later stage at diagnosis for breast cancer Medicaid patients is associated with travel burden (OR = 1.488 per 100 driving miles, P=.037 and OR = 1.270 per driving hour, P=.016). Time-to-
treatment after diagnosis of CRC is also associated with travel burden (14.57 days per 100 driving miles, P= .002 and 5.86 days per driving hour, P=.018).
Is distance to provider a barrier to care for medicaid patients with breast, colorectal, or lung cancer?

Although travel burden is associated with timely diagnosis and treatment for some types of cancer, we did not find evidence that driving time was, in general, better at predicting timeliness of cancer
diagnosis and treatment than driving distance. More intensive efforts at early detection of breast cancer and early treatment of CRC for Medicaid patients who live in remote areas may be needed.

Figure 4: Example of LabelStudio annotation task.

# Instructions:

You will receive a passage enclosed within
<text_to_continue>...</text_to_continue> tags. This
passage contains the initial segment of a medical
question.

Carefully analyze the passage to determine the
most probable medical question being asked. Then,
generate a clear, concise, and clinically appropriate
continuation that completes the second half of the
question.

Enclose  your completion  within  <con-
tinue>...</continue> tags, maintaining a style
consistent with the original text.

# Task:

<text_to_continue>{ TEXT }</text_to_continue>

For the benchmark adopted in our experiments,
none of the models tested returned a significant
MELD score. As previously noted by prior work
(Tang et al., 2025), datasets such as MMLU-
Pro and MedMCQA exhibit some outlier points
with unusually high similarity scores, suggesting
possible contamination in those specific data in-
stances. In contrast, datasets like MedARC-QA
and MetaMedQA display values that are more con-
sistent and indicative of low contamination. It is
important to remember that MELD achieves high
precision, meaning that detected matches are strong
indicators of memorization; however, its recall is
unknown, so the absence of a match does not nec-
essarily imply that the model has not encountered
the data during training.

C Computational Resources

Experiments with small and medium models (up
to 72B parameters) were conducted on a cluster of
four NVIDIA L40S GPUs, using the HuggingFace
Transformers library (Wolf et al., 2020) for model
loading and vVLLM (Kwon et al., 2023) for efficient
inference. All experiments used consistent genera-
tion hyperparameters: temperature 0.6, top-p 0.9,
and a maximum output length of 4096 tokens. Each
was repeated three times with seeds 0, 32, and 64
to ensure robustness. Frontier model evaluations
were conducted via their respective APIs in a single
run, using the same hyperparameters.

D Prompt Template Details

In this appendix, we present the prompt templates
used in the experiments on prompting strategies.
When the model supports both a system and a user
template, we use them accordingly. Otherwise, we
embed the system template within the user message.
Below, we list the templates adopted.

D.1 System prompts

We used several system prompts, which are pre-
sented below.

Base This prompt is used for the base setting,
where the role of the model is simply to act as an
assistant that executes instructions.
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Figure 5: Distribution of Levenshtein similarity scores per model across the eleven datasets from the three
benchmarks.

Base System Prompt CoT/IR/AP/ES System Prompt

You are a helpful assistant who execute instructions. You are a helpful assistant who execute instructions
to solve clinical problems.

CoT/IR/AP/FS  Similar to the base prompt, this ~ MP  Multi-Persona Prompting is a strategy de-
prompt includes additional information about the signed to simulate diverse expert perspectives by
medical domain. It is shared across the Chain-of-  5joning distinct professional roles to the model.
Thought (CoT), Intuitive Reasoning (IR), Analogi-  Each persona is characterized by a unique clinical
cal Prompting (AP), and Few-Shot (FS) strategies.  yjewpoint, reasoning style, or level of expertise.

In our setup, we used multiple personas such as
2449



Innovative Medical Thinker, MD, Critical Medical
Analyst, Medical Professor, and Clinical Decision
Specialist, Medical Researcher. Additionally, we
included a persona representing a Senior Medical
Expert. The goal of this strategy is to enrich the
model’s reasoning by framing responses through
varied medical lenses, reflecting the diversity of
real-world clinical expertise.

#1 MP System Prompt

You are a {ROLE}.

#2 MP System Prompt

~
\.

You are a senior medical expert.

\. J

D.2 User and assistant prompts

Depending on the prompting strategy, we used a
variety of user and assistant prompts.

Base The base prompt is the simplest form, in
which the model is asked to provide a solution to a
given clinical problem.

Base User Prompt

# Clinical problem:
{QUESTION}

# Options:
{OPTIONS}

# Instructions:

Select the most appropriate solution from the pro-
vided ’Options’ list and report it within square brack-
ets[]

\

CoT The Chain-of-Thought (CoT) prompt
guides the model to explicitly articulate its rea-
soning process step by step prior to providing a
solution, aiming to improve the quality and inter-
pretability of the response.

CoT User Prompt

# Clinical problem:
{QUESTION}

# Options:
{OPTIONS}

# Instructions:

Reason step-by-step to determine the correct solu-
tion. Select the most appropriate solution from the
provided 'Options’ list and report it within square
brackets [ |

IR The Intuitive Reasoning prompt is based on a
clinical problem-solving strategy that encourages
the model to rely on experience-driven reasoning,
mimicking the cognitive processes leveraged by
physicians.

IR User Prompt

# Clinical problem:
{QUESTION}

# Options:
{OPTIONS}

# Instructions:

Use the available medical information to deduce and
determine the correct solution. Select the most appro-
priate solution from the provided *Options’ list and
report it within square brackets [ ]

\. .

AP Analogical Prompting is a strategy that
guides a language model to solve a problem by
drawing analogies to previously seen or understood
examples. It relies on the notion that humans often
reason by analogy, mapping knowledge from fa-
miliar situations to new, similar ones. The prompt
encourages the model to generate three analogous
examples before providing its final answer.

AP User Prompt

# Clinical problem:
{QUESTION}

# Options:
{OPTIONS}

# Instructions:

Retrieve three distinct medical problems, each differ-
ent from one another and from the provided problem,
followed by your step-by-step reasoning to determine
the correct solution. Select the most appropriate so-
lution from the provided *Options’ list and report it
within square brackets [ ]

\.

FS Few-Shot Prompting is a strategy in which the
model is guided by a small number of input-output
examples before being asked to solve a new task.
These examples help the model infer the expected
format, reasoning style, and domain-specific knowl-
edge required for the task. In our case, we used ex-
amples from the Casimedicos dataset, where each
example is structured as a triplet: question-answer-
explanation. The user presents a clinical case along
with multiple-choice options, and the assistant pro-
vides an explanation followed by the correct an-
SWer.
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FS User Prompt (Example)

# Clinical problem:
{QUESTION}

# Options:
{OPTIONS}

| r

FS Assistant Prompt (Example)

# Explanation:
{EXPLANATION}
# Answer:

{ANSWER}

| r

FS User Prompt

# Clinical problem:
{QUESTION}

# Options:
{OPTIONS}

# Instructions:

Select the most appropriate solution from the pro-
vided *Options’ list, furnish an explanation for your
choice, and write the selected solution inside square
brackets [ ].

MP Multi-Persona Prompting is an agent-based
workflow composed of three distinct steps. First,
each persona introduced in the system prompts
independently analyzes the case and provides an
initial solution. Next, a debate phase occurs where
each persona receives the initial thoughts of the
other two roles and is asked to revise and recon-
sider its original position. Finally, an aggregator
collects all the debated responses and generates a
consolidated synthesis.

MP User Prompt (Init)

# Clinical problem:
{QUESTION}

# Options:
{OPTIONS}

# Instructions:

Based on your medical expertise, please analyze
the provided problem and options. Think step-by-
step and provide your reasoning and answer clearly.
Please include distinct sections for your thinking and
your answer in your response. Report your reason-
ing steps within angle brackets < >. Select the most
appropriate solution from the provided *Options’ list
and report it within square brackets [ ]

MP User Prompt (Debate)

Considering the following insights from your peers:
{ROLE}’s previous opinion:

{OPINION}

{ROLE}’s previous opinion:

{OPINION}}

# Clinical problem:

{QUESTION}

# Options:

{OPTIONS}

# Instructions:

Please update your analysis for the question. Think
carefully step-by-step and revise your answer accord-
ingly. Provide your response with clear sections for
your updated thinking and updated answer. Report
your reasoning steps within angle brackets < >. Se-
lect the most appropriate solution from the provided
’Options’ list and report it within square brackets [ ]

\. .

MP User Prompt (Final)

Considering all the following debate insights and an-
SWers:

{ROLE} s final opinion:
{OPINION}}

{ROLE}’s final opinion:
{OPINION}

# Clinical problem:
{QUESTION}

# Options:

{OPTIONS}

# Instructions:

Please carefully review all the information and pro-
vide the final decision. Offer a detailed rationale and
clearly state your final answer, indicating your final
reasoning and the chosen option. Report your reason-
ing steps within angle brackets < >. Select the most
appropriate solution from the provided *Options’ list
and report it within square brackets [ ]

. J

E Failure Examples

To better understand why several models, including
frontier ones, sometimes fail to outperform a sim-
ple random baseline, we present a representative
failure example for each reasoning strategy. We se-
lected OpenAI’s 03 model because it achieved the
best overall performance. Table 7 presents these ex-
amples, including the complete question data along
with the physician’s rationale, the corresponding
model outputs, and, where available, physician-
provided refutations of incorrect answers from the
original dataset.
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Category  Dataset D Answer

Reason/Rationale

Model Output Refutation

MedBullets 77 Clindamycin

the firs, tep. Therefore,
immediately after blood cultures are obtained.

abduction  MedBullets 244

Correct answer: Acute myelogenous leukemia. Explanation: Acute
>

deduction  MedBullets 22

induction PUbMedQA 20538207

Table 7: Representative failures for each reasoning type, highlighting in green the correct reasoning passages

from physician explanations and in red the incorrect ones generated by the OpenAI’s 03 model. Note that in the
abduction—deduction example, the model incorrectly identifies a shock syndrome rather than a toxic syndrome
(abduction), resulting in inappropriate antibiotic administration (deduction).

As illustrated by the abduction-deduction ex-
ample, the model is able to use abduction to hy-
pothesize the correct diagnosis, but it fails in the
subsequent deductive step. It misclassifies the mi-
croorganism based on the interpretation of a symp-
tom and proposes a treatment that is inappropriate,
as more effective options are available for the case
at hand. In the abduction example, the model
demonstrates deep knowledge of the specific do-
main but hypothesizes an acute syndrome instead
of a chronic one. From the perspective of symp-
toms and lab results, the differences between the
two are minimal, but abduction involves making
the best guess while also considering missing infor-
mation, such as a leukemia test. Here, the model
underestimates the possibility of a chronic illness
presenting with parameters of an acute condition
while being in the blast phase of the disease. In the

deduction example, the model, although knowl-
edgeable, does not accurately determine the best
course of action given the available information.
In this case, the most appropriate step would be to
administer the life-saving medication immediately
and skip measuring the level of intoxication. Lastly,
in the induction example, the model is unable to
generalize the results of a study to formulate a rule
capable of answering the question.
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