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Abstract

Large language models (LLMs) have demon-
strated remarkable potential in medical AI
through their natural language understanding
and reasoning capabilities. However, real clini-
cal practice involves multi-stage, dynamically
evolving decision-making where physicians
continuously adjust pathways based on updated
examination results—far more complex than
single-turn question answering. Existing medi-
cal benchmarks focus on static scenarios, fail-
ing to evaluate LLMs in realistic clinical envi-
ronments. We present MMedAgentBench, a
comprehensive benchmark for evaluating LLM-
based medical agents in multi-stage clinical
decision-making. Unlike previous benchmarks,
MMedAgentBench captures the temporal com-
plexity of clinical workflows by simulating au-
thentic patient journeys across multiple diag-
nostic and treatment stages. The benchmark
comprises a high-quality dataset of over 150 de-
identified clinical cases from tertiary hospitals,
encompassing 500+ clinical stages, with each
case meticulously structured into sequential
stages and annotated by board-certified physi-
cians. Our evaluation framework simultane-
ously assesses diagnostic accuracy and resource
efficiency, requiring agents to plan examina-
tions and control costs while navigating pro-
gressive information disclosure. This enables
systematic evaluation of medical agents across
dynamic decision-making, cost control, and
multi-stage reasoning dimensions, providing a
realistic testbed for advancing medical AI to-
ward clinical deployment.

1 Introduction

With the rapid advancement of large language
model (LLM) technology, application of AI in the
medical field has gradually become a focal point.
LLMs can process and understand vast amounts

∗Equal contribution.
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medical data. Particularly when faced with diverse
and extensive medical information, they have poten-
tial in medical decision support through their natu-
ral language processing and reasoning capabilities
(Thirunavukarasu et al., 2023; Singhal et al., 2023;
Ji et al., 2026). In medicine, doctors must analyze
extensive data—including patient histories, symp-
tom presentations, and test results—while making
accurate diagnostic and treatment decisions within
limited timeframes. This poses a significant chal-
lenge for manual processing. LLMs, however, lever-
age their robust information retrieval and reasoning
capabilities to extract relevant insights from vast
medical literature and case data, thereby accelerat-
ing the diagnostic process and enhancing accuracy.

Particularly during disease diagnosis, LLM-
based agent models can provide effective assis-
tance throughout the multi-stage, dynamic decision-
making process. By simulating a doctor’s thought
process, these agent models adapt subsequent de-
cision paths based on current examination results,
enabling more precise decisions in complex, evolv-
ing diagnostic scenarios (Li et al., 2025). Doctors
must repeatedly adjust diagnostic hypotheses based
on varying symptoms and test outcomes to nar-
row down the most probable conditions. Therefore,
LLM-based agents which are capable of flexibly
adapting to changes and progressively refining path-
ways based on each round of test results are partic-
ularly crucial in medical clinical decision-making.
They can not only process medical texts but also
dynamically adjust diagnostic strategies, helping
doctor make the most appropriate treatment deci-
sions at every stage.

However, most current benchmarks focus on
static, single-task processing, overlooking the com-
plexity of multi-stage decision-making inherent in
medical practice. These methods fail to authen-
tically reflect how doctors dynamically adjust ex-
aminations and treatment plans based on evolving
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patient conditions and test results, thereby limiting
the applicability of current standards for assessing
diagnostic systems.

To address this, we propose an innovative evalu-
ation framework built upon a high-quality dataset
comprising over 150 clinical cases and 500+ diag-
nostic stages. Unlike static approaches, our frame-
work simulates the iterative reasoning paths of
doctors, allowing diagnostic strategies to dynam-
ically adapt based on intermediate findings. This
methodology provides a comprehensive assessment
of LLM agents in complex clinical scenarios, de-
livering more precise evaluations to advance their
application in real-world decision support.

Our contributions are threefold:

• We propose MMedAgentBench1, a bench-
mark comprising over 150 clinical cases and
more than 500 diagnostic stages, designed to
systematically evaluate LLM-based medical
agents in multi-stage clinical decision-making.

• This benchmark is an LLM-based agent eval-
uation framework that simulates a doctor’s
reasoning and judgment during multi-stage
decision-making. The LLM plays a central
role here, handling dynamic decision-making
and outcome updates at each stage.

• We established multiple evaluation dimen-
sionswithin the benchmark framework, includ-
ing diagnostic accuracy, cost-effectiveness,
and multi-stage decision-making, to provide
a more comprehensive assessment of LLM
applications in medical diagnosis.

2 Related Work

A large body of work has focused on evaluating
medical AI systems through benchmark datasets.
Early efforts such as MedQA (Jin et al., 2021) and
MedMCQA (Pal et al., 2022) introduced large-scale
multiple-choice examinations to assess factual med-
ical knowledge, while benchmarks like PubMedQA
(Jin et al., 2019) and emrQA (Pampari et al., 2018)
targeted question answering from biomedical liter-
ature or clinical notes. More recently, comprehen-
sive resources such as MultifacetEval (Zhou et al.,
2024) expanded the scope to cover broader clinical
reasoning tasks. Beyond task accuracy, recent eval-
uation studies have considered multidimensional

1The project is available at https://github.com/
ZhangXiangyi0523/MMedAgentBench.

model capabilities (Zhang et al., 2025a,b) and task
utility under resource constraints (Tian et al., 2024,
2025b). However, these benchmarks are primar-
ily designed around single-turn question answer-
ing or isolated decision-making tasks, which fail to
capture the temporal dependencies and sequential
nature of real-world clinical workflows.

With the rapid development of large language
models (LLMs), increasing research efforts have
extended medical agents from static question an-
swering to interactive and workflow-oriented sce-
narios. Several representativeworks are particularly
noteworthy in this direction.

First, MedAgentBench (Jiang et al., 2025) in-
troduced a virtual electronic health record (EHR)
environment for comprehensive evaluation of med-
ical LLM agents. The benchmark covers 300 clin-
ical tasks across 10 types of medical scenarios
and supports interactive simulations through FHIR-
compliant interfaces. Unlike traditional static QA,
MedAgentBench emphasizes tool usage, informa-
tion retrieval, and task planning capabilities. Sec-
ond, τ bench (Yao et al., 2024) highlights the in-
teraction ability of language agents with users and
tools in real-world domains. It simulates dynamic
dialogues and tool invocation processes, while
also proposing new reliability metrics to assess an
agent’s consistency and robustness across multi-
ple interactions. Finally, AgentClinic (Schmidgall
et al., 2026) is specifically designed for medical set-
tings, supporting doctor–patient dialogues, multi-
modal information acquisition and tool usage. How-
ever, it still lacks explicit control over multi-stage
patient journeys, making it less aligned with the
sequential nature of real-world clinical workflows.

3 MMedAgentBench: A Multi-Stage
Medical Agent Benchmark

We present MMedAgentBench, a comprehensive
benchmark designed to evaluate medical AI agents
in realistic multi-stage clinical workflows, shown as
Figure 1. Unlike existing medical benchmarks that
focus on single-turn question-answering or isolated
diagnostic tasks, MMedAgentBench captures the
temporal complexity and resource constraints inher-
ent in real-world clinical decision-making. Our
benchmark simulates complete patient journeys
through multiple clinical stages, where agents must
balance diagnostic accuracy with examination costs
while maintaining coherent reasoning across stages.
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Figure 1: Overview of the MMedAgentBench. The benchmark models real-world clinical decision-making as a
sequential, cost-aware reasoning process. Each case unfolds through multiple diagnostic stages, where the agent
iteratively selects examinations, interprets results, and updates its diagnostic hypotheses. The evaluation metrics
consider both diagnostic accuracy and resource costs, aiming to promote more balanced clinical decision-making.

3.1 Multi-Stage Clinical Workflow Design
Real clinical practice rarely involves single-point
decisions. Patients typically progress through mul-
tiple stages of care, each with distinct objectives
and available resources. We model this reality
by organizing evaluation scenarios into sequential
stages S = {s1, s2, ..., sn} that mirror actual hos-
pital workflows. Each stage si represents a distinct
clinical phase such as initial assessment, follow-
up examination, or pre-discharge evaluation. The
agent must navigate through these stages sequen-
tially, making decisions based on available infor-
mation at each stage while considering the accumu-
lated evidence from previous stages.

For each stage si, we define two catalogs: Cexam
i

containing available diagnostic examinations and
Cpatient
i containing accessible patient records. The

agent can select items from these catalogs, with
each selection revealing detailed clinical informa-
tion. Let Xi ⊆ Cexam

i ∪ Cpatient
i denote the set of

unique items selected by the agent at stage si for
cost calculation and historical retrieval. Formally,
at stage si, the agent’s action space is defined as:

Ai = {pick(c) : c ∈ Cexam
i ∪ Cpatient

i }
∪ {retrieve(h) : h ∈ Hi−1}

(1)

where Hi−1 =
⋃i−1

j=1Xj represents the set of his-

torical items selected in all previous stages.
The design of MMedAgentBench addresses sev-

eral critical challenges in medical AI evaluation.
First, temporal coherence is enforced through our
stage-wise information access control, where agents
cannot access future-stage information, preventing
unrealistic perfect foresight scenarios. This mir-
rors how clinicians must make decisions based on
currently available information without knowing
future developments.

Second, our historical information retrieval
mechanism allows agents to access previously ob-
tained information without additional cost, simulat-
ing how clinicians reference prior test results and
observations. This design tests an agent’s ability to
synthesize longitudinal patient data while avoiding
redundant examinations.

Finally, the transition between stages is governed
by a judgment function J : (Di, Ti) → {0, 1},
where Di and Ti represent the diagnosis and treat-
ment outputs at stage si. The agent proceeds to
stage si+1 only if J(Di, Ti) = 1, ensuring that
stage-specific clinical objectives are met before
progression. This mirrors real clinical workflows
where certain milestones must be achieved before
proceeding to the next phase of care. The judgment
function is implemented using a large language
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model to assess whether the agent’s conclusions
adequately address the clinical requirements of the
current stage.

3.2 Dataset Construction

3.2.1 Clinical Data Collection and Structuring
Our dataset is constructed from authentic clinical
cases collected from real hospital settings, ensuring
the benchmark reflects genuine medical complex-
ity and decision-making scenarios. We collabo-
rate with multiple tertiary hospitals to obtain de-
identified patient records spanning various medical
specialties, including internal medicine, surgery, pe-
diatrics, and emergency care. Each case represents
a complete patient journey from initial presenta-
tion through discharge or transfer, capturing the full
spectrum of clinical decision-making.

The raw clinical data undergoes a rigorous struc-
turing process to transform unstructured medical
records into our standardized format. We em-
ploy a structured representation that separates ex-
amination reports from patient records, each or-
ganized by clinical stages. For each item x in
the dataset, its JSON fields correspond to the tu-
ple (titlex, detailsx, pricex, stagex)where titlex
serves as the unique identifier, detailsx contains
the complete clinical information, pricex ∈ R≥0

represents the associated clinical examination cost
based on actual hospital pricing, and stagex ∈ S
indicates the stage affiliation.

3.2.2 Expert Annotation and Quality Control
To ensure clinical accuracy and relevance, our
annotation process involves multiple rounds of
expert review. Board-certified physicians from
relevant specialties annotate each case with clin-
ical key points rather than exact text matches.
Specifically, for stage si, we define the ground
truth as Gi = (P diag

i , P treat
i ), where P diag

i =

{pdiagi,1 , pdiagi,2 , ..., pdiagi,m } represents diagnostic key
points and P treat

i = {ptreati,1 , ptreati,2 , ..., ptreati,k } rep-
resents treatment key points. This point-based rep-
resentation allows for semantic flexibility while
maintaining evaluation rigor.

For each stage si, annotators complete a struc-
tured form with three components: the diagnostic
and treatment key-point sets P diag

i and P treat
i , the

reference cost baseline Costrefi defined as the sum
of the prices of essential examinations selected for
that stage, and a stage progression criterion speci-
fying the minimum clinical objectives required to

proceed. This structure localizes disagreements to
the key-point sets, reference examination selection,
or stage progression criterion.

The annotation guidelines ensure consistency
across different annotators. Cases with low agree-
ment undergo field-level review and discussion until
consensus is reached; the original entries, disputed
fields, and final consensus version are retained for
audit. Furthermore, we implement quality con-
trol measures including random audits and cross-
validation to maintain high annotation standards
throughout the dataset construction process.

3.2.3 Ethics and Data Governance
All clinical records underwent de-identification
before annotation and benchmark construction.
Only the processed records entered the annota-
tion workflow. Medical experts reviewed the data-
governance procedure and associated safeguards.
Further details are provided in Appendix A.3.

3.3 Evaluation Framework
Our evaluation framework integrates both clini-
cal accuracy and resource efficiency, reflecting the
dual objectives of real-world medical practice. We
assess agent performance through comprehensive
metrics that balance diagnostic precision with cost-
conscious decision-making.

3.3.1 Cost Tracking and Resource Utilization
Throughout this paper, cost refers to the hospital-
listed cost of clinical examinations selected by
the agent; LLM inference costs are not included.
Healthcare resources are inherently limited and ex-
pensive. To evaluate cost efficiency, we establish
a baseline cost for each stage through expert anno-
tation. For each stage si, experienced physicians
annotate a reasonable reference cost Costrefi that
represents the expected expense for appropriate clin-
ical decision-making at that stage. This reference
cost serves as a normalization factor for evaluating
the agent’s resource utilization.

For stage si, the actual clinical examination cost
of the unique items in Xi is calculated as:

Costi =
∑

x∈Xi∩Cexam
i

pricex (2)

Note that patient record items have zero clinical
examination cost, reflecting their nature as readily
available clinical information. To prevent artificial
inflation of costs, we count each item’s examination
cost only once per stage.
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The cost efficiency for each stage is then evalu-
ated through a cost ratio:

CostRatioi =
Costi

Costrefi

(3)

For the overall evaluation, we compute the av-
erage cost ratio across all stages that the agent has
experienced. Let m denote the number of stages
the agent successfully completes, the average cost
ratio is:

CostRatioavg =
1

m

m∑

i=1

CostRatioi (4)

3.3.2 Clinical Accuracy Metrics
We evaluate clinical accuracy using LLM-based
semantic matching to assess coverage of key points.
Let D̂i and T̂i denote the agent’s diagnosis and treat-
ment outputs at stage si. We define a semantic
matching function M : (prediction, key point) →
{0, 1} that determines whether a key point is cov-
ered by the prediction.

For stages that the agent successfully completes,
the stage-wise diagnostic and treatment accuracies
are calculated as:

Accdiagi =
1

|P diag
i |

∑

p∈P diag
i

M(D̂i, p) (5)

Acctreati =
1

|P treat
i |

∑

p∈P treat
i

M(T̂i, p) (6)

For stages that the agent fails to reach or com-
plete, we assign an accuracy of 0, reflecting the
failure to address those clinical scenarios. Let n be
the total number of stages in the complete patient
journey. The aggregate accuracies are computed
as:

Accdiagavg =
1

n

n∑

i=1

Accdiagi , (7)

Acctreatavg =
1

n

n∑

i=1

Acctreati (8)

where Acci = 0 for all i > m (stages not reached
by the agent). This formulation ensures that agents
are penalized for incomplete patient journeys, en-
couraging comprehensive clinical coverage while
maintaining accuracy at each completed stage.

4 Experiments
4.1 Experimental Setup
4.1.1 Benchmark Details
MMedAgentBench represents a high-quality, com-
prehensive medical agent benchmark dataset specif-
ically designed for evaluating AI agents in clinical
decision-making scenarios. The dataset comprises
167 carefully curated patient cases, as shown in
Table 1.

Description Value

Number of Patients 167
Number of Clinical Stages 527
Number of Examination Records 4,019
Number of Patient Records 701

Average Stages per Patient 3.16
Average Exam Records per Patient 24.07
Average Patient Records per Patient 4.20

Table 1: Summary of MMedAgentBench.

4.1.2 Models
We conduct an extensive evaluation covering a di-
verse spectrum of large language models that vary
in scale to ensure a comprehensive capability assess-
ment. Among open-weight models, our benchmark
includes the Qwen2.5 family (14B/72B) (Qwen
Team, 2024) alongside the next-generation Qwen3
series (14B/235B-A22B) (Yang et al., 2025), the
Llama series (Touvron et al., 2023; Meta AI, 2024;
Grattafiori et al., 2024) encompassing Llama-3.1-
70B and Llama-3.1-405B, as well as GLM-Z1-32B
(GLM et al., 2024), DeepSeek-v3.1 (DeepSeek-AI,
2024), Hunyuan-A13B (Tencent Hunyuan Team,
2025), and Kimi-K2 (Team et al., 2025). For
closed-weight models, we evaluate the GPT fam-
ily—including GPT-3.5, GPT-4o, GPT-4.1, and
GPT-5 (OpenAI, 2023a,b)—alongside the Claude-
Sonnet series (3.5, 3.7, and 4) (Anthropic, 2025),
Gemini-2.5-Flash (Comanici et al., 2025), Grok-
4 (xAI, 2025), and Doubao-1.5-Pro (ByteDance
Seed, 2025). All models are tested under unified
prompting strategies and standardized evaluation
protocols to guarantee fairness and comparability
across results.

For the stage judgment function J : (Di, Ti) →
{0, 1} and the semantic matching function M :
(prediction, key point) → {0, 1}, we implemented
them using Gemini-2.5-Flash and GPT-4o, respec-
tively. The former requires high-level integration
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Open-Weight Models Closed-Weight Models

Model Accdiag Acctreat Cost↓ Model Accdiag Acctreat Cost↓
Llama-3.1-70B 7.75 4.47 0.46 GPT-3.5 15.30 10.50 0.44
Llama-3.1-405B 16.07 8.60 0.75 GPT-4o 22.13 18.68 0.74
Qwen2.5-14B 17.47 14.04 0.66 GPT-4.1 34.90 37.00 0.68
Qwen2.5-72B 21.76 17.77 0.85 GPT-5 35.62 38.33 0.93
Qwen3-14B 17.66 16.28 0.63 Claude-Sonnet-3.5 28.10 28.10 1.45
Qwen3-235B-A22B 36.67 31.69 1.53 Claude-Sonnet-3.7 30.10 28.70 1.32
Hunyuan-A13B 13.55 18.68 0.75 Claude-Sonnet-4 31.89 30.13 1.30
GLM-Z1-32B 22.59 20.69 1.28 Gemini-2.5-Flash 32.88 28.67 1.41
DeepSeek-V3.1 25.12 23.99 0.69 Grok-4 31.35 29.11 0.98
Kimi-K2 28.30 31.10 1.14 Doubao-1.5-Pro 33.25 30.78 1.24

Table 2: Evaluation results on MMedAgentBench. Accdiag and Acctreat denote diagnostic and treatment accuracy
respectively (in %). CostRatio measures resource utilization efficiency, where smaller values indicate better cost
control relative to the expert baseline. We use bold to highlight the best-performing model in each category, and
underline for the second-best.

and reasoning over long clinical texts, while the lat-
ter focuses solely on evaluating semantic similarity
and matching accuracy.

4.2 Results

The benchmark consists of a vast array of com-
plex medical data, ranging from simple outpatient
records to intricate multi-disease co-occurrence
patterns. Based on MMedAgentBench, we eval-
uated multiple large models’ diagnostic capabil-
ity (Accdiag), treatment capability (Acctreat), and
cost ratio (CostRatio), results are shown as Ta-
ble 2. We run the benchmark for 5 times to get
the average value. Even the best-performing mod-
els, Qwen3-235B-A22B and GPT-5, achieve only
36.67% and 35.62% diagnostic accuracy respec-
tively, and 31.69% and 38.33% treatment accuracy,
highlighting the substantial challenges posed by
our multi-stage clinical diagnosis dataset. This rela-
tively modest performance ceiling underscores the
complexity of real-world clinical decision-making,
where agents must navigate through sequential
stages, synthesize evolving patient information, and
make interconnected diagnostic and treatment deci-
sions. Furthermore, the wide variation in CostRatio
across models (ranging from 0.44 to 1.53) provides
valuable insights into different models’ examina-
tion ordering strategies, enabling researchers to bet-
ter understand the trade-offs between diagnostic
thoroughness and resource efficiency, and identify
models that can achieve clinical objectives while
maintaining cost-conscious medical practice.

4.3 Model Scale Effects

Evaluation results reveal a clear correlation between
model scale and clinical performance within the
same model families. Examining the Llama-3.1
series, we observe substantial improvements as pa-
rameters increase from 70B to 405B: Accdiag im-
proves from 7.75% to 16.07% , while Acctreat rises
from 4.47% to 8.60%. Similarly, the Qwen2.5 se-
ries demonstrates consistent scaling benefits, with
Accdiag increasing from 17.47% (14B) to 21.76%
(72B) and Acctreat from 14.04% to 17.77%. These
within-family improvements underscore that param-
eter scaling directly enhances models’ ability to
process complex medical information and generate
accurate clinical decisions.

However, the results also highlight that base
model capabilities and training methodologies
are equally crucial for medical tasks. No-
tably, Qwen2.5-14B achieves superior performance
(Accdiag: 17.47%, Acctreat: 14.04%) compared to
Llama-3.1-70B despite having significantly fewer
parameters, suggesting that architectural design and
pre-training quality on medical-relevant data can
compensate for raw parameter count.

The scaling effects observed across different
model families suggest that while increasing pa-
rameters generally improves medical reasoning ca-
pabilities, the efficiency of this scaling varies signif-
icantly based on the underlying model architecture
and training approach. This indicates that future
development of medical AI systems should balance
parameter scaling with targeted improvements in
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Figure 2: Accdiag and Acctreat distribution of Qwen
and Llama family.

base model design and domain-specific pre-training
strategies.

4.4 Comparison of Open-Weight and
Closed-Weight Models

The performance gap between open and closed-
weight models has narrowed significantly. Notably,
open-weight Qwen3-235B-A22B achieves the high-
est diagnostic accuracy (Accdiag 36.67%), surpass-
ing the leading closed-weight GPT-5 (35.62%).
However, GPT-5 retains the top spot in treatment
recommendations (Acctreat 38.33%), indicating
closed models still excel in therapeutic strategies.

Among closed-weight models, GPT-4.1 ranks
second (Accdiag: 34.90%, Acctreat: 37.00%) with
remarkably low cost (CostRatio: 0.68). Doubao-
1.5-Pro (Accdiag: 33.25%, Acctreat: 30.78%) also
outperforms prominent models like Gemini-2.5-
Flash and Claude-Sonnet-4, proving that top-tier
performance does not necessitate high costs.

In the open-weight domain, Kimi-K2 achieves
an Acctreat of 31.10%, surpassing closed counter-
parts like Gemini-2.5-Flash and Claude-Sonnet-
4. Meanwhile, DeepSeek-V3.1 offers a strong
efficiency-accuracy balance (25.12%, 23.99%), out-
performing GPT-4o. These results demonstrate
open-weightmodels effectively rivaling top-tier pro-
prietary systems.
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Figure 3: Clinical Examination Cost-EfficiencyAnalysis.
Comparison of (a) diagnostic and (b) treatment accuracy
vs. CostRatio. The arrow points to the optimal balance.
Legend: Blue circles = Open-weight; Red diamonds =
Closed-weight.

4.5 Cost Sensitivity and
Diagnostic-Therapeutic Balance

Results reveal distinct trade-offs between perfor-
mance and cost across different models. We visual-
ize accuracy versus CostRatio in Figure 3.

Overall, closed-weight models like Claude-
Sonnet-4 (1.30), Gemini-2.5-Flash (1.41), and GPT-
5 (0.93) exhibit cost ratios close to or slightly ex-
ceeding real-world medical scenarios. In contrast,
certain open-weight models (e.g., DeepSeek-V3.1
at 0.69, Qwen2.5-14B at 0.66) demonstrate lower
costs while maintaining competitive performance.
However, high cost does not directly equate to high
efficiency: at similar cost levels, significant gaps
exist in diagnostic accuracy among different mod-
els. For instance, GPT-5 achieves a significantly
higher diagnostic accuracy (35.62%) than Claude-
Sonnet-4 (31.89%) at a lower cost (0.93 vs. 1.30),
demonstrating superior performance-cost ratio.

It is noteworthy that DeepSeek-V3.1 (CostRatio
= 0.69) and GPT-4o (CostRatio = 0.74) present
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Figure 4: Case illustration of diagnostic bias. By fo-
cusing on superficial features like routine blood work
instead of MRI/biopsy results, the model incorrectly di-
agnosed prostate cancer as anemia and liver issues.

a compelling contrast: both models incur simi-
lar medical examination costs, yet DeepSeek-V3.1
outperforms GPT-4o in both diagnostic accuracy
(25.12% vs. 22.13%) and treatment recommen-
dation accuracy (23.99% vs. 18.68%). Similarly,
comparing Qwen2.5-72B (CostRatio = 0.85) with
GPT-5 (CostRatio = 0.93), we observe that despite
similar cost levels, GPT-5 significantly outperforms
Qwen2.5-72B in diagnostic accuracy (35.62% vs.
21.76%) and treatment recommendation accuracy
(38.33% vs. 17.77%). These contrasts demonstrate
that effective utilization of medical examinations
is more critical than merely minimizing costs. The
key challenge in medical AI is not just reducing
examination costs, but effectively synthesizing the
resulting information to reach accurate clinical con-
clusions—achieving the optimal balance between
diagnostic accuracy and resource efficiency.

4.6 Case Study: Misleading Information
Distorting Diagnostic Direction

When confronted with complex medical records,
models are susceptible to misleading clues that can
cause significant deviations in diagnostic direction.

In this case shown as Figure 4, the data input
to the model included comprehensive clinical in-
formation: the patient’s complete blood count re-
sults, MRI imaging descriptions, and biopsy re-
ports. The blood test results indicated mild ane-
mia and mild liver function abnormalities, while
the MRI and biopsy information revealed abnor-
mal prostate signals and related histological fea-
tures, with the actual diagnosis being prostate can-
cer. However, when generating its diagnosis, the
model primarily focused on hematological indica-
tors, outputting a diagnosis and treatment recom-
mendation of “mild anemia and liver function ab-
normalities,” completely ignoring the malignant

tumor risk suggested by the imaging and record.
This outcome demonstrates that even with com-

prehensive clinical information, the model may ex-
hibit systemic bias due to overemphasis on super-
ficial features. Its reasoning process showed ex-
cessive sensitivity to prominent data (e.g., blood
indicators) while undervaluing critical information
(e.g., imaging and pathology reports). The diagnos-
tic logic lacked hierarchical judgment capabilities,
failing to perform causal reasoning and diagnostic
hypothesis verification based on the overall clinical
picture as clinical physicians do.

4.7 Evaluation Validity and Robustness

We validate our metrics through a hybrid strategy.
First, human-defined ground truth ensures relia-
bility; reference points are explicitly extracted by
experts, limiting the semantic matcher to the anno-
tated clinical key points. Second, judge sensitivity
analysis assesses the stability of model rankings
across different judge models (Table 3). Finally, hu-
man alignment checks compare our automated eval-
uation with medical-expert judgments (Table 4).

To assess robustness to evaluator choices, we use
three judge/matcher configurations: Gemini-2.5-
Flash with GPT-4o, GPT-5 with Claude-Sonnet-4,
and GPT-4o with GPT-3.5. In each pair, the first
model serves as the stage judge and the second as
the semantic matcher. As shown in Table 3, abso-
lute scores vary slightly, while the overall rankings
remain broadly stable.

To ensure clinical validity, three board-certified
physicians independently evaluated a random sub-
set of 50 diagnostic conversations. Table 4 reports
Fleiss’ kappa agreement between the medical ex-
perts and our automated evaluation pipeline. Agree-
ment ranges from 0.88 to 0.94 for stage judgment
(κJ ) and from 0.81 to 0.91 for semantic matching
(κS).

5 Conclusion

We presented MMedAgentBench, a comprehensive
benchmark designed to evaluate LLM-based med-
ical agents in realistic multi-stage clinical work-
flows. Unlike existing medical benchmarks that
focus on static, single-turn question answering, our
framework captures the temporal complexity and
resource constraints inherent in real clinical prac-
tice. Through a high-quality dataset comprising
over 150 clinical cases and 500+ diagnostic stages,
we enable systematic evaluation of medical agents
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Model Accdiag Acctreat Cost

Qwen2.5-14B 17.47 14.04 0.66
Qwen2.5-72B 21.76 17.77 0.85
Qwen3-14B 17.66 16.28 0.63
GPT-3.5 15.30 10.50 0.44
GPT-4o 22.13 18.68 0.74
GPT-5 35.62 38.33 0.93

(a) Gemini-2.5-Flash (Judge) + GPT-4o (Match).

Model Accdiag Acctreat Cost

Qwen2.5-14B 18.16 15.00 0.67
Qwen2.5-72B 20.93 17.61 0.85
Qwen3-14B 17.59 16.05 0.63
GPT-3.5 15.15 8.95 0.45
GPT-4o 23.02 18.59 0.74
GPT-5 37.04 38.15 0.95

(b) GPT-5 (Judge) + Claude-Sonnet-4 (Match).

Model Accdiag Acctreat Cost

Qwen2.5-14B 16.27 14.26 0.66
Qwen2.5-72B 20.15 17.22 0.84
Qwen3-14B 18.05 18.21 0.59
GPT-3.5 15.90 9.87 0.45
GPT-4o 22.75 18.94 0.75
GPT-5 35.12 38.57 0.93

(c) GPT-4o (Judge) + GPT-3.5 (Match).

Table 3: Sensitivity analysis across three evaluator con-
figurations. Panel captions list the stage judge followed
by the semantic matcher. Accdiag and Acctreat denote
diagnostic and treatment accuracy, respectively (in %);
Cost denotes the clinical examination cost ratio.

across dynamic decision-making, cost control, and
multi-stage reasoning dimensions.

MMedAgentBench establishes a crucial testbed
for advancing medical AI toward clinical deploy-
ment. By requiring agents to navigate sequential
clinical stages while balancing accuracy and re-
source efficiency, our benchmark pushes the de-
velopment of more sophisticated medical reasoning
capabilities. Future work can leverage this frame-
work to develop specialized medical agents that bet-
ter handle temporal dependencies, cost constraints,
and the inherent uncertainty in clinical workflows,
ultimately contributing to more practical and de-
ployable medical AI systems.

Model κJ κS

Qwen2.5-14B 0.88 0.81
Qwen2.5-72B 0.91 0.85
GPT-4o 0.90 0.88
GPT-5 0.94 0.91

Table 4: Human–LLM agreement (Fleiss’ kappa) for
selected models. κJ : stage judgment; κS : semantic
matching.

6 Limitations

Simplification of Clinical Complexity. Real clin-
ical practice involves nuances that the benchmark
cannot fully capture, including non-verbal patient
cues, urgency considerations, and real-time collab-
orative decision-making among healthcare teams.
We assume perfect information retrieval once an ex-
amination is ordered, whereas real-world scenarios
often involve incomplete, ambiguous, or delayed
results.

Static Ground Truth Assumption. Our bench-
mark assumes fixed ground truth diagnoses and
treatments annotated by experts. However, medical
knowledge evolves, and legitimate clinical disagree-
ments exist even among specialists. The bench-
mark may not adequately capture this inherent un-
certainty and variability in medical practice.
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A Appendix

A.1 Annotation Guidelines and Protocol
The creation of MMedAgentBench relied on a rigor-
ous annotation protocol executed by board-certified
physicians. These guidelines were provided to each
annotator to ensure consistency, clinical accuracy,
and relevance across all cases in the dataset. The
objective was to establish a gold-standard ground
truth for evaluating an AI agent’s multi-stage clini-
cal reasoning.

A.1.1 General Principles
Annotators were instructed to approach each case
as a real-world clinical scenario. The primary goal
was to define what a competent, cost-conscious
physician would conclude and do at each stage of
the patient’s journey, based only on the information
available at that point.

A.1.2 Per-Stage Annotation Form
Detailed instructions for the three per-stage anno-
tation components summarized in Section 3.2 are
provided below:

Part 1: Clinical Key Points.
This section captures the essential diagnostic and

therapeutic conclusions for the stage. Annotators
were asked to provide a list of short, distinct points.

Diagnostic Key Points (P diag
i ):

• Objective: List the most critical diagnoses,
differential diagnoses, or significant findings
that should be identified at this stage.

• Instructions:

1. Focus on the most probable diagnoses
and critical ”can’t-miss” diagnoses (e.g.,
myocardial infarction, pulmonary em-
bolism).

2. Points should be justifiable based on the
evidence presented up to stage si.

3. Avoid vague statements. Instead of ”ab-
normal lab results,” specify ”leukocytosis
with a left shift suggesting infection.”
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Treatment Key Points (P treat
i ):

• Objective: List the essential treatment actions,
management plans, or further consultations
that should be initiated.

• Instructions:

1. List specific actions (e.g., ”Administer
intravenous antibiotics,” ”Consult cardi-
ology”).

2. Include key monitoring plans (e.g.,
”Monitor vital signs every 4 hours”).

3. The treatment plan should directly ad-
dress the diagnostic findings.

Part 2: Reference Cost (Costrefi ).
This section establishes a cost baseline for effi-

cient and effective clinical investigation.

• Objective: Identify a set of examinations that
represents a reasonable and cost-effective di-
agnostic strategy for the stage.

• Instructions:

1. From the list of all available examinations
at stage si, select only those that are es-
sential to confirm or rule out the primary
differential diagnoses.

2. Balance diagnostic yield against cost.
Avoid ordering overly broad or low-yield
tests unless clinically crucial.

3. The final Costrefi is the sum of the prices
of the selected essential examinations.
Patient record items have a cost of zero.

Part 3: Stage Progression Criterion.
This defines the minimum requirements for an

agent’s performance to be considered successful for
the current stage, allowing it to proceed to the next.

• Objective: Define the primary clinical goal
of the current stage.

• Instructions:

1. Answer the question: ”What is the min-
imum level of understanding or action
required at this stage to ensure patient
safety and effective progression of care?”

2. This is a holistic judgment. For example,
the criterion might be ”The agent must
recognize the signs of sepsis and initi-
ate fluid resuscitation and antibiotics” or
”The agent must correctly interpret the

MRI as highly suspicious for malignancy
and recommend a biopsy.”

3. An agent failing to meet this criterion
would not proceed, simulating a critical
clinical error.

A.2 Recruitment and Payment

All data annotation for MMedAgentBench was con-
ducted manually by a team of trained medical an-
notators with relevant clinical backgrounds. Each
annotation underwent a multi-stage verification
pipeline, including internal cross-checking and ran-
dom sampling review, to minimize potential bias
and human error. A subset of the annotated data
was further proofread and refined by the authors
to ensure accuracy and adherence to medical logic.
Reasonable compensation was provided to all anno-
tators according to their workload and contribution,
ensuring fairness and quality throughout the entire
annotation process.

A.3 Additional Data Governance Details

Medical data processing requires attention to pro-
tecting patient identity while retaining clinically
relevant information. Prior work has examined re-
identification and information preservation under
de-identification (Tian et al., 2025c,a,e,d). Before
annotation, direct identifiers and sensitive meta-
data were removed from the JSON records, and pa-
tient IDs were replaced with one-way cryptographic
hashes used to retain record linkage across clinical
stages. Only de-identified records entered the work-
flow. Medical experts reviewed the field-handling
procedure and safeguards.

A.4 Dataset Statistics

Table 5 summarizes the distribution of patients
across clinical departments in our dataset. The 167
cases span six major departments, covering a di-
verse range of conditions with varying diagnostic
complexity and multi-stage reasoning requirements.

A.5 Prompt Design

Figure 5 presents the system prompts for our diag-
nostic reasoning framework. The Controller prompt
guides the agent in iteratively selecting relevant
medical information from a structured catalog, en-
forcing strict title matching and cost-effective re-
trieval. The Finalize prompt instructs the model to
synthesize collected evidence into structured diag-
nostic conclusions.
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Table 5: Distribution of patients across clinical depart-
ments.

Department Patients Percentage

Internal Medicine 42 25.1%
Surgery 35 21.0%
Cardiology 28 16.8%
Neurology 24 14.4%
Oncology 21 12.6%
Emergency Medicine 17 10.2%

Figure 6 shows the evaluation prompts. The
Stage-Level Judge assesses whether candidate an-
swers align with reference answers derived from
clinical guidelines, allowing semantic equivalence
rather than exact matching. The Semantic Point

Matching prompt enables fine-grained evaluation
of whether specific clinical points are adequately
covered.

B LLM Usage

LLM was used for drafting and language polishing.
Except these uses, no AI tools were involved in
study design, core experiments, result analysis, or
interpretation. The authors are fully responsible for
the accuracy of the work.

Controller System Prompt

You are a medical reasoning assistant. The system provides:

• Current stage available catalog;

• Historical known titles list (items selected in previous stages, used for retrieving
historical information).

Task: Based on the patient's condition and cost-effectiveness, select one precise item title
from the ''Current Stage Catalog'' , or finalize the current stage.

Available Actions (output strictly in JSON format):

{"action": "pick_report"|"pick_patient"|"get_history"|"finalize",
"title": "exact title from catalog",
"reason": "brief rationale"}

Rules:

1. You may ONLY select from titles in the ``Current Stage Catalog'' (must be exact title
match); do NOT invent items outside the catalog.

2. Historical known titles are ONLY for retrieving historical information.

3. Avoid repeatedly selecting the same item; when additional information provides limited
value, select finalize.

Finalize System Prompt

You are a clinical physician. Based on the provided evidence, generate the conclusion for
the current stage in strict JSON format:

{"diagnosis": "...",
"treatment": "...",
"used_evidence_titles": ["..."],
"notes": "..."}

Requirements:

1. used_evidence_titles must ALL come from the provided evidence titles.

2. Diagnosis and treatment should be concise and definitive.

3. If evidence is insufficient or multiple retrievals return empty results, state in notes:
``No additional relevant records/reports found within the current scope.''

Figure 5: System prompts for the Controller and Finalize modules in our diagnostic reasoning framework.
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Stage-Level Judge Prompt

You are a medical evaluation judge. Based on the reference answer (diagnosis + treatment
plan) derived from authoritative clinical guidelines and the candidate's submitted answer,
determine whether the current diagnostic stage passes the evaluation.

Evaluation Criteria:

1. Assess whether the diagnostic reasoning is clinically sound and logically coherent.

2. Evaluate whether the proposed treatment plan is appropriate, safe, and aligns with
evidence-based medicine principles.

3. Consider whether key differential diagnoses have been appropriately addressed.

4. Minor variations in terminology or phrasing are acceptable if the clinical meaning is
preserved.

Output Format (strict JSON only):

{"pass": true|false,
"reasoning": "detailed explanation of the judgment"}

Input:
Reference Answer: {gold_answer}
Candidate Answer: {pred_answer}
Output JSON only.

Semantic Point Matching Prompt

You are a medical evaluation assistant. Your task is to determine whether the candidate's
answer text covers or equivalently expresses the given evaluation point, according to the
reference clinical guidelines.

Evaluation Guidelines:

1. Semantic equivalence is sufficient; exact wording match is NOT required.

2. Consider synonyms, paraphrases, and clinically equivalent expressions.

3. Partial coverage does NOT count as a hit; the core meaning must be fully addressed.

4. Be strict but fair: the candidate should demonstrate understanding of the key clinical
concept.

Output Format (strict JSON only):

{"hit": true|false,
"reasoning": "explanation of why the point is/is not covered"}

Input:
Candidate Answer Text: {pred_text}
Evaluation Point: {point}
Output JSON only.

Figure 6: Evaluation prompts for stage-level judgment and semantic point matching used in our automated assessment
pipeline. Both prompts are grounded in reference clinical guidelines to ensure evaluation validity.
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