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Recent advances in reasoning-enhanced large language models (LLMs) show
promise, yet their application in professional medicine, especially the eva-
luation of their reasoning process, remains underexplored. We present MedR-
Bench, a benchmark of 1453 structured patient cases with reference reasoning
derived from clinical case reports, spanning 13 body systems and 10 specialties
across common and rare diseases. Our evaluation framework covers three
stages of care: examination recommendation, diagnostic decision-making,
and treatment planning. To assess reasoning quality, we develop the Rea-
soning Evaluator, an automated scorer of written reasoning along efficiency,
factual accuracy, and completeness. We evaluate seven state-of-the-art rea-
soning LLMs. Here we show that current models exceed 85% accuracy on
simple diagnostic tasks when sufficient examination results are available, but
performance drops on examination recommendation and treatment planning.
Reasoning is generally factual, yet critical steps are often missing. Open-source
models are closing the gap with proprietary systems, highlighting potential for
more accessible, equitable clinical Al

Large language models (LLMs) have advanced significantly in recent
years, with systems such as OpenAl-ol' and DeepSeek-R1?> demon-
strating remarkable reasoning capabilities. These models have excel-
led in structured problem-solving and logical inference, achieving
notable success in fields like mathematics and programming®*. How-
ever, their application in the medical domain—a field defined by
complexity, high stakes, and the need for contextual understanding—
remains underexplored.

Existing medical LLM benchmarks®® focus on evaluating final
generation accuracy using exam-style questions. Some studies have
begun to move beyond exam-style evaluations, such as ref. 16, which
assesses LLMs on authentic clinical tasks, and ref. 17, which bench-
marks advanced models like DeepSeek-R1 on real clinical challenges.
However, most efforts still fall short in systematically evaluating rea-
soning quality, a critical aspect of clinical LLMs. Clearer reasoning
processes are invaluable for medical human-Al interactions, as they

enable clinicians to trust and effectively follow the recommendations
provided. A few recent benchmarks™®* have explored the reasoning
abilities of LLMs, while they often rely on synthetic or conversational
datainstead of real clinical cases and typically lack scalable, automated
metrics for assessing reasoning processes. This gap limits a compre-
hensive understanding of the reliability and utility of reasoning LLMs in
clinical settings.

To address this, we propose MedR-Bench, the first benchmark
specifically designed to evaluate the medical reasoning capabilities of
state-of-the-art LLMs. MedR-Bench includes 1453 clinical cases span-
ning 13 body systems and 10 disorder types, with 656 cases dedicated
to rare diseases. Unlike existing benchmarks, MedR-Bench emphasizes
not only the correctness of final diagnoses or treatment plans but also
the transparency, coherence, and factual soundness of the reasoning
processes behind them. Inspired by prior works?>*, the benchmark is
constructed from clinical case reports in the PMC Open Access
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Subset*, reorganized into structured patient cases using GPT-40. Each
case consists of (i) detailed patient information (e.g., chief complaint,
medical history), (ii) a structured reasoning process derived from case
discussions, and (iii) the final diagnosis or treatment plan, reflecting
practical clinical complexity. By incorporating diverse and challenging
cases, including rare conditions, MedR-Bench serves as a compre-
hensive testbed for assessing the reasoning capabilities of LLMs in
clinical environments.

To evaluate LLMs, we propose a framework spanning three critical
clinical stages: examination recommendation, diagnostic decision-
making, and treatment planning, capturing the entire patient care
trajectory. Examination recommendation evaluates the model’s ability
to suggest relevant clinical assessments and iteratively gather neces-
sary information. Diagnostic decision-making tests the model’s ability
to derive precise diagnoses based on patient history, examination
findings, lab tests, and imaging findings. Finally, treatment planning
assesses the model’s ability to recommend appropriate interventions,
such as monitoring strategies, medications, or surgical options,
grounded in diagnostic conclusions and patient context.

To quantify performance, we develop an evaluation system to
assess both reasoning quality and final outputs. For reasoning eva-
luation, we introduce the Reasoning Evaluator, an automated agentic
system that validates free-text reasoning processes using web-scale
medical resources and performs cross-referencing. It calculates LLM-
powered reasoning metrics for efficiency, factuality, and completeness.
For final outputs, we adopt standard metrics such as accuracy, preci-
sion, and recall. Using MedR-Bench, we evaluate seven reasoning-
enhanced LLMs—OpenAl-03-mini, Gemini-2.0-Flash Thinking, Deep-
Seek-R1, Qwen-QwQ, Baichuan-M1, DiagnoseGPT, MedGemma—pro-
viding a comparative analysis of their strengths and limitations across
various clinical stages.

Our findings reveal that current clinical LLMs perform well on
relatively simple tasks, such as generating accurate diagnoses when
sufficient information is available, achieving over 85% accuracy. How-
ever, they struggle with complex tasks, such as examination recom-
mendation and treatment planning. In terms of reasoning quality, LLMs
exhibit strong factual accuracy, with nearly 90% of reasoning steps
being correct, but omissions in critical reasoning steps are common,
indicating a need for improved reasoning completeness. For rare dis-
eases, while these cases remain challenging, models generally show
consistent performance across reasoning and prediction tasks, sug-
gesting a robust understanding of medical knowledge across case types.

Encouragingly, our findings suggest that open-source models,
such as DeepSeek-R1, are steadily closing the gap with proprietary
systems like OpenAl-03-mini, underscoring their potential to drive
accessible and equitable healthcare innovations, motivating continued
efforts in their development. All codes, data, assessed model respon-
ses, and the evaluation pipeline are fully open-source in MedR-Bench.

Results

In this section, we present our main findings. We begin with an over-
view of MedR-Bench, followed by an analysis of results across the three
key stages: examination recommendation, diagnostic decision-mak-
ing, and treatment planning. In Supplementary A.1, we provide quali-
tative case studies.

LLMs models for evaluation
This study utilizes a range of models with varying versions, sizes, cut-
off dates for training data, and release dates. For closed-source mod-
els, we accessed their APIs directly, while for open-source models, we
downloaded the model weights and conducted local inference. The
details are presented below.
* OpenAl-o3-mini: this is a closed-source model with the version
identifier 03-mini-2025-01-31. Its model size is not disclosed.

The cut-off date for training data is October 2023, and it was
officially released in January 2025.

Gemini-2.0-FT: this is a closed-source model, identified by the
version Gemini-2.0-flash-thinking-exp-01-21. Similar to OpenAl-
03-mini, the model size is not disclosed. Its cut-off date for
training data is June 2024, and it was officially released in
January 2025.

DeepSeek-RI: this is an open-source model with the version
identifier deepseek-ai/DeepSeek-R1. It is a large-scale model with
671 billion parameters (671B). The cut-off date for training data is
not disclosed, and it was released in January 2025.

Quwen-QwQ: this is an open-source model with the version
identifier Qwen/QwQ-32B-Preview. It has 32 billion parameters
(32B). The cut-off date for training data is not disclosed, and the
model was released in November 2024.

Baichuan-MTI: unlike the previously mentioned LLMs designed for
general domains, this is an open-source medical-specific model
with the version identifier baichuan-inc/Baichuan-M1-14B-Instruct.
It has 14 billion parameters (14B), with no disclosed cut-off date
for training data. The model was released in January 2025.
DiagnoseGPT: DiagnoseGPT is a series of medical LLMs specifically
developed for diagnosis. In our evaluation, we deploy the Free-
domintelligence/DiagnosisGPT-34B locally for assessment, which
was released in July 2024.

MedGemma: MedGemma is a variant of Gemma 3, which is opti-
mized for the medical domain by Google DeepMind. It has 27
billion parameters. Its base model Gemma 3’s cut-off date for
training data is August 2024, and it was officially released in
May 2025.

A more detailed introduction to these LLMs is provided in Section
“LLM baselines.”

Introduction of MedR-Bench

Our proposed MedR-Bench comprises three key components: (1)
structured patient cases, (2) a versatile evaluation framework spanning
three stages, and (3) a comprehensive set of evaluation metrics.

Patient cases. Leveraging the case reports from the PMC Open Access
Subset*, we compiled a dataset of 1453 patient cases published after
July 2024 to ensure a fair and robust assessment across all models
based on their cut-off date for training data. These are divided into two
subsets: MedR-Bench-Diagnosis with 957 diagnosis-related cases, and
MedR-Bench-Treatment with 496 treatment-related cases. As illustrated
in Supplementary Fig. 1, all cases are systematically organized into the
following elements:

* Case Summary: documents key patient information. For diagnosis
cases, this includes basic patient demographics (e.g., age, sex),
chief complaint, history of present illness, past medical history,
family history, physical examination, and ancillary tests (e.g., lab
and imaging results). For treatment cases, additional factors such
as allergies, social history, and diagnostic results are included, as
these influence treatment decisions. Any missing information in
the raw case reports is recorded as “not mentioned.”

Reasoning Processes: summarized from the discussion sections of
case reports, this captures the logical steps used to reach a diag-
nosis or formulate a treatment plan. For diagnosis cases, the
reasoning focuses on methods like differential diagnosis. For
treatment cases, it emphasizes treatment goals and the rationale
behind the chosen interventions.

Diagnosis or Treatment Results: directly extracted from the raw
case reports. For diagnosis, this includes identified diseases. For
treatment, it consists of free-text descriptions of the recom-
mended interventions.
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Additionally, each case is categorized by “body system” and
“disorders and conditions” following the taxonomy from MedlinePlus
(https://medlineplus.gov/healthtopics.html). We further utilize
Orphanet Rare Disease Ontology (ORDO)(http://www.ebi.ac.uk/ols4/
ontologies/ordo)” to identify rare diseases among the cases. This
allows MedR-Bench-Diagnosis and MedR-Bench-Treatment to be fur-
ther split to create rare disease subsets containing 491 and 165 cases,
respectively. Case distributions are detailed in the Methods section,
with patient case examples provided in Supplementary A.l.

Evaluation settings. To evaluate LLMs’ clinical capabilities, we devel-
oped a framework covering three stages of the patient care journey:
examination recommendation, diagnostic decision-making, and
treatment planning, as shown in Fig. 1a (more detailed demonstrations
are shown in Supplementary Fig. 8). Below, we summarize these
components (see Section “Evaluation framework” in the “Methods” for
full implementation details).

Examination recommendation. This setting simulates a scenario
where a patient first visits a hospital, and LLMs are tasked with
recommending examination items such as lab tests or imaging studies,
iteratively gathering information to aid diagnosis or treatment. Using
the MedR-Bench-Diagnosis, the case summaries—excluding ancillary
test results—serve as input, while the ancillary test events are used as
for ground-truth reference. Similar to previous works*?*¥, we initi-
alize an LLM-powered agent to play the role of the patient. The
assessed clinical LLM can interact with it by recommending relevant
examination items, and the agent provides corresponding results.

To evaluate performance, we define two sub-settings: (i) 1-turn
examination recommendation: LLMs can query examination results in
a single round of interaction; (ii) Free-turn examination recommen-
dation: LLMs can query information through multiple rounds until
sufficient information is gathered for subsequent decisions.

Diagnostic decision-making. This setting evaluates whether LLMs can
deliver accurate diagnoses based on the given patient information.
Using the MedR-Bench-Diagnosis, case summaries serve as input, while
the recorded diagnoses serve as the ground truth.

We define three sub-settings based on the availability of exam-
ination information: (i) diagnostic decision after 1-turn examination
recommendation: LLMs use the limited information gathered from the
1-turn setting; (ii) diagnostic decision after free-turn examination
recommendation: LLMs use more comprehensive information from
the free-turn setting; (iii) oracle diagnosis: LLMs have access to all
ground-truth examination evidence, representing the easiest setting.

Treatment planning. This setting evaluates LLMs’ ability to propose
suitable treatment plans. Using the MedR-Bench-Treatment, case
summaries—including diagnostic results—serve as input, with the
practical treatment plan as the reference. Unlike diagnosis, only the
oracle setting is used, where LLMs are provided with all ground-truth
patient data, for example, basic patient information, ancillary tests,
and ground-truth diagnostic results. This reflects the challenges of
treatment planning, which is sufficiently challenging, as suggested by
our results.

Evaluation metrics. We designed six metrics to objectively evaluate
the performance of LLMs, focusing on both their reasoning processes
and final outputs, as illustrated in Fig. 1b. Notably, for DeepSeek-R1, it
will have two potential reasoning parts, one presented in the formal
part and the other presented in the default thinking part (please refer
to “Methods” “LLM baselines” for more detailed explanations). By
default, in figures, we report the former for fair comparison. In tables,
we report LLM-powered reasoning metrics for both, recorded as “XX
/xx,” where the former denotes the reasoning part in the formal answer

part, and the latter denotes the marked thinking part. Below, we briefly
introduce these metrics, with more detailed explanations provided in
Section “Evaluation metrics.”

For reasoning processes, which are primarily expressed in free
text and pose significant evaluation challenges'****, we developed a
LLM-based system called the Reasoning Evaluator. This system
decomposes, structures, and verifies reasoning steps. It identifies
effective versus repetitive steps and evaluates their alignment with
medical knowledge or guidelines by referencing online medical
resources. If ground-truth reasoning references are available, the sys-
tem further assesses whether all relevant steps have been included.
Please refer to the Method for more details.

Based on this pipeline, we define the following LLM-powered
reasoning metrics:

* Efficiency: evaluates whether each reasoning step contributes new
insights toward the final answer rather than repeating or
rephrasing previous results.

Factuality: assesses whether effective reasoning steps are con-
sistent with established medical guidelines or knowledge. Similar
to a “precision” score, it calculates the proportion of factually
correct steps among all predicted effective reasoning steps.
Completeness: measures how many reasoning steps explicitly
marked in the raw case report are included in the generated
content. Analogous to “recall,” it computes the proportion of
mentioned reasoning steps among all ground-truth steps. While
raw case reports may omit some steps, those included are
considered essential reasoning evidence.

These three LLM-powered metrics work together to comprehen-
sively assess the quality of the reasoning process. Efficiency evaluates
whether each step offers a potential direction for reasoning, while fac-
tuality assesses whether the reasoning aligns with established medical
knowledge. Completeness, from another perspective, measures whe-
ther the model’s reasoning process covers all necessary analytical steps.

On the final generation, for example, recommended examina-
tions, diagnosed diseases, and treatment plans, the following metrics
are used:

* Accuracy: evaluates whether the final answer (both diagnosis and
treatment) explicitly matches the ground-truth provided in the
raw case reports.

* Precision and Recall: used for examination recommendation,
where LLMs generate a list of recommended examinations for a
given patient case. These metrics are calculated by comparing the
generated examination list with the ground-truth ancillary test list
recorded in the case report.

Results in examination recommendation

This section presents the main evaluation results for examination
recommendations, as illustrated in Fig. 1c, d. Detailed results for the
recommended examinations are summarized in Supplementary
Table 1, while the results for the reasoning processes are provided in
Supplementary Table 2.

Analysis on recommended examinations. In the 1-turn setting, as
shown in Supplementary Table 1, DeepSeek-R1 achieves the highest
recall at 43.61%, demonstrating its ability to identify the most relevant
examinations. Gemini-2.0-FT follows closely with a recall of 43.12%.
Qwen-QwQ and MedGemma rank in the middle, while OpenAl-03-mini,
Baichuan-M1, and DiagnoseGPT perform sub-optimally.

For precision, Baichuan-M1 outperforms other models with a
score of 41.78%, indicating better alignment with medical scenarios
and the ability to recommend relevant examinations. In contrast,
Gemini-2.0-FT and MedGemma score the lower precision at 22.77%
and 22.65% respectively, suggesting frequent recommendations of
irrelevant examinations.
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Fig. 1| Overview of our main evaluation pipeline and results. a Our evaluation  in the supplementary tables. d The qualities of reasoning processes, with results for

framework across three critical patient stages. b The LLM-powered metrics for rare cases also provided in the supplementary tables. For examination recom-
reasoning processes and final generations using our Reasoning Evaluator. ¢ The mendation, 1-turn reasoning results are plotted, and for diagnostic decision, oracle
performance of seven LLMs on examination recommendation, diagnostic decision-  reasoning results are plotted. Error bars show two-sided 95% z-based confidence
making, and treatment planning. Notably, for treatment planning, we include a intervals for the mean across cases; n denotes the number of independent
comparison on rare disease cases. For other settings, as the rare disease results patient cases.

show minimal variation compared to all cases, we omit them here and provide them
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In the free-turn setting, where models are allowed unlimited
queries, no significant improvements are observed in either precision
or recall across all models. Missed examinations remain unrecovered,
even with additional turns, and performance even declines in
some cases.

For general LLMs, OpenAl-03-mini achieves a recall of 38.22% in
the free-turn setting, slightly lower than its 1-turn recall of 38.47%.
Similarly, DeepSeek-R1 drops from 43.61% in the 1-turn setting to
40.67% in the free-turn setting.

For medical LLMs, DiagnoseGPT achieves a recall of only 12.38%,
which is substantially lower than its 1-turn recall of 22.70%. To explain,
we first notice that general LLMs tend to enter repetitive query loops in
the free-turn setting, which hinders further improvement in recall
performance, even with more available interactive turns. Additionally,
different from the 1-turn setting, which we force LLMs to query
examinations at least for one turn in the instruction, in the free-turn
setting, models are required to self-determine when to stop querying.
Therefore, in certain cases, they may terminate the process prema-
turely, without making any more queries, resulting in their recall
scores dropping in this setting. This problem is particularly severe for
DiagnoseGPT due to its training being tailored to diagnosis only
instead of examination recommendations, leading to a significant
decline in its performance.

Overall, current LLMs still face significant challenges in handling
multi-turn dialog effectively, which limits the utility of the free-turn
setting and underscores the difficulties these models encounter when
dynamically generating appropriate queries during extended clinical
interactions.

Finally, when analyzing performance on rare diseases (Supple-
mentary Table 1), we find that most models maintain comparable
performance to that across common diseases.

Analysis on reasoning processes. At the reasoning level, we focus
primarily on the 1-turn setting, as the free-turn setting involves
extended reasoning processes that grow with the number of turns.
Notably, completeness cannot be calculated in this context because raw
case reports rarely document the reasoning behind the selection of
specific examinations.

As shown in Supplementary Table 2, the results on efficiency reveal
that DeepSeek-R1 achieves the highest score at 98.59%, demonstrating
its ability to produce concise and relevant reasoning steps. In contrast,
Qwen-QwQ performs sub-optimal, with an efficiency score of just
86.53%. This may be attributed to its training objective of “reflecting
deeply™, likely causing it to generate excessive attempts, ultimately
reducing its efficiency. DiagnoseGPT performs worst on this metric
due to its failure in interactive examination querying and tendency to
repeatedly summarize the patient’s situation rather than reasoning
through the next step.

For factuality, most LLMs perform well, achieving scores close to
95%. Among them, Gemini-2.0-FT emerges as the most reliable model
in examination recommendation, with a factuality score of 98.75%.
However, it is notable that none of the models achieve perfect fac-
tuality (100%) in their reasoning processes, underscoring the need to
carefully verify critical reasoning steps in practical medical
applications.

When analyzing reasoning on rare diseases (Supplementary
Table 2), we observe consistent trends with those for common dis-
eases, suggesting the robustness of LLMs across common and
rare cases.

Results in diagnostic decision-making

This section presents the results for diagnostic decision-making, ana-
lyzing performance on both the final output and reasoning levels.
Figure 1c and Supplementary Table 3 show the diagnostic decision-
making accuracy for both all diseases and rare diseases. Figure 1d and

Supplementary Table 4 present the results for diagnostic reasoning
processes across all diseases. Supplementary Table 5 further shows the
results of the reasoning process specifically for rare diseases.

Analysis on disease diagnosis. As shown in Fig. 1c and Supplementary
Table 3, we evaluate diagnostic performance across three settings:
I-turn, free-turn, and oracle. Notably, for oracle diagnosis, we also
introduce a new human reference benchmark. Six physicians with 5
years of clinical experience from Xin Hua Hospital, affiliated with
Shanghai Jiao Tong University School of Medicine, were invited to
independently perform an oracle diagnosis task with the help of online
searching (restricting access to the original case reports). Their aver-
age performance is recorded to provide a meaningful human baseline.

In the 1-turn setting, DeepSeek-R1 achieves the highest diagnostic
accuracy (71.79%), demonstrating its ability to gather relevant infor-
mation and produce accurate diagnoses. Gemini-2.0-FT follows with
an accuracy of 68.55%. These results highlight the correlation between
active information collection and diagnostic precision. Baichuan-M1
and OpenAl-03-mini rank in the middle, while Qwen-QwQ, Med-
Gemma, and DiagnoseGPT perform less effectively, consistent with
their results in examination recommendation.

In the free-turn setting, where models can iteratively query addi-
tional information, most models show improved diagnostic accuracy.
For instance, DeepSeek-R1 increases its accuracy from 71.79% (1-turn)
to 76.18%, and OpenAl-03-mini improves from 64.99% to 67.19%, even
though they do not demonstrate higher examination recommendation
recall in the free-turn setting. This pattern can be primarily attributed
to the increased number of reasoning tokens generated in the free-
turn setting. Specifically, during free-turn interactions, models may
not necessarily propose more critical examinations, but they can
revisit and reinterpret previously recommended examinations. This
enables the formation of longer and more elaborate reasoning chains,
which not only provide the model with greater opportunity to justify
and refine its decisions but also enhance its ability to compensate for
earlier errors, serving as a form of inference scaling. However, if the
model performs too poorly in free-turn examination recommenda-
tions, we also observe that errors tend to propagate. For instance,
DiagnoseGPT drops significantly in free-turn diagnosis accuracy,
dropping from 54.44% to 39.60%. This trend aligns with its markedly
reduced performance in examination recommendation tasks, where
its accuracy drops by more than 10% in the free-turn setting compared
to the one-turn setting.

In the oracle setting, where all crucial diagnostic information is
provided, all models achieve significantly higher accuracy. For exam-
ple, DeepSeek-R1 improves from 76.18% in the free-turn setting to
89.76%, followed by Gemini-2.0-FT. MedGemma, OpenAl-03-mini,
Qwen-QwQ, and Baichuan-M1 also perform well, achieving accuracies
above 83%. DiagnoseGPT performs worst in this task, with an accuracy
of 79.62%. These results emphasize the importance of identifying and
recommending relevant examinations to support accurate diagnoses.
Interestingly, recent LLMs generally outperform individual physicians
in diagnostic accuracy. We attribute this to the broad and systematic
medical knowledge LLMs acquired during training, in contrast to the
limitations of individual human expertise across multiple specialties.
Therefore, the performance of a single physician should be viewed as a
reference point rather than a definitive upper bound of human cap-
ability. Since all benchmark cases were successfully resolved by expert
teams, producing definitive diagnoses and guideline-compliant treat-
ment plans, the true human upper bound corresponds to solving all
cases correctly within a multidisciplinary clinical workflow.

Performance on rare diseases is consistent with that on common
ones. On the one hand, this further demonstrates the robustness of
these models in challenging scenarios. Through pretraining on large
medical corpora, they have encountered rare conditions that are dif-
ficult for ordinary physicians to master. On the other hand, we
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conducted a thorough case study and found that many rare diseases
have specific diagnostic tests, which are provided in the auxiliary test
results, significantly reducing the difficulty of such tasks. The primary
challenge in diagnosing rare diseases lies in proposing the appropriate
specific test as early as possible. We also include a case study for this
situation, as illustrated in Supplementary A.1.4.

Analysis on reasoning processes. In the 1-turn diagnostic setting, as
shown Supplementary Table 4, in where reasoning builds on incom-
plete examinations, most models—except Qwen-QwQ—show a decline
in factuality compared to the oracle setting. This suggests that missing
examinations increases the likelihood of hallucinated reasoning.

Delving deeper into factuality, specialized models like Diag-
noseGPT achieve the highest score of 89.14%, outperforming gen-
eralists such as Qwen-QwQ (88.14%) and Baichuan-M1 (88.62%),
possibly due to its targeted optimization for diagnostic tasks that
enhances reliability under uncertainty. DeepSeek-R1 follows closely at
87.15%, demonstrating robust performance.

When it comes to efficiency and completeness, DeepSeek-R1
demonstrates superior efficiency, achieving a score of 95.86%, and
outperforms closed-source models such as OpenAl-03-mini (91.59%)
and Gemini-2.0-FT (83.77%). This advantage is likely attributable to its
671B parameters, which facilitate concise pattern recognition even
when information is limited. In contrast, smaller models like Baichuan-
M1 (82.91%) and Qwen-QwQ (76.97%) encounter greater challenges in
efficiency. Notably, Qwen-QwQ adopts a verbose style to compensate
for incomplete information, which comes at the expense of brevity.
However, this verbosity enhances completeness; Qwen-QwQ achieves
the highest completeness score (66.94%), as generating more detailed
responses helps retrieve ground-truth evidence under uncertainty.
Conversely, specialized models such as DiagnoseGPT prioritize accu-
racy, resulting in high factuality (89.14%) but lower completeness
(25.44%). MedGemma strikes a balance, with moderate efficiency
(90.22%) and completeness (49.91%).

Overall, completeness scores in the 1-turn diagnostic setting
remain lower than those in the oracle setting, highlighting the con-
straints imposed by missing examinations on comprehensive reason-
ing. This is expected, as limited examination data increase the risk that
LLMs overlook necessary reasoning steps due to the absence of prior
information.

In the oracle setting, where all essential examination results are
provided, models generally exhibit improved performance across
metrics due to the availability of complete data.

Delving into factuality, closed-source models lead with Gemini-
2.0-FT achieving the highest score of 98.23%, followed closely by
OpenAl-03-mini at 94.94%, reflecting their strong ability to avoid hal-
lucinations when all information is present. Among open-source
models, Baichuan-M1 (96.84%) and DeepSeek-R1 (95.03%) perform
robustly, while Qwen-QwQ lags at 84.02%, possibly due to its verbose
tendencies introducing unnecessary inferences. Compared to the
1-turn setting, factuality improves significantly.

Building on factuality, efficiency is notably high in this setting,
with DeepSeek-R1 topping the list at 97.17%, outperforming even
closed-source models like Gemini-2.0-FT (95.89%) and OpenAl-03-mini
(94.33%). This reflects DeepSeek-R1’s streamlined processes with
complete data, while smaller models like Baichuan-M1 (92.80%)
maintain solid efficiency, but Qwen-QwQ struggles at 71.20% due to its
lengthy outputs.

Shifting to completeness, MedGemma excels at 87.72%, benefiting
from its medical specialization to retrieve comprehensive evidence,
closely followed by Gemini-2.0-FT (83.28%). Qwen-QwQ achieves
79.97%, where its verbosity proves advantageous by covering more
ground-truth elements, though this comes at the expense of efficiency
and factuality. In contrast, smaller models like Baichuan-M1 (75.11%)
show moderate completeness.

Notably, for rare diseases as shown in Supplementary Table 5, the
performance remains consistent, and the factuality of most LLMs does
not decline. Efficiency trends mirror the all-diseases setting, with
DeepSeek-R1 again leading in both 1-turn (95.96%) and oracle (97.61%)
evaluations, though Qwen-QwQ’s efficiency remains low (76.34% in
1-turn and 72.25% in oracle). Completeness shows similar patterns, with
Qwen-QwQ (66.53% in 1-turn) and MedGemma (88.77% in oracle)
performing strongly, indicating that rarity does not significantly impair
models’ ability to generate comprehensive reasoning when examina-
tions are available.

Results in treatment planning

This section presents the results of treatment planning. The overall
findings are illustrated in Fig. 1c (final generation) and Fig. 1d (rea-
soning processes), with detailed results provided in Supplementary
Table 6.

Analysis on treatment plans. In treatment planning, similar to oracle
diagnosis, we also introduce a human reference benchmark. We
observe that the precision of recommended treatment plans is sig-
nificantly lower than the accuracy of diagnostic outputs. Among the
models, Baichuan-M1and DeepSeek-R1 achieve the highest accuracy at
30.65% and 30.51%, respectively. These results underline the increased
complexity of treatment planning compared to diagnosis, emphasiz-
ing the need for further development of LLMs.

Unlike diagnosis, where rare cases do not impact performance,
treatment planning shows a notable decline in precision for rare dis-
eases across general models. For instance, OpenAl-03-mini drops from
27.03% to 23.17%, and DeepSeek-R1 decreases from 30.51% to 27.27%.
This highlights a persistent gap in therapeutic knowledge for rare con-
ditions. In contrast, Baichuan-M1 maintains stable performance, with
precision only slightly decreasing from 30.65% to 30.30%, demonstrat-
ing the effectiveness of its medical knowledge enhancement. Regarding
the human baseline, the accuracy for all diseases is 36.67%, which is
significantly higher than that of current LLMs, indicating that current
LLMs still lack sufficient capability in treatment planning. However, it is
important to note that the human baseline (36.67%) is still far from ideal.
In our evaluation, this baseline reflects the performance of a single
physician with 5 years of experience working independently. Treatment
planning is inherently more challenging than diagnosis, often requiring
multidisciplinary input and consideration of various clinical scenarios.
In addition, the evaluation criteria for treatment are stricter: while
diagnosis is considered correct if it matches the ground truth, a treat-
ment plan must comprehensively address multiple key aspects. Missing
even one critical component renders the plan incorrect. These factors
collectively contribute to the relatively low accuracy observed in both
human and model performance. A more detailed case demonstration is
provided in Supplementary ALS.

Analysis on reasoning processes. As shown in Supplementary
Table 6, reasoning quality in treatment planning is generally strong.

Delving into factuality, most models demonstrate robust perfor-
mance across both “all diseases” and “rare diseases,” with scores
typically above 94%. In the “all diseases” setting, closed-source models
like Gemini-2.0-FT lead with the highest score of 96.96%, closely fol-
lowed by OpenAl-03-mini at 96.77% and open-source models such as
Baichuan-M1 at 96.56%. DeepSeek-R1 achieves 94.59%, while specia-
lized models like DiagnoseGPT (92.86%) and Qwen-QwQ (94.40%) are
slightly lower but still reliable. For “rare diseases,” patterns remain
similar, with OpenAl-03-mini topping at 96.81% and Gemini-2.0-FT at
96.68%, followed by Baichuan-M1 at 95.97%. Overall, factuality shows
minimal degradation in rare diseases, suggesting that models handle
less common conditions without increased hallucination.

Shifting to efficiency, most models excel in producing concise
reasoning, with scores often exceeding 90%, highlighting their
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capability to generate streamlined treatment plans without unneces-
sary verbosity. For “all diseases,” MedGemma stands out with the
highest efficiency of 96.53%, followed by DeepSeek-R1 at 95.25% and
OpenAl-03-mini at 94.67%. Closed-source models generally perform
well, with Gemini-2.0-FT at 93.66%, while open-source ones vary:
Baichuan-M1 achieves 88.47%, but Qwen-QwQ lags at 84.76%, likely
due to its tendency for verbose outputs. In “rare diseases,” trends
persist, with MedGemma again leading at 96.91% and DeepSeek-R1 at
95.37; Qwen-QwQ remains the lowest at 83.31%. This consistency
across disease types indicates that efficiency is robust to rarity.

Finally, for completeness, models vary more widely, with scores
ranging from 50% to nearly 80%. In “all diseases,” Qwen-QwQ achieves
the highest completeness of 77.66%, benefiting from its verbose rea-
soning that covers more ground-truth elements, followed by Gemini-
2.0-FT at 75.89% and MedGemma at 71.70%. DeepSeek-R1 scores
68.08%, while specialized models like DiagnoseGPT lag at 53.86%,
prioritizing brevity over exhaustiveness. For “rare diseases,” Qwen-
QwQ again leads at 78.74%, with Gemini-2.0-FT at 77.10% and
DeepSeek-R1 at 68.28%; DiagnoseGPT remains low at 52.25%. Com-
pleteness shows slight improvements in rare diseases for some mod-
els, suggesting that verbosity aids in addressing uncertainties in
uncommon cases. However, this metric often trades off with efficiency
and factuality, as seen in Qwen-QwQ’s high completeness at the
expense of lower scores in the other two areas, whereas balanced
models like MedGemma achieve moderate completeness without
sacrificing overall reasoning quality.

Considering that the final accuracy of treatment planning remains
below 30%, it becomes evident that the current reasoning processes,
while generally concise and exhibiting reduced hallucinations (though
not entirely eliminating them), are still insufficient to ensure high-
quality treatment recommendations. This highlights the inherent
complexity of treatment planning: even when reasoning is streamlined
and hallucinations are mitigated, omissions of critical reasoning steps
often lead to incomplete or incorrect treatment plans. Model com-
pleteness remains around 70%, indicating substantial room for
improvement in covering all necessary aspects. Compared to diag-
nosis, treatment planning accuracy is much more sensitive to missing
reasoning steps. In diagnostic tasks, models may occasionally reach
correct conclusions even if some reasoning elements are overlooked.
In contrast, for treatment planning, missing a key step typically has a
direct and negative impact on the final recommendation, resulting in
plans that lack essential components. These findings underscore the
need for further advancements in both the depth and completeness of
reasoning chains.

Discussion

In this study, we evaluate the latest reasoning-enhanced LLMs in the
medical domain, focusing on both final outputs and the underlying
reasoning processes. Unlike previous work on medical LLMs
evaluation®™, our approach places greater emphasis on quantifying
the quality of reasoning. The key contributions of this study are as
follows:

A diverse evaluation dataset on clinical patient cases with reason-
ing references. We introduce MedR-Bench, a dataset of 1453 structured
patient cases derived from published case reports. It spans 13 medical
body systems and 10 disorder specialties, covering both common and
rare diseases for diagnosis and treatment planning. Unlike existing
multiple-choice datasets, MedR-Bench closely mirrors practical medi-
cal practice. Furthermore, each case is enriched with reasoning evi-
dence extracted from high-quality case reports, enabling a rigorous
evaluation of reasoning processes.

A versatile evaluation framework covering three critical patient
stages. Our benchmark assesses LLM performance across three key
stages of patient care: examination recommendation, diagnostic

decision-making, and treatment planning. This framework replicates a
typical clinical workflow, providing insights into areas where LLMs
perform well and identifying gaps in their ability to support clinical
decision-making.

A set of objective metrics from multiple perspectives. We adopt a
multi-dimensional set of metrics to assess LLM performance. Beyond
evaluating the accuracy of final outputs, we introduce the LLM-
powered Reasoning Evaluator, a system designed to quantitatively
measure the quality of free-text reasoning. Using an automated ver-
ification mechanism, this system ensures that reasoning is supported
by authoritative medical evidence or aligns with reference ground-
truth reasoning.

The following findings summarize the performance of LLMs on
MedR-Bench:

LLMs demonstrate strong diagnostic performance with sufficient
examinations. State-of-the-art reasoning LLMs demonstrate strong
diagnostic capabilities when presented with sufficient, well-structured
information (Supplementary Table 5). These models excel at synthe-
sizing medical examination results from different specialists to pro-
duce clear and accurate diagnoses. While occasional mistakes occur,
the overall results are encouraging and highlight the potential for
integrating LLMs into clinical workflows. This represents a promising
step toward their integration into medical practice.

Examination recommendation and treatment planning remain
challenging. Despite their diagnostic success, LLMs struggle with
recommending additional examinations to gather necessary diag-
nostic clues (Supplementary Table 1). This limitation is critical, as such
recommendations are central to accurate medical decision-making.
Similarly, treatment planning poses significant challenges, with per-
formance in this area lagging notably. This shortfall is likely due to the
fact that the oracle diagnosis setting closely resembles multiple-choice
medical question-answering datasets®’, which have been widely opti-
mized. This suggests that while LLMs have mastered basic medical
knowledge and can synthesize examination results, they are not
yet aligned with the dynamic hospital environment. These gaps
underscore the need for human oversight in clinical applications and
highlight key areas for future improvement.

Reasoning capabilities of LLMs in medicine remain inadequate. Our
benchmark evaluates reasoning quality through LLM-powered metrics
such as efficiency, factuality, and completeness. While most models
achieve high efficiency (over 90%, except for Qwen-QwQ), indicating
that their reasoning steps contribute meaningfully to decisions, fac-
tuality scores reveal occasional errors. Such mistakes, though tolerable
in general contexts, pose risks in clinical settings where over-reliance
on LLM outputs could lead to harm. Completeness is particularly
concerning, with scores between 70% and 80%, reflecting frequent
omissions of critical reasoning steps essential for clinical decision-
making. Overall, the reasoning capabilities of current LLMs are barely
satisfactory and require substantial improvement to meet the
demands of clinical reliability and accuracy.

LLMs maintain robust performance on rare diseases, despite chal-
lenges. MedR-Bench includes cases involving rare diseases, which are
inherently more difficult. While performance in treatment planning for
these cases is weaker, the decline is mild, and LLMs maintain consistent
accuracy in other tasks. This robustness suggests that current LLMs
possess a strong foundational understanding of medical knowledge,
even for rare disease domains, underscoring their potential applic-
ability in diverse clinical scenarios.

The gap between open-source and closed-source LLMs is narrowing.
Encouragingly, the latest open-source models, such as DeepSeek-R1,
are approaching the performance of closed-source LLMs in medical
tasks. Open-source models offer significant advantages for clinical
applications, including local deployment to safeguard patient privacy
and mitigate risks of data leakage. Their accessibility also reduces
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reliance on proprietary systems, fostering broader adoption of LLM-
driven solutions in medicine while avoiding monopolization of medi-
cal resources.

Related work and novelty. Traditional evaluations of medical LLMs
predominantly rely on the accuracy in multiple-choice question (MCQ)
exams, such as MedQA®, MedMCQA’, and PubmedQA®. As attention
shifts toward real-world clinical applications, recent studies have
broadened evaluation scopes.

Recent work™ evaluates LLMs on clinically relevant tasks, cate-
gorizing diseases as rare or common, and focuses on three core clinical
activities: examination recommendation, diagnostic decision-making,
and treatment planning. The evaluation is conducted manually by
physicians. Building on this, the work" further assesses advanced
models such as DeepSeek-R1 on a range of clinical challenges,
demonstrating the advancement of state-of-the-art open-source LLMs.

As reasoning becomes a more explicit focus in recent LLMs, new
benchmarks and studies have been introduced to evaluate reasoning
capabilities'® . While these advancements provide significant value to
the community, certain limitations persist.

First, these benchmarks predominantly focus on exam-style'**
questions or sourcing from online conversational cases', these sour-
ces typically do not fully capture the depth, complexity, and structured
reasoning present in real-world clinical practice.

Second, most evaluations'®?" lack scalable, reasoning-oriented
automated metrics. Many'*?° rely on final multiple-choice or diagnosis
accuracy as an indirect measure of reasoning quality. While recent
concurrent work? employs human ratings to evaluate reasoning, this
approach, though reliable, is too costly for timely monitoring of the
rapid advancements in clinical reasoning LLMs.

To address these gaps, our paper distinguishes itself in testing
cases, evaluation tasks, and metrics:

* Use of Clinical Cases: unlike prior benchmarks that rely heavily on
synthetic data or medical exam-style MCQs’7"*?°, MedR-Bench is
built upon authentic patient case reports curated from PubMed
Central Open Access (PMC-OA), which are from clinical practice.
We point out that clinical case reports are a great treasure for
assessing clinical reasoning LLMs as: (1) all of them are collected
from clinical practices, (2) most of them provide reasoning
references and detailed analyses in the raw discussion sections,
serving as reasoning-wise ground truth reference. The utilization
of case reports as reasoning-focused LLM benchmark allows for a
more rigorous and clinically relevant evaluation of LLMs’s
reasoning ability, more closely reflecting real-world medical
practice.

Comprehensive Clinical Task Coverage: MedR-Bench also evaluates
models across the full spectrum of clinical reasoning: from
examination recommendation to diagnosis formulation and
treatment planning. This multi-stage structure offers a holistic
and task-diverse evaluation, supplementing prior works with
additional clinical tasks. Our benchmark thus enables a more
robust and realistic assessment of LLMs’ potential to assist with
full-cycle clinical decision-making.

Agentic and Scalable LLM-powered Reasoning Metrics: critically, we
introduce an agentic evaluation framework to measure reasoning
quality in free-text outputs, a long-standing challenge in the field.
Prior methods either rely on handcrafted scoring rules' or on
labor-intensive manual annotations', which limit their scalability
and generalizability. Our framework systematically decomposes
model outputs into structured reasoning steps, classifies them
(e.g., as reasoning, citation, repetition, etc.), and quantifies their
alignment with factual references by leveraging web-scale
information retrieval. This approach enables scalable, reproduci-
ble, and domain-adaptable evaluation of reasoning fidelity,
marking a significant methodological advancement.

Limitations

Finally, we must acknowledge several limitations of our work. First,
although we have considered the most recently published case
reports, we cannot fully guarantee that all cases were excluded from
the training procedures of all models, as some of the latest LLMs do
not disclose their training data cut-off time. Among the evaluated
models, DiagnoseGPT, MedGemma, and Gemini-2.0-FT explicitly
guarantee that all MedR-Bench cases were excluded from their training
data. Other models show no suspicious performance gains compared
to these two, suggesting that data leakage is not a significant issue in
our evaluation. However, to mitigate data leakage risks, we still
recommend that future benchmarks incorporate more private data
from local clinical centers and consider more clean LLM baselines.
Second, although sources of case reports provide rich and clinically
meaningful data that reflect real clinical scenarios, the cases in our
benchmark are automatically restructured by LLMs. This process may
introduce minor imperfections and inevitably results in some differ-
ences from actual clinical practice.

Third, the LLM-based reasoning metrics we designed aim to
automatically and objectively quantify the LLM’s performance in a
scalable manner; however, they cannot fully replace human verifica-
tion, which, though costly, remains essential.

To address these limitations, we have released all code, evaluation
cases, and model responses for the community to access and refine.
We encourage clinicians to engage in reviewing and validating LLM-
generated responses to further advance research in this domain.

Methods

This study used only publicly available, de-identified data and did not
involve any experiments on human participants or animals. Therefore,
ethical approval was not required. This section describes the devel-
opment of MedR-Bench, including the data curation pipeline, the
three-stage evaluation framework, and the implementation of evalua-
tion metrics via the LLM-powered Reasoning Evaluator. All text
prompts used are provided in the Supplementary Materials and
referenced as Prompt X, where X denotes the corresponding prompt
number.

Data curation

As illustrated in Fig. 2a, case reports were collected from the PMC-OA
Subset*, focusing on articles labeled as “case reports.” To minimize
potential data leakage, we excluded papers published before July
2024, aligning with the training data cut-off date of OpenAl-03-mini
and Gemini-2.0-FT. While other models did not disclose their cut-off
dates, their release timeline (near January 2025) and comparable per-
formance suggest this cut-off date is adequate for analysis. This fil-
tering yielded 3817 raw case reports.

To ensure relevance, case reports unrelated to diagnosis or
treatment, such as those focused on medical education, were excluded
using GPT-40% (gpt-40-2024-11-20) with Prompt 1. Relevant reports
were reformatted into structured patient cases using GPT-4o.
Diagnosis-related cases included sections on “differential diagnosis
processes” and “final diagnosis explanations” (Prompt 2), while
treatment-related cases included “treatment objectives” and “com-
prehensive rationale” (Prompt 3).

Case quality human evaluation. To ensure the quality of the gener-
ated cases, we conducted a thorough human evaluation in collabora-
tion with 6 licensed physicians, each with approximately 5 years of
experience, from “Xin Hua Hospital Affiliated to Shanghai Jiao Tong
University School of Medicine,” as shown in Fig. 3a. Specifically, a
random sample of 100 generated cases was selected for evaluation.
Each medical case is assessed by three physicians independently, and
their majority vote results are adopted as the final decision. For
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reasoning quality across three dimenstions: efficiency, factuality, and complete-
ness. External search engines are employed to assist the agent in more accurately
evaluating the correctness of the provided reasoning steps. ¢ The distribution of
patient cases across different medical aspects.

diagnosis, they verify that whether the symptom presentations and
diagnostic pathways align with clinical practice. For treatment cases,
they assess whether the proposed treatment options adhere to current
medical guidelines and standards. The results demonstrated that 100%
of diagnostic cases and 96% of treatment cases can pass human eva-
luation, thereby validating the overall quality of the dataset.

Patient case classification. To ensure comprehensive coverage of
patient cases in our evaluation dataset, each case is classified based on
medical aspects and its relevance to rare diseases. For medical aspects,
we adopt the “Body System” and “Disorders and Conditions” taxo-
nomies from MedlinePlus®, as outlined on their “Health Topics” page.
Cases that do not fit into any predefined category are classified as
“others.” Using Prompt 4, GPT-40 categorizes cases into body system
classes based on the primarily affected body part, while Prompt 5
assigns cases to disorder categories based on the associated diseases.

To identify rare disease cases, we use the ORDO?X. First,
Scispacy® is employed to extract all associated UMLS* Concept
Unique Identifiers (CUIs) from the patient case. If any CUIs match those
listed in ORDO, the case undergoes further verification using GPT-40 at

the free-text level with Prompt 6 to confirm explicit mention of rare
diseases. Cases passing both steps are classified as rare disease-related;
otherwise, they are labeled as unrelated to rare diseases.
Consequently, all patient cases are categorized into three
dimensions: “Body System,” “Disorders and Conditions” (abbreviated
as “Disorder”), and rare disease relevance. In total, 1453 clinical patient
cases are included in MedR-Bench, comprising 957 diagnosis cases and
496 treatment cases. Among these, 491 diagnosis cases and 165
treatment cases are related to rare diseases. The distribution of cases
across medical aspects is shown in Fig. 2a. Detailed patient cases, along
with reference category labels, are provided in Supplementary A.l.

Evaluation framework

In this section, we introduce the implementation details of our eva-
luation framework. Three critical patient stages are considered:
examination recommendation, diagnostic decision-making, and
treatment planning, similar to recent work",

Examination recommendation. In this stage, inspired by prior
works'?*?, we evaluate the ability of LLMs to dynamically interact with

Nature Communications | (2025)16:9799


www.nature.com/naturecommunications

Article

https://doi.org/10.1038/s41467-025-64769-1

a. Case Quality Checking

» R

Raw Case Report

* =

Generated Cases

b. Agentic Metric Quality Checking

v" Accuracy:

The Final Generation:

O

v Efficiency:
One Predicted Reasoning Step :

1.

O

v' Factuality:
One Predicted Reasoning Step :

1.

O

v Completeness:
One Referenced Reasoning Step :

1.

O

Fig. 3 | The demonstration of the human evaluation pipeline. a Our assessment
of case quality, in which three physicians independently review whether each final
patient case aligns with the corresponding raw case report. The final accuracy is
determined by the majority vote. b Our evaluation of agentic metric quality. We
assess the model’s final predictions and reasoning steps based on accuracy and
reasoning step-wise efficiency, factuality, and completeness, respectively. Physi-
cians rate whether the predictions are correct compared to the ground truth or

Is the final case consistent with
the original case report?

Is the final generation correct
compared to ground truth?

Is the reasoning step efficient
towards final generation?

Is the reasoning step factual
compared to medical facts?

Is the referenced reasoningstep [ | v
covered in the prediction? v

Human Evaluation Details
S1: Judging by three physicians

B o 0

S2: Majority voting

— ~
o et
|

Human Evaluation Details

S1: Judging by three physicians

B o o

— $2: Majority voting

i v
e <y oo ves 7S
I

$3: Judging by the agentic metrics

@ | determine Yes. ~

S4: Consistency between:
Agentic and majority
Physicians and majority

assess each provided reasoning step for whether it is correct, efficient, and covered
(the referenced reasoning step is given). Then, we similarly obtain the majority vote
results and calculate consistency between them and the agentic rating results. For
reference, we also calculate the agreement with the majority vote to better
demonstrate whether our agentic rating procedure is reliable compared to human
beings.

patients and actively recommend necessary examinations for clinical
decision-making. To achieve this, we build a patient agent using GPT-
40 with Prompt 7, where {case} represents a specific patient case from
MedR-Bench.

The patient agent is responsible for providing examination results
upon request, simulating a scenario in which a patient presents their
available test reports to a clinician. Notably, the term “patient” here
refers to the returned information about the patient, rather than
implying that the agent itself is simulating a patient’s responses. Spe-
cifically, Prompt 7 is designed to instruct the LLM to act as a medical
expert to perform exact information extraction, ensuring that the
agent provides accurate and clinically appropriate responses groun-
ded in the case information, simulating the scenario in which a patient
completes the recommended examinations and presents their pro-
fessional clinical reports to a clinician.

During evaluation, clinical LLMs are presented with a patient case
summary, excluding details about ancillary tests, and tasked with
interacting with the patient agent to gather the required information
for an accurate diagnosis. The interaction follows one of two proto-
cols: 1-turn examination recommendation or a free-turn examination
recommendation. In each turn, LLMs may request additional exam-
inations, such as imaging or lab tests, simulating clinical workflows. If
the requested examination is not available in the patient case, the
patient agent will respond with: “There is no relevant ancillary test
information available for this request.”

Under the 1-turn protocol, LLMs are prompted to request essen-
tial additional information based on the patient case using Prompt 8.
The instruction explicitly directs the model to recommend additional
examinations. Consequently, examination suggestions are elicited
from the model in every case. Moreover, in the conclusion section, the
model is instructed to “give a preliminary conclusion if possible, or
summarize the current findings,” thereby placing greater emphasis on
summarization rather than providing a definitive diagnosis.

In the free-turn protocol, LLMs are first prompted with Prompt 10
to input the patient case summary. This instruction grants the model
greater autonomy to decide whether to request further information,
recommend examinations, or proceed directly to a diagnosis. Corre-
spondingly, the conclusion prompt states: “if you do not require
additional information, please provide a final conclusive diagnosis.”
This design encourages the model to behave more flexibly and to
emulate realistic diagnostic decision-making. For subsequent turns,
they are prompted using Prompt 11 to decide whether the available
information is sufficient to make a clear diagnosis.

Diagnostic decision-making. In this stage, we assess the LLM'’s diag-
nostic capabilities across different settings, ordered by increasing
critical information availability: (i) diagnosis after 1-turn examination
recommendation: The LLMs are prompted to provide a final diagnosis
by integrating the basic patient case information with the additional
details obtained during the 1-turn examination recommendation stage,
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using Prompt 9. (ii) diagnosis after free-turn examination recommen-
dation: In this scenario, the LLMs diagnose based on examination
information gathered during free-turn interactions, where they
determine that the available information is sufficient. To prevent infi-
nite loops, the maximum number of turns is capped at five. If this limit
is reached, the LLM is required to make a diagnosis based on the
information collected up to that point. (iii) oracle diagnosis: In this
setting, the LLMs are provided with the full ground-truth patient
information, including all auxiliary tests, and are prompted to make a
diagnosis using Prompt 12.

Treatment planning. In this stage, we provide the LLMs with the
complete patient information, including the final diagnosis result, to
generate recommendations for the preferred treatment plans using
Prompt 13. Specifically, for each patient case in MedR-Bench, the
complete case summary is provided as input (oracle evaluation), and
the LLMs are instructed to perform treatment planning.

Evaluation metrics
In this section, we provide a detailed explanation of the implementa-
tion of various evaluation metrics.

To begin with, at the reasoning level, we introduce Reasoning
Evaluator, an agentic system powered by GPT-40, designed to objec-
tively assess the quality of free-text reasoning, as shown in Fig. 2b.
Formally, let the predicted reasoning process be denoted as
R={F,F,, --- ,Fy}, where each F; represents a reasoning step gener-
ated by the original assessed LLMs. The system begins by evaluating
the effectiveness of each reasoning step, classifying each step into one
of four categories: {citation, repetition, redundancy, reasoning}.

* Citation refers to steps that solely restate or cite information
directly from the input.

* Repetition refers to steps that merely restate conclusions already
made in earlier reasoning steps.

* Redundancy denotes steps that do not contribute meaningfully to
the final decision and are irrelevant to the reasoning process.

* Reasoning refers to steps that provide additional insights and
contribute to the final decision.

Formally, this classification can be formulated as e;=A(r;|P,),
where e; € {0, 1} indicates whether a given step is effective, and P,
represents the prompt (Prompt 15) used to instruct GPT-4o0.

Afterward, the agentic system evaluates the factuality of each
effective reasoning step by verifying its consistency with external
medical knowledge or established guidelines. Specifically, the system
first generates a series of search keywords for each effective reasoning
step, which is formulated as:

K=AFPy), ife=1, @
where K denotes the search keyword set and P represents the related
prompts (Prompt 16). By interacting with external search engine tools,
including Google (www.google.com), Bing (www.bing.com), or Duck-
DuckGo (www.duckduckgo.com), we can retrieve the Top-3 recom-
mended online pages. The system will then summarize their
information as the environment response, formulated as
Response = A(Search(K)|P,), where Search( - ) represents the search
APIs and P; is the prompt used for summarization. Finally, the agentic
system determines the correctness of each step based on the
summarized response:

ife;=0,

ife;=1. @

o,
c;= .
! { A(F;|Response, P.),

Similarly, here, P, is the prompt (Prompt 17) used to evaluate whether
the model output is consistent with the searched factual information
or contradicts it.

Next, if the ground truth reasoning evidence R is provided, the
agentic system will be employed to compare it against the prediction.
It evaluates how many steps of the ground truth reasoning evidence
can be found within the prediction R. We first decompose R into
multiple steps as {ry,r5, ..., Iy} =A(R|P,) using Prompt 14. Then, we
prompt the system with Prompt 18 to determine whether each step can
be found in the prediction using Px

fi= Ay, RIPy). €)

Based on the results obtained from the agentic reasoning judg-
ment process, the following reasoning-related LLM-powered metrics
can be derived:

* Efficiency: This metric evaluates the extent to which reasoning
steps contribute additional insights toward the final answer,
rather than merely repeating previous results or invoking irrele-
vant reasoning content. The efficiency score is defined as:

Efficiency = 4)

2|~
M=
K

—

i=

Factuality: In this metric, we focus on evaluating the factual
accuracy of reasoning steps. This can be analogous to Precision
scores. Based on the results of the Reasoning Evaluator, we cal-
culate the proportion of steps that adhere to established medical
knowledge or guidelines among all effective steps:

N
2i=1Gi
=11,

i=1€i

Factuality = 5)

Completeness: This metric assesses the extent to which reasoning
steps outlined in raw case reports are reflected in the generated
content. It is analogous to Recall scores and is calculated as:

1 M
Completeness = 7 ; fi (6)

Here, the calculation of the factuality score relies heavily on
external Internet searches, which may raise concerns about reprodu-
cibility due to the rapid evolution of online content. However, we have
to emphasize that our results remain stable, as our approach focuses
on retrieving key medical knowledge that tends to be factual, i.e.,
unlikely to be affected by web updates. To demonstrate it, we conduct
repeat evaluations at two different time points (2025-02 and 2025-06),
4 months apart, and observed that the consistency rates for key factual
reasoning metrics remained high, as illustrated in Supplementary
Table 7. We also have open-sourced all evaluation data, code, and
snapshots of referenced medical information to enhance
reproducibility.

Additionally, at the final generation level, e.g., examination
recommendation, disease diagnosis, treatment planning, we adopt
several classical metrics to quantify performance:

* Accuracy: this metric is a binary metric. It directly compares
whether the final answer clearly matches the ground truth pro-
vided in the raw case reports. Since medical terminologies often
have synonyms, we utilize GPT-40 to verify whether the predicted
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results are equivalent to the ground truth. For accurate diagnosis,
we employ the prompt described in Prompt 19. In contrast,
treatment planning is more complex than accurate diagnosis, as
even the same disease can have multiple treatment pathways. To
address this complexity, we first extract keywords from patient
cases using Prompt 16. Subsequently, we use a search engine to
gather relevant information and make a judgment based on both
the retrieved information and the ground-truth treatment plan, as
described in Prompt 20.

Precision and Recall: these metrics are employed in the context of
examination recommendation. They compare the recommended
examination list generated by the LLM against the ground-truth
practical list using list-wise precision and recall scores. Since the
LLM’s queries are presented in free-text format, we first utilize GPT-
40 to summarize and reorganize them into a structured list using
Prompt 21. Subsequently, we use Prompt 18 to evaluate the hit rate.

Human evaluation of the agentic metrics. To further evaluate the
reliability of these LLM-based agentic metrics, we conduct human
evaluations on the metrics as shown in Fig. 3b. Similar to that for case
quality, here, we ask the same six physicians to check the generated
predictions. For outcome evaluation, physicians independently assess
the accuracy of the diagnostic and treatment planning final genera-
tions. For reasoning process evaluation, physicians evaluate each rea-
soning step based on three dimensions: efficiency, factuality, and
completeness, across both diagnosis and treatment tasks, detailed as
follows:

* Accuracy. we randomly sampled a total of 100 cases for evalua-
tion, including 50 cases for diagnostic decision-making and 50
cases for treatment planning. Physicians were provided with the
case ground truth and the LLM’s prediction, and they were tasked
with determining the correctness of the model’s final generation
predictions.

* Efficiency: we randomly sampled 146 reasoning steps for diag-
nostic decision-making and 139 reasoning steps for treatment
planning. Physicians were provided with the case, the current
reasoning step, and the preceding reasoning steps. They were
required to classify whether the current step was efficient
(categorized as “Reasoning”) or not.

* Completeness: we randomly sampled 90 reasoning steps for
diagnostic decision-making and 106 reasoning steps for treatment
planning. Physicians were given the case, one essential ground-
truth reasoning step, and the LLM'’s predicted reasoning process.
They were tasked with verifying whether the essential step was
included in the LLM’s reasoning process.

* Factuality: we randomly sampled 89 reasoning steps for diag-
nostic decision-making and 100 reasoning steps for treatment
planning. Physicians were given the case, and a single reasoning
step was generated by the LLM. They were required to determine
whether the step contained any medical factual errors.

During sampling, we preserved the complete sequence of rea-
soning steps for each case. After collecting the human evaluation
results, the majority vote is determined as the final outcome. Finally,
we assess the consistency of the agentic results with the majority vote,
alongside the consistency of individual physicians. The results are
illustrated in Supplementary Table 8. Generally, our LLM-powered
agentic evaluation metrics achieve high consistency (around 95%) with
the physicians’ majority vote on most tasks. It is worth highlighting
that, across all metrics, our evaluation system demonstrates higher
consistency compared to that between an individual physician and the
majority vote. For instance, it achieves 94.00% versus 92.00% in
diagnostic accuracy and 86.00% versus 85.33% in treatment accuracy.
This demonstrates that our agentic metrics are comparable to those of
humans.

To better indicate the evaluation bias in the agentic system, we
analyze the precision and recall metrics. We find that the agentic
evaluation system exhibits high precision but relatively low recall, e.g.,
93.75% precision and 71.43% recall in treatment accuracy and 99.01%
precision and 84.75% recall in treatment completeness. This indicates
that while the agentic evaluator is generally accurate it tends to be
overly conservative, thus judges more answers as incorrect, resulting
in lower recall scores.

LLM baselines

In our MedR-Bench, we evaluated seven mainstream reasoning LLM
series:

OpenAl-03-mini**: the o3-mini is the latest LLM developed by
OpenAl and is widely regarded as the most powerful LLM cur-
rently available. Compared to OpenAl’s previous model, GPT-4o0,
its most notable feature is its enhanced reasoning ability, or, in
other words, its capability to “think” before answering. We eval-
uated the model version o03-mini-2025-01-31 using the
official APL.

Gemini-2.0-Flash-Thinking (FT)**: the Gemini-2.0-Flash-
Thinking is an experimental “thinking” LLM developed by Goo-
gle. It exhibits stronger reasoning capabilities in its responses
compared to its predecessor, the Gemini-2.0 Flash Experimental
model. This model is characterized by its explicit “thinking
process” prior to generating answers. We evaluated the model
version gemini-2.0-flash-thinking-exp-01-21 using the
official APL.

DeepSeek-R1*: DeepSeek-R1 is a 671B-parameter LLM developed by
the DeepSeek company. It is an open-source model and is
regarded as achieving performance comparable to OpenAl’s ol.
Similar to o1, it is a reasoning LLM, capable of producing explicit
“thinking” outputs. In our evaluation, we use the model
weights from Huggingface (https://huggingface.co/deepseek-ai/
DeepSeek-R1), and deploy it
locally.

Quwen-QWQ°: Qwen-QwQ is a 32B-parameter experimental
research model developed by the Qwen Team. Similar to
OpenAl-ol and DeepSeek-Rl, it is also focused on advancing
LLM reasoning capabilities. We use the model weights from
Huggingface (https://huggingface.co/Qwen/QwQ-32B-Preview),
Qwen/QwQ-32B-Preview and deploy it locally for evaluation.
Baichuan-M1*’: Baichuan-M1 is a 14B-parameter medical-specific
LLM developed by the Baichuan company. Unlike the previously
mentioned models, which are designed for general domains,
Baichuan-M1 is a specialized medical LLM. We use the model
weights from Huggingface (https://huggingface.co/baichuan-inc/
Baichuan-M1-14B-Instruct), baichuan-inc/Baichuan-M1-14B-
Instruct deployed locally for evaluation.

DiagnoseGPT®: DiagnoseGPT is a series of medical LLMs specifi-
cally developed for diagnostic tasks based on Yi-34B-Base®,
featuring a step-by-step reasoning chain to enhance interpret-
ability. In our evaluation, we deploy the 34B-parameter
model weight from Huggingface (https://huggingface.co/
Freedomintelligence/DiagnosisGPT-34B), FreedomIntelli-
gence/DiagnosisGPT-34B, locally for assessment.
MedGemma®’: MedGemma is a variant of Gemma 3, which is
optimized for the medical domain by Google DeepMind. In our
evaluation, we use the 27B-parameter model weight from
Huggingface  (https://huggingface.co/google/medgemma-27b-
text-it), google/medgemma-27b-text-it, locally  for
assessment.

deepseek-ai/DeepSeek-R1,

Notably, during evaluation, there are two ways to obtain a model’s
reasoning responses. One approach is to use the model’s default
marked “thinking parts.” For instance, in the case of DeepSeek-R1, its
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responses always consist of two distinct parts: a thinking part and a
formal answer part, separated by the special tokens “<think>" and
“</think>.” The output format of OpenAl-03-mini follows the same
structure. While it seems natural to consider the thinking part as rea-
soning, OpenAl-03-mini omits this by default, and other models, such
as Qwen-QWQ, Baichuan-M1, DiagnoseGPT, MedGemma, and Gemini-
2.0-Flash-Thinking (FT), do not make such a distinction between the
reasoning and answer parts. Thus, to standardize reasoning evaluation
across all models, we employ the second approach to obtain reason-
ing: prompting them with “summarize the reasoning step-by-step” to
explicitly instruct them to generate reasoning responses. For
DeepSeek-R1, this approach results in two potential reasoning outputs:
the reasoning response generated within the formal answer part and
an additional thinking part marked by the special tokens.

By default, in figures, we report the former for fair comparison. In
tables, we report LLM-powered reasoning metrics for both, recorded
as “XX/xx,” where the former denotes the reasoning part in the formal
answer part, and the latter denotes the marked thinking part.

Statistics and reproducibility
No statistical method was used to predetermine sample size.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

The MedR-Bench dataset in this study has been deposited in https://
github.com/MAGIC-Al4Med/MedRBench/tree/main/data/
MedRBenchwith CC BY-NC-SA license. The models’ responses during
evaluation are available in https:/github.com/MAGIC-Al4Med/
MedRBench/tree/main/data/InferenceResultswith ~ CC  BY-NC-SA
license. The snapshot of the website and supporting knowledge dur-
ing evaluation are available in https://huggingface.co/datasets/
Henrychur/MedRBench-Knowledge-Snapshotswith ~ CC  BY-NC-SA
license. Source data are provided with this paper.

Code availability
Source codes of this paper are released in https://github.com/MAGIC-
Al4Med/MedRBenchwith CC BY-5A license, cited as ref. 40.
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