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Abstract

Large language models (LLMs) are increas-
ingly used in agentic systems that reason over
multiple steps, call tools, and interact with clin-
ical knowledge sources. This survey examines
whether LLM-based medical agents approxi-
mate expert diagnostic reasoning or reproduce
its outputs without its causal and epistemic
foundations. We organize agent design along
five axes: reasoning paradigms, agent architec-
tures, tool use, degree of autonomy, and em-
bodiment. We then analyze learning and adap-
tation, evaluation, safety, and deployment as
cross-cutting concerns that interact with these
axes. Drawing on research in machine learn-
ing, biomedical informatics, and clinical AI,
we examine how design choices shape diagnos-
tic reliability and failure modes, and identify
requirements for clinical and medical agents.

1 Introduction

Clinical diagnosis is an iterative process involving
hypothesis generation, evidence aggregation, and
uncertainty management, which traditional static
ML systems often fail to capture, particularly un-
der distribution shifts and rare diseases (Gu et al.,
2025; Jin et al., 2021). High-performing medical
language models frequently depend on surface cor-
relations rather than grounded clinical inference,
leading to brittle behavior, unsafe overconfidence,
hallucinations, and reasoning failures (Gu et al.,
2025; Huang et al., 2025a; Zuo and Jiang, 2025).
These limitations have motivated a transition to-
ward systems emphasizing diagnostic reasoning,
verification, and tool-grounded evidence integra-
tion (Chen et al., 2025a).

This transition is reflected in the evolution from
early rule-based clinical decision support systems
to agentic medical AI capable of maintaining state,
planning multi-step actions, and dynamically in-
teracting with external tools and knowledge bases
(Tsai et al., 2018; Roberts et al., 2018; Mehandru

et al., 2024). LLMs have accelerated this shift by
enabling flexible reasoning, natural language inter-
action, and tool orchestration within unified frame-
works (Kim et al., 2024a; Wu et al., 2024). Multi-
agent architectures further decompose workflows
into specialized roles that mirror interdisciplinary
clinical teams and mitigate individual model bias
(Tang et al., 2024; Kim et al., 2024a), while meth-
ods such as Chain-of-Diagnosis, Tree-of-Thought
reasoning, Monte Carlo Tree Search, and debate-
based reflective frameworks structure diagnostics
into interpretable and collaborative reasoning pro-
cesses (Yao et al., 2023a; Guo et al., 2025b; Zuo
et al., 2024). Nevertheless, many systems still rely
on linguistic reasoning without robust causal un-
derstanding, limiting progress toward expert-level
clinical performance (Ke et al., 2024).

In this survey, we provide a comprehensive re-
view of LLM-based medical agents with emphasis
on diagnostic reasoning and tool integration across
clinical domains, as outlined in Figure 1 and 2. Sec-
tion 2 introduces clinical reasoning, language mod-
els, and agent frameworks. Section 3 presents our
five-axis framework: reasoning paradigms, agent
architectures, tool use, degree of autonomy, and
embodiment. It also summarizes how these design
choices interact and shape evaluation and safety.
The appendix provides the review methodology
and expanded discussions of learning and adapta-
tion, applications, datasets, evaluation, safety, de-
ployment, and system case studies.

2 Foundations

2.1 Large Language Models in Medicine

We distinguish static predictor models from in-
teractive agents. Medical dialogue datasets and
transformer-based conversational systems have
spurred single-agent AIs that engage directly with
patients or clinicians (He et al., 2020). Medical
pretraining and instruction tuning support coher-
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A / SYSTEM DESIGN Five separate properties; choices can coexist within a system.

Reasoning paradigms

Implicit inference

Explicit chain of diagnosis

Tree or graph search

Symbolic reasoning

Reflection; debate

Agent architecture

Single agent

Planner and executor

Memory augmented agent

Hierarchical agents

Multi agent clinical team

Tool use

External knowledge grounding¹

Computational and simulation

tools

Multimodal tools

Verification and auditing

Degree of autonomy

Clinician advisory

Human in the loop

Bounded task automation

Simulated autonomous agents

Embodiment

Text interaction

Multimodal virtual interaction

Physical or robotic

interaction

Configuration of the reasoning loop, not sequential stages or exclusive categories
B / CONCEPTUAL COMPUTATIONAL FLOW

Patient data

Notes & history

Medical images

Laboratory results

Vital signs

Observed inputs

R5

Data extraction

Parse clinical entities

Normalize values

Encode image features

Order events in time

Evidence representation

Findings · time · source

Missingness & provenance

LLM agent reasoning core

Diagnostic state Sₜ

Hypotheses · evidence · unresolved questions

R1 R2

Propose / revise Select next action

report

Agent output

Ranked differential

or recommendation

Supporting evidence

Uncertainty & limits

R4

Clinician review

Inspect, accept or revise

Act or request evidence

Oversight depends on

Degree of autonomy
R6

call evidence / checks

TOOL INTERFACE / optional external execution R3

Knowledge¹

Retrieve evidence

Computation

Analyze / simulate

Multimodal

Interpret inputs

Verify / audit

Check claims

New observations

+ clinician input

Feedback updates diagnostic state

¹ Retrieval, knowledge graphs,

and clinical guidelines

POTENTIAL FAILURE MODES Markers locate relevant components; applicability varies by system.

R1 Unsupported reasoning R2 Early error propagation R3 Poor retrieval or tool output R4 Miscalibrated confidence R5 Population shift

R6 Unsafe autonomy

Figure 1: Conceptual architecture of clinical reasoning in LLM based medical agents. Five design axes charac-
terize system configurations. Patient data drive diagnostic updating, tool use, recommendations, and uncertainty,
with clinician input and new observations refining the state.

ent multi-turn interactions even with limited data.
Meanwhile, embodied and web-interaction bench-
marks expand agent capabilities beyond text, show-
ing that LLMs are increasingly assessed as parts of
interactive, multimodal systems (Yang et al., 2025c;
Chezelles et al., 2025).
■ Transformer Foundations. LLMs are pre-
dominantly based on the Transformer architecture,
which uses self-attention to model contextual de-
pendencies in sequences (Vaswani et al., 2023).
Given input tokens, attention computes contextu-
alized representations, enabling scalable sequence
modeling. This architecture has enabled large-scale
pretraining on heterogeneous corpora, including
biomedical text (Lee et al., 2019; Alsentzer et al.,
2019). In medicine, Transformers have demon-
strated strong performance on clinical text under-
standing, medical QA, and report generation (Jin
et al., 2021; Roberts et al., 2018). However, ar-
chitectural generality does not guarantee domain
safety or reasoning fidelity (Gu et al., 2025).
■ Medical Pretraining and Instruction Tuning.
Medical adaptation of LLMs typically involves
domain-specific pretraining or instruction tuning
on curated biomedical datasets. Models such as
BioBERT and ClinicalBERT leverage masked lan-
guage modeling on PubMed and EHR text to im-
prove domain vocabulary and semantics (Lee et al.,
2019; Alsentzer et al., 2019). Instruction tuning fur-
ther aligns models with clinical tasks by training on
input–output pairs representing diagnostic reason-
ing or medical dialogue (Jin et al., 2021; Sun et al.,

2025). Multi-agent data generation pipelines have
been used to scale high-quality medical reasoning
datasets while controlling annotation cost (Li et al.,
2025a; Du et al., 2025). Despite gains, instruc-
tion tuning alone often fails to enforce causal or
guideline-consistent reasoning (Liu et al., 2025d).
■ RLHF and Clinical Alignment. Reinforcement
Learning from Human Feedback (RLHF) aims to
align LLM outputs with human preferences and
safety constraints. In clinical contexts, reward mod-
els may encode preferences for factual accuracy,
uncertainty expression, and guideline adherence
(Ouyang et al., 2022; Reddy, 2024). Formally,
RLHF optimizes a policy πθ to maximize expected
reward Ey∼πθ

[R(y)] under human-evaluated feed-
back (Ouyang et al., 2022). While RLHF reduces
harmful outputs, studies show that it can mask un-
certainty and encourage confident but incorrect
answers (Huang et al., 2025a; Gu et al., 2025).
Agentic verification and tool grounding are increas-
ingly viewed as complementary to RLHF for clini-
cal alignment (Liu et al., 2025c; Mukherjee et al.,
2024).
■ Limitations of Pure Language Modeling. De-
spite impressive fluency, pure language modeling
remains fundamentally limited for clinical diagno-
sis. LLMs lack direct grounding in patient physi-
ology, causal mechanisms, and real-time clinical
context (Jin et al., 2021). Empirical evaluations
reveal that models can generate plausible but in-
correct explanations unsupported by evidence, a
phenomenon exacerbated in long reasoning chains
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Paradigms

Implicit and Explicit Reasoning Implicit Reasoning (Gu et al., 2025; Jin et al., 2021; Huang et al., 2025a; Zuo and Jiang, 2025)

Explicit Reasoning (Chen et al., 2025a; Sun et al., 2025)

Chain-of-Thought and Diagnosis Chain-of-Thought (CoT) (Yao et al., 2023a)

Chain-of-Diagnosis (CoD) (Chen et al., 2025a; Sun et al., 2025)

Tree / Graph / Search Reasoning Tree-Based (Wei et al., 2023; Guo et al., 2025b; Yang et al., 2021; Sun et al., 2025)

Graph-Based (Zuo et al., 2024; Sun et al., 2025)
Symbolic and Neuro-
Symbolic Reasoning Symbolic Reasoning (Tang et al., 2024; Zuo et al., 2024; Ke et al., 2024; Jin et al., 2021)

Neuro-Symbolic Reasoning (Liu et al., 2025d; Huang et al., 2024)

Reflective and Debate Reasoning Reflective / Self-Corrective (Yao et al., 2023b; Yue et al., 2024)

Debate-Based (Maiga et al., 2025; Zuo et al., 2024; Ke et al.,
2024; Kim et al., 2024b; Gao et al., 2026; Sun et al., 2025)

Agent
Architectures

Single-Agent Systems Single-Agent Systems (Jiang et al., 2025d; Jin et al., 2021; Fan et al., 2024; Gu et al., 2025)

Planner-Executor Agents Planner-Executor Agents (Mehandru et al., 2024; Liu et al., 2025c; Jiang
et al., 2025d; Gao et al., 2025; Guan et al., 2025; Sun et al., 2025)

Memory-Augmented Agents Memory-Augmented Agents (Li et al., 2025a; Du et al., 2025; Ehw-
erhemuepha et al., 2022; Jin et al., 2021; Kandpal et al., 2024)

Multi-Agent Co-
operative Systems

Role-Based Specialized Agents (Tang et al., 2024; Kim et al., 2024a; Zhang et al., 2024)

Adaptive Collaboration (Kim et al., 2024b)

Hypothesis-Driven Scientific Process (Kim et al., 2025)

Multi-Turn Interaction (Liu et al., 2025a)

Hospital Workflow (Wang et al., 2025c)

Chain-of-Agents (EHR Trajectories) (Zeng et al., 2025)

Large-Scale Agent Frameworks (Li et al., 2025a; Gao et al., 2026)

Hierarchical and
Role-Based Agents

Hierarchical and Role-Based Agents (Zuo et al., 2024; Zhou et al., 2025; Yang et al., 2025a; Bani-
Harouni et al., 2024; Chen et al., 2025b; Van et al., 2024; Mukherjee et al., 2024; Kim et al., 2024a)

Tool-Use
Capabilities

Retrieval-Augmented
Diagnosis (RAG) RAG (Huang et al., 2024; Sun et al., 2025; Ke et al., 2024)

External Knowledge Grounding Knowledge Graphs (Zuo et al., 2024; Tang et al., 2024; Huang et al., 2024; Yu et al., 2025)

Clinical Guideline Grounding (Ke et al., 2024; Jin et al., 2021)

Computational / Simulation Tools Tools (Li et al., 2025a; Jiang et al., 2025d; Bazgir et al., 2025; Yang et al., 2025b)

Multimodal Tools
Multimodal Tools (Guo et al., 2025b; Li et al., 2024; Zhang et al.,

2024; Huang et al., 2024; Putra et al., 2025; Mehandru et al., 2024)

Verification and Auditing Tools Verification and Auditing Tools (Noori et al., 2026;
Sun et al., 2025; Jiang et al., 2025d; Unell et al., 2025)

Degree of
Autonomy

Assistive and Advisory Agents (Reddy, 2024; Jin et al., 2021); Human-in-the-Loop Systems (Yan et al., 2024; Liu et al., 2025b); Semi-
Autonomous Clinical Agents (Tang et al., 2024); Fully Autonomous Simulated Hospitals (Yu et al., 2025; Li et al., 2025a; Fan et al., 2024)

Embodiment Text-Only Agents (Jin et al., 2021); Multimodal Virtual Agents (Guo et al., 2025b); Robotic and Physical Agents (Bousetouane, 2025)

Figure 2: LLM-based medical agents organized along five major axes: reasoning paradigms, agent architectures,
tool-use capabilities, degree of autonomy, and embodiment. The hierarchy reveals how diagnostic reasoning
strategies interact with system architectures, external tools, autonomy levels, and physical embodiment.

(Li et al., 2023; Zuo and Jiang, 2025). Further-
more, next-token prediction does not inherently en-
force logical consistency or probabilistic coherence
(Chen et al., 2025a; Sun et al., 2025). These limita-
tions motivate architectures that integrate external
tools, symbolic reasoning, and structured decision
processes (Li et al., 2024; Zuo et al., 2024).

2.2 From Models to Agents

■ Definitions: Tools, Agents, Workflows. A tool
is an external function or resource that provides
information or computation beyond the model’s
parameters, such as retrieval systems, calculators,
or simulators. An agent is an autonomous system
that maintains state, selects actions, invokes tools,
and updates its strategy based on observations (Rus-
sell and Norvig, 2009; Mehandru et al., 2024). A
workflow defines the structured interaction between
reasoning, tool use, and environment feedback over

time (Kim et al., 2024a). In medicine, workflows
often span data retrieval, hypothesis generation,
verification, and documentation (Tang et al., 2024;
Jiang et al., 2025d). Formalizing these distinctions
clarifies why diagnostic competence emerges from
systems, not isolated models (Liu et al., 2025c;
Zhuang et al., 2025).

■ ReAct, Plan-and-Execute, and Reflective
Loops. Agentic reasoning frameworks commonly
interleave thought, action, and observation. ReAct-
style agents explicitly alternate reasoning traces
with tool calls, enabling grounded inference (Yao
et al., 2023b). Plan-and-Execute architectures first
generate a high-level plan P = {a1, . . . , ak} and
then execute actions sequentially with feedback
(Mehandru et al., 2024). Reflective loops intro-
duce self-critique functions freflect(y) that evaluate
and revise outputs (Yao et al., 2023b). In medical
agents, these loops support diagnostic verification,
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guideline checking, and error correction (Yue et al.,
2024; Ke et al., 2024). Empirical results show
that such architectures outperform single-pass rea-
soning on complex diagnostic tasks (Jiang et al.,
2025d; Li et al., 2025a).
■ Why Diagnosis Requires Agents, Not Chat-
bots? Diagnosis unfolds over time, requiring mem-
ory, hypothesis revision, and adaptive informa-
tion gathering, capabilities absent in stateless chat-
bots. Clinical reasoning depends on interaction
with evolving patient data, tests, and consultations,
which naturally maps to agent–environment loops
(Tang et al., 2024; Jiang et al., 2025d). Static QA
systems fail to model longitudinal dependencies
or decision consequences (Jin et al., 2021; Fan
et al., 2024). Agentic systems can explicitly rep-
resent diagnostic state st = (Ht, Et) and update it
through actions at based on new observations (Rus-
sell and Norvig, 2009). Simulation studies demon-
strate that agent-based medical systems achieve
superior robustness and interpretability compared
to conversational baselines (Fan et al., 2024; Li
et al., 2025a). Consequently, meaningful progress
toward expert-level diagnostic reasoning necessi-
tates agents rather than chatbots.

3 LLM-Based Medical Agents

Here, we introduce a framework (Figure 2) that or-
ganizes LLM-based medical agents along five key
axes. These five axes capture the main dimensions
that determine how LLM-based medical agents rea-
son, operate, and interact within clinical environ-
ments. Together they separate cognitive strategy
(reasoning), system organization (architecture), ex-
ternal capability integration (tool use), operational
control (autonomy), and interaction modality (em-
bodiment), enabling systematic comparison of het-
erogeneous medical AI systems. Unlike prior sur-
veys that primarily provide descriptive overviews
of LLM-based medical systems and applications
(Wang et al., 2025b; Jin et al., 2021; Roberts et al.,
2018) (§C), this work adopts a reasoning-centric
and diagnostic-first framework that systematically
compares paradigms, agent architectures, tool inte-
gration, autonomy, and safety mechanisms to ana-
lyze how design choices shape failure modes, relia-
bility, and clinical impact.

The five axes describe complementary system di-
mensions, not mutually exclusive paper categories.
A system has a position on each axis, so a work may
span several axes, which are conceptually distinct

but not statistically independent. Boundary cases
are assigned by primary function, with secondary
interactions noted. Learning and adaptation, evalu-
ation, safety, and deployment are cross cutting con-
cerns rather than additional dimensions. Although
the labels overlap with general agent taxonomies,
the framework is medically specific: Axis I links
reasoning to clinical cognition, Axis II addresses
accountability across care teams, Axis III covers
guideline grounding, clinical data formats, and pro-
tected health information, Axis IV connects auton-
omy with oversight, regulation, and medico legal
responsibility, and Axis V captures the sensory
and safety demands of clinical environments and
vulnerable patients. These constraints help relate
agent design to clinical failure modes.

3.1 Clinical Reasoning Foundations

The five axes of our framework (§3) are grounded
in established theories of clinical cognition.
Hypothetico-deductive reasoning describes how
clinicians generate and iteratively refine ranked
diagnostic hypotheses as new evidence emerges
(Yang et al., 2021). Computationally, this resem-
bles a search over a hypothesis space H where ob-
servations ot update posterior probabilities P (h |
o1:t), making tree- and graph-based paradigms
(Axis I) analogs of hypothesis pruning and hier-
archical architectures (Axis II) analogs of staged
reasoning. Bayesian diagnostic inference formal-
izes diagnosis as probabilistic updating, where pri-
ors P (d) are revised using likelihoods P (e | d) to
yield posteriors P (d | e) ∝ P (e | d), P (d) (Yang
et al., 2021), motivating uncertainty quantification
and calibrated confidence estimation across all axes.
Dual-process theory distinguishes fast System 1
pattern matching from slower System 2 deliber-
ation (Kahneman, 2011); within our framework,
implicit LLM reasoning approximates System 1,
whereas explicit chain-of-diagnosis, search-based,
and debate-based methods approximate System 2
for rare, conflicting, or high-stakes cases. Together,
these theories justify the five axes by linking rea-
soning paradigms to cognitive strategy, architec-
tures to clinical role structure, tool use to Bayesian
evidence integration, autonomy to medico-legal
constraints, and embodiment to available sensory
modalities.

3.2 Axis I: Reasoning Paradigms

■ Implicit and Explicit Reasoning. Implicit rea-
soning relies on end-to-end language generation
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where diagnoses emerge without explicit interme-
diate steps, often excelling on benchmarks due
to scale but lacking transparency and faithfulness
guarantees (Gu et al., 2025; Jin et al., 2021). Ex-
plicit reasoning externalizes inference steps for in-
spection and intervention (Chen et al., 2025a), of-
fering greater interpretability favored in clinical
settings despite verbosity and potential spurious
rationales (Sun et al., 2025). Implicit methods are
generally more robust to noise but prone to halluci-
nation, especially under distribution shifts (Huang
et al., 2025a; Zuo and Jiang, 2025). In practice,
implicit reasoning often performs well in large-
scale benchmark settings, while explicit reasoning
is preferred in clinical workflows where traceability,
auditability, and human oversight are critical.
■ Chain-of-Thought and Chain-of-Diagnosis.
Chain-of-Thought (CoT) structures inference as
linear reasoning steps, improving complex medical
QA and diagnostics (Yao et al., 2023a). Chain-of-
Diagnosis (CoD) further aligns these steps with
clinical diagnostic phases, enhancing interpretabil-
ity and calibration by modeling disease confidence
distributions (Chen et al., 2025a; Sun et al., 2025).
However, linear chains struggle with branching
hypotheses and risk error accumulation, motivat-
ing exploration of non-linear reasoning. These
approaches are effective for structured diagnos-
tic tasks but may degrade when multiple competing
hypotheses must be explored simultaneously.
■ Tree-, Graph-, and Search-Based Reasoning.
Tree- and graph-based methods treat diagnosis as
search over hypotheses, enabling parallel path ex-
ploration and pruning (Wei et al., 2023; Guo et al.,
2025b), echoing hypothetico-deductive clinical rea-
soning (Yang et al., 2021). Graph reasoning sup-
ports relational inference, especially when com-
bined with knowledge graphs (Zuo et al., 2024).
Despite improved robustness, these methods are
computationally intensive and require carefully de-
signed rewards to avoid degenerate behavior, limit-
ing real-time use (Sun et al., 2025). Consequently,
search-based reasoning is particularly suited to
complex differential diagnosis scenarios where hy-
pothesis branching is necessary.
■ Symbolic, Programmatic, and Neuro-
Symbolic Reasoning. These approaches integrate
medical rules, logic, and probabilistic models with
LLMs to constrain inference (Tang et al., 2024; Zuo
et al., 2024), combining neural flexibility with sym-
bolic rigor (Liu et al., 2025d; Huang et al., 2024).
Symbolic grounding reduces hallucination in criti-

cal tasks (Ke et al., 2024) but suffers brittleness and
maintenance challenges (Jin et al., 2021), leading
to growing preference for hybrid designs. Hybrid
neuro-symbolic systems therefore offer a promis-
ing compromise between interpretability, reliability,
and adaptability in safety-critical medical contexts.
■ Reflective, Self-Corrective, and Debate-Based
Reasoning. Reflective reasoning adds iterative self-
evaluation and revision, using single or auxiliary
models to refine diagnoses (Yao et al., 2023b; Yue
et al., 2024). Debate-based frameworks extend this
to multi-agent hypothesis challenges, reducing an-
choring bias and improving error detection (Maiga
et al., 2025; Zuo et al., 2024; Ke et al., 2024). MDA-
gents enable moderated group critique to enhance
accuracy (Kim et al., 2024b), while TOOLUNI-
VERSE orchestrates complex tool-augmented de-
bate pipelines for verification beyond single-pass
LLMs (Gao et al., 2026). Yet, increased compu-
tation and risk of incorrect consensus highlight
the need for grounding and expert oversight (Sun
et al., 2025). Such collaborative reasoning strate-
gies are particularly valuable in high-uncertainty
cases where independent verification and critique
can mitigate individual model biases.
Clinical reasoning paradigms involve trade-offs be-
tween efficiency, interpretability, robustness, and
computational cost: linear methods such as CoT
prioritize simplicity and speed, whereas search-,
debate-, and symbolic-based approaches empha-
size hypothesis exploration, error correction, and
structured knowledge integration, leading many
medical agents to combine multiple paradigms for
balanced performance. Unlike general-domain rea-
soning, medical reasoning must satisfy physiolog-
ical causality, strict time constraints, and asym-
metric clinical risks between false negatives and
false positives, making calibrated and auditable ex-
plicit reasoning essential in high-stakes settings.
In clinical use, reasoning must respect physiologi-
cal causality, time constraints, and the asymmetric
costs of false-negative and false-positive decisions.

3.3 Axis II: Agent Architectures
■ Single-Agent Systems. Single-agent systems en-
capsulate reasoning, planning, and tool use within
a single LLM instance, making them simple to de-
ploy and evaluate in early clinical prototypes (Jiang
et al., 2025d). However, they struggle with long-
horizon reasoning, interdisciplinary tasks, and self-
critique (Jin et al., 2021). Empirical studies show
that although single agents perform competitively
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on static benchmarks, their performance degrades
in interactive or longitudinal diagnostic settings
(Fan et al., 2024; Gu et al., 2025). Overall, single-
agent designs offer simplicity and efficiency but
lack the collaborative reasoning required for com-
plex clinical workflows.
■ Planner-Executor Agents. Planner–executor
agents decompose diagnosis into explicit planning
and sequential execution stages (Mehandru et al.,
2024). This separation improves controllability
and enables structured multi-step reasoning in tasks
such as medication analysis and diagnostic work-
flows (Liu et al., 2025c; Jiang et al., 2025d; Gao
et al., 2025). Systems like PharmaData-Agent
demonstrate how explicit planning supports trans-
parent clinical data analysis pipelines (Guan et al.,
2025). However, planning errors may propagate
through execution, and static plans can become
outdated as new patient information emerges (Sun
et al., 2025). These architectures improve inter-
pretability and control but require adaptive replan-
ning mechanisms to remain reliable in dynamic
clinical environments.
■ Memory-Augmented Agents. Memory-
augmented agents maintain representations of pa-
tient history, prior cases, or long-term clinical
knowledge to support longitudinal reasoning and
continuity of care (Li et al., 2025a; Du et al., 2025;
Ehwerhemuepha et al., 2022). Empirical analyses
show that memory improves contextual consistency
and reduces redundant questioning across encoun-
ters (Jin et al., 2021). However, persistent memory
introduces risks of stale or biased information ac-
cumulation and increases privacy concerns when
sensitive data is stored or reused across reasoning
cycles (Kandpal et al., 2024). Designing principled
memory update and forgetting policies is therefore
essential for balancing personalization with safety.
■ Multi-Agent Cooperative Systems. Multi-
agent architectures distribute reasoning across spe-
cialized agents aligned with clinical roles such as
physician, radiologist, or pharmacist (Tang et al.,
2024; Kim et al., 2024a; Zhang et al., 2024). Sys-
tems such as MDAgents and MoAgent demonstrate
how collaborative reasoning, hypothesis testing,
and multimodal integration can improve diagnostic
accuracy and robustness (Kim et al., 2024b, 2025).
Other frameworks model hospital workflows, deep
research pipelines, or longitudinal EHR reason-
ing using chains of interacting agents with shared
memory (Liu et al., 2025a; Wang et al., 2025c;
Li et al., 2025b; Zeng et al., 2025). Large-scale

frameworks such as Agent Hospital and TOOLU-
NIVERSE further show emergent capabilities from
coordinated agent populations and tool ecosystems
(Li et al., 2025a; Gao et al., 2026). Empirical eval-
uations consistently report improved performance
on complex diagnostic tasks compared with single-
agent systems (Jiang et al., 2025d; Dutta and Hsiao,
2024), partly because structured discussion and cri-
tique reduce individual model bias (Ke et al., 2024;
Kim et al., 2024c). However, these systems intro-
duce coordination overhead and risks such as com-
munication failure, inconsistent beliefs, or flawed
consensus (Maiga et al., 2025; Sun et al., 2025).
Thus, multi-agent designs improve robustness and
collaboration but require careful coordination and
communication mechanisms.
■ Hierarchical and Role-Based Agents. Hier-
archical architectures organize diagnostic work-
flows using layered coordination, where high-level
agents manage specialized sub-agents across di-
agnostic and therapeutic stages (Zuo et al., 2024;
Zhou et al., 2025; Yang et al., 2025a). Systems
such as MEGDA illustrate how modular agent roles
support structured clinical data analysis and task
decomposition (Bani-Harouni et al., 2024). Bench-
marks like MedBrowseComp reveal that such ar-
chitectures improve multi-hop reasoning but still
expose substantial gaps in clinical knowledge inte-
gration (Chen et al., 2025b). Role separation can
also enhance safety by restricting high-risk commu-
nication pathways in patient-facing agents (Zhou
et al., 2025; Van et al., 2024; Mukherjee et al.,
2024). However, poorly designed hierarchies or
role assignments may propagate coordination er-
rors and degrade diagnostic outcomes (Kim et al.,
2024a). Adaptive and context-aware hierarchical
coordination therefore remains an open research
challenge.
Overall, agent architectures determine how clinical
reasoning is coordinated across tasks. Single-agent
and planner-executor systems are efficient and in-
terpretable but struggle with complex collabora-
tive reasoning, whereas memory-augmented, multi-
agent, and hierarchical designs better support lon-
gitudinal context, interdisciplinary expertise, and
structured workflows at the cost of higher coordi-
nation complexity. Architectural performance de-
pends on alignment with task uncertainty and work-
flow constraints: search- or debate-based systems
are effective for multi-hypothesis reasoning, while
linear or single-agent systems are better suited to
structured, low-branching tasks due to their effi-
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ciency and controllability. Unlike general-domain
AI, medical multi-agent systems must also respect
established clinical hierarchies and accountability
chains involving physicians, radiologists, pharma-
cists, and specialized teams such as tumor boards
or rapid response units, each with distinct consen-
sus and escalation protocols. In clinical settings,
multi-agent designs must also preserve accountabil-
ity across roles such as physicians, radiologists, and
pharmacists, with clear procedures for consensus,
escalation, and human review.

3.4 Axis III: Tool-Use Capabilities
Tool-use capabilities ground LLM reasoning in ex-
ternal resources. We organize these capabilities
into three categories differentiated by their func-
tional role: external knowledge grounding, compu-
tational and simulation tools, multimodal tools, and
verification and auditing tools. The first category
is itself divided into three subtypes based on knowl-
edge representation, since retrieval-augmented sys-
tems, knowledge graphs, and guideline ground-
ing share the same core challenges—retrieval qual-
ity, grounding faithfulness, and update mainte-
nance—and differ primarily in how knowledge is
encoded rather than in their functional intent.
■ External Knowledge Grounding. RAG, knowl-
edge graphs, and guideline grounding all anchor
LLM outputs in external evidence sources indepen-
dent of model parameters, but share failure modes
including stale knowledge, retrieval errors, and
grounding-faithfulness failures where conclusions
do not follow from retrieved evidence (Sun et al.,
2025; Ke et al., 2024).
Subtype 1. Unstructured Representation: Retrieval-
Augmented Diagnosis (RAG). RAG retrieves guide-
lines, literature, or patient records during infer-
ence to improve grounding and performance on
rare or guideline-driven cases (Huang et al., 2024;
Sun et al., 2025). However, accuracy remains
highly sensitive to retrieval quality, and irrele-
vant documents can mislead reasoning (Ke et al.,
2024). TC-RAG (Jiang et al., 2025a) further
blurs the boundary between retrieval and memory-
augmented agents by jointly managing retrieval
state and memory.
Subtype 2. Structured Representation: Knowledge
Graph Grounding. Knowledge graphs support rela-
tional reasoning over comorbidities, drug interac-
tions, and diagnostic hierarchies (Zuo et al., 2024;
Tang et al., 2024; Huang et al., 2024), and systems
such as AIPatient integrate them with EHR data

to simulate clinical scenarios (Yu et al., 2025). Al-
though large medical KGs are difficult to main-
tain (Jin et al., 2021), hybrid systems such as
HyKGE (Jiang et al., 2025b), which combine LLM-
generated hypotheses with KG verification, sub-
stantially reduce hallucinations compared to pure
RAG or KG lookup.
Subtype 3. Normative Representation: Clinical
Guideline Grounding. Guideline grounding en-
forces adherence to protocols such as NCCN or
AHA/ACC recommendations, functioning as a nor-
mative constraint layer rather than a standard re-
trieval mechanism (Ke et al., 2024). Systems such
as CancerGUIDE (Unell et al., 2025) combine
guideline grounding with disagreement estimation
to produce safer treatment recommendations with
calibrated confidence.
■ Computational and Simulation Tools. Com-
putational tools provide quantitative reasoning ca-
pabilities such as dosage calculation, risk scoring,
and physiological modeling, while simulation en-
vironments enable testing of diagnostic strategies
before deployment (Li et al., 2025a). These tools
can significantly improve reliability but introduce
integration complexity and require rigorous valida-
tion to ensure clinical realism (Jiang et al., 2025d).
For example, GRASP converts Quantitative Sys-
tems Pharmacology models into executable reason-
ing pipelines using graph-based agent coordination
(Bazgir et al., 2025). Similarly, zero-shot LLM
agents have been used for automated inverse ra-
diotherapy planning, achieving expert-level plan
quality without task-specific training (Yang et al.,
2025b). Such tools extend LLM reasoning beyond
text but demand careful verification before clinical
use.
■ Multimodal Tools (Imaging, Pathology, Au-
dio). Multimodal tools extend agent perception
to imaging, pathology slides, and speech signals,
enabling integrated clinical analysis across hetero-
geneous data sources (Guo et al., 2025b; Li et al.,
2024; Zhang et al., 2024; Huang et al., 2024). Sys-
tems such as multitask multimodal agents combine
vision, speech, and retrieval-based reasoning to
support interactive clinical decision support (Putra
et al., 2025). These capabilities are particularly
important for radiology and pathology workflows.
However, multimodal fusion increases computa-
tional cost and introduces alignment challenges
across modalities (Mehandru et al., 2024). Achiev-
ing robust multimodal grounding remains an im-
portant research direction for medical agents.
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■ Verification, Citation, and Auditing Tools. Ver-
ification tools check agent outputs against trusted
sources or logical constraints, improving trans-
parency and regulatory compliance (Noori et al.,
2026). Citation mechanisms enhance traceability
but do not guarantee correctness without indepen-
dent verification (Sun et al., 2025). Auditing tools
provide post-hoc analysis of reasoning processes,
which is essential for debugging and safety mon-
itoring in clinical systems (Jiang et al., 2025d).
For example, CancerGUIDE integrates disagree-
ment estimation and guideline grounding to pro-
duce NCCN-aligned treatment recommendations
with calibrated confidence (Unell et al., 2025). Ver-
ification and auditing components are therefore
increasingly considered mandatory for safe clini-
cal deployment.
Overall, tool-use capabilities extend LLM agents
beyond pure language reasoning by grounding de-
cisions in external knowledge, structured medical
resources, computational models, and multimodal
data. Retrieval systems, knowledge graphs, and
multimodal tools improve factual accuracy and di-
agnostic coverage but also introduce dependencies
on tool reliability, data quality, and system integra-
tion, making verification and auditing essential for
trustworthy deployment. Unlike general-domain
agents, medical tool use must satisfy normative
constraints requiring consistency with evidence-
based guidelines, since violations may constitute
patient safety risks. Clinical tools must also han-
dle specialized formats such as DICOM and HL7
FHIR while complying with regulatory frameworks
governing protected health information, which con-
strain storage, logging, and data transmission. Tool
use grounds LLM reasoning in external resources.
We organize these capabilities into four categories
by function: external knowledge grounding, com-
putational and simulation tools, multimodal tools,
and verification and auditing tools. External knowl-
edge grounding has three subtypes based on how
knowledge is represented: retrieval-augmented gen-
eration for unstructured sources, knowledge graphs
for structured relations, and clinical guidelines for
normative requirements.

3.5 Axis IV: Degree of Autonomy
■ Assistive and Advisory Agents. Assistive
agents provide recommendations while leaving
decision-making and actions to clinicians, preserv-
ing human authority in the clinical loop. These
systems are currently the most common in real-

world healthcare deployments because they align
well with regulatory requirements and clinical gov-
ernance structures (Reddy, 2024). However, their
effectiveness depends heavily on clinician trust,
usability, and integration with existing workflows
(Jin et al., 2021). Thus, assistive agents offer a
pragmatic pathway for early clinical adoption but
provide limited automation benefits.
■ Human-in-the-Loop Systems. Human-in-the-
loop systems explicitly incorporate clinician feed-
back during reasoning or decision-making to bal-
ance safety and automation (Yan et al., 2024). Such
designs can improve diagnostic reliability by en-
abling intervention when model uncertainty or er-
rors arise. However, repeated interaction may in-
crease clinician cognitive load and disrupt clinical
workflows (Liu et al., 2025b). These systems there-
fore represent a compromise between automation
and safety, but their success depends on carefully
designed interaction protocols.
■ Semi-Autonomous Clinical Agents. Semi-
autonomous agents perform constrained opera-
tional tasks such as alert generation, documenta-
tion assistance, or structured data entry (Tang et al.,
2024). By automating routine activities, they can
reduce administrative burden and improve clinical
efficiency. Nevertheless, continuous monitoring
and safeguards remain necessary to mitigate poten-
tial safety risks. Semi-autonomous agents therefore
provide practical efficiency gains while maintain-
ing human oversight for high-stakes decisions.
■ Fully Autonomous (Simulated) Hospitals.
Fully autonomous environments simulate complete
clinical workflows in which agents independently
perform diagnosis, treatment planning, and coordi-
nation. Platforms such as AIPatient provide con-
trolled environments for testing large-scale med-
ical agent ecosystems (Yu et al., 2025). While
such simulations enable rapid experimentation and
training, their translation to real clinical settings
remains uncertain due to safety, regulatory, and eth-
ical constraints (Li et al., 2025a; Fan et al., 2024).
Consequently, fully autonomous systems currently
serve primarily as research testbeds rather than
deployable clinical solutions.
Overall, the autonomy spectrum reflects trade-offs
between safety, efficiency, and clinical responsibil-
ity. Lower-autonomy systems prioritize reliability
and regulatory feasibility, while higher-autonomy
systems promise greater efficiency but introduce
substantial safety and governance challenges. Most
current clinical deployments therefore adopt hybrid
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models that combine automation with structured
human oversight. In medicine, autonomy there-
fore describes not only how many actions an agent
can take, but also which decisions require clini-
cian review and who remains accountable for the
outcome.

3.6 Axis V: Embodiment

■ Text-Only Agents. Text-only agents dominate
due to simplicity and scalability within existing
LLM frameworks. They rely on textual interac-
tion with clinical data and EHRs, enabling strong
knowledge-based reasoning. However, lacking
sensory grounding limits their effectiveness for
perception-heavy tasks such as imaging or physio-
logical signal interpretation (Jin et al., 2021). Thus,
they are suited for knowledge-centric reasoning but
weak in perception-driven clinical settings.
■ Multimodal Virtual Agents. Multimodal
agents combine text, imaging, and structured
records to enable richer clinical reasoning and im-
proved performance in tasks such as radiology and
decision support (Guo et al., 2025b). However,
integrating heterogeneous modalities and manag-
ing computational overhead remain key challenges.
Nonetheless, multimodal integration is increasingly
essential for realistic clinical AI systems.
■ Robotic and Physical Agents. Robotic agents
extend LLM reasoning into physical environments
for tasks such as surgical assistance, rehabilitation,
and monitoring. These systems integrate reasoning
with sensing and actuation but require strict safety
validation, regulatory approval, and hardware re-
liability (Bousetouane, 2025). They represent a
promising yet early-stage frontier in medical AI
deployment.
Overall, embodiment shapes how agents perceive
and interact with clinical environments. While text-
only systems dominate due to scalability, multi-
modal and embodied agents enable richer inter-
action and real-world deployment. Clinical em-
bodiment additionally involves safety constraints
for vulnerable populations (e.g., pediatric, uncon-
scious, immunocompromised patients) and envi-
ronmental constraints such as infection control and
sensor noise, extending beyond standard robotics.
Embodiment (Axis V) describes the agent’s native
interaction modality with users and its environment.
A text-only agent can call an imaging model as a
tool while remaining text-only in its own interface;
the two properties are recorded independently.

3.7 Cross-Axis Interactions

The five axes represent distinct but interacting de-
sign choices. Table 7 summarizes predicted mecha-
nisms and failure modes for selected axis pairs, sup-
ported by examples or empirical evidence where
available. These interactions make the framework
analytical rather than a set of independent labels: a
design choice may reduce one failure mode while
creating another. Appendix K shows how individ-
ual systems occupy positions across multiple axes.

3.8 Evaluation, Safety, and Reliability

Medical agents require system level evaluation be-
yond accuracy or exact match. Assessment should
cover reasoning faithfulness, tool use, grounding,
calibration, robustness across populations and set-
tings, expert review, and interactive or longitudinal
effects on clinical workflows. Safety failures may
arise from unsupported outputs, incorrect tool calls,
misapplied retrieval, propagated planning errors,
persistent memory, or correlated multi agent errors.
Reliable deployment therefore requires calibrated
uncertainty, appropriate clinician oversight, and
post deployment monitoring.

4 Conclusions and Future Directions

Across the five axes, current medical agents in-
creasingly reproduce the visible structure of diag-
nostic reasoning, but the evidence does not show
that they reproduce its causal and epistemic foun-
dations. Reasoning: explicit chains and search
can represent hypothesis refinement, but remain
vulnerable to correlational errors and poor calibra-
tion under distribution shift. Architecture: mul-
tiple agents can distribute work and critique one
another, but coordination does not guarantee inde-
pendent judgment or clinical accountability. Tools:
retrieval, guidelines, and computational models can
improve grounding, yet tool errors and misapplied
evidence can produce grounded hallucinations. Au-
tonomy: human oversight remains necessary for
high-stakes decisions because benchmark perfor-
mance does not establish safe independent action.
Embodiment: multimodal systems broaden the
evidence available to an agent, but their perfor-
mance depends on perception quality and modality
alignment. These findings support system-level
evaluation that measures causal reasoning, calibra-
tion, tool reliability, and clinical outcomes rather
than benchmark accuracy alone.
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Limitations

As a survey and conceptual synthesis, this work
does not introduce new models, algorithms,
datasets, or clinical experiments, nor does it pro-
vide controlled empirical comparisons or abla-
tion studies. Consequently, quantitative claims
about performance, error propagation, or safety are
derived from previously published studies rather
than generated through new experiments in this
manuscript. Direct head-to-head evaluations across
paradigms are therefore beyond the scope of this
review and would require dedicated experimental
studies.

While we aim to provide comprehensive cover-
age and structured comparison, the rapidly evolv-
ing landscape of LLM-based medical agents im-
plies that some recent developments may not be
fully represented at the time of writing. More-
over, certain detailed implementation-level opti-
mizations, deployment engineering decisions, and
regulatory validation procedures fall outside the
scope of this framework, which focuses on con-
ceptual organization and cross-paradigm synthesis
rather than system-level certification.

Our framework is intended to organize, compare,
and contextualize existing research along orthog-
onal design axes, rather than to replace empirical
validation studies. Any limitations in predictive
claims should thus be interpreted as inherent to
survey-based research, which synthesizes prior ev-
idence rather than generating new experimental
results.

Potential Risks

This work is an analytical survey and does not intro-
duce new models, algorithms, datasets, or clinical
decision-making systems. Consequently, it poses
no direct risks to patient safety, data privacy, or
clinical workflows. Any potential risk of misinter-
pretation, such as overestimating the readiness of
medical agents, is mitigated by our explicit empha-
sis on limitations, safety concerns, and the gap be-
tween benchmark success and real-world reliability.
We do not advocate autonomous deployment and
consistently frame medical agents as assistive or
experimental technologies. By highlighting open
challenges, evaluation shortcomings, and regula-
tory constraints, this work aims to reduce, rather
than exacerbate, the risk of premature or inappro-
priate adoption. Overall, the contribution is infor-
mational and risk-neutral, serving to guide safer

future research and deployment.
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A Review Methodology

A.1 Review Objective

This review follows a structured methodology de-
signed to support broad coverage and transpar-
ent synthesis of research on LLM-based medical
agents. Because this work is a survey rather than
an empirical study, methodological validity is de-
fined in terms of systematic search procedures,
explicit inclusion criteria, cross-paradigm classi-
fication, and evidence-aware interpretation. The
objective is not to generate new experimental re-
sults, but to organize and critically synthesize ex-
isting findings within a unified conceptual frame-
work. All methodological decisions were guided by
the aim of maximizing coverage across reasoning
paradigms, agent architectures, tool-use capabili-
ties, autonomy levels, and embodiment modalities.

A.2 Literature Identification

Searches were conducted from January through
April 2025 in arXiv, PubMed, IEEE Xplore, and
the ACM Digital Library, and in the proceedings of
NeurIPS, ICML, ICLR, ACL, EMNLP, and AAAI.
The query combined Group A (medical agent OR
clinical agent OR diagnostic agent OR LLM agent
healthcare) with Group B (reasoning OR tool use
OR multimodal OR safety OR hallucination OR
uncertainty OR benchmark OR deployment). We
also used backward and forward citation tracking
from seed papers. The complete set of included
studies is listed in Supplementary Table 3.

A.3 Study Selection and PRISMA-Style Flow
Summary

To ensure transparency and reproducibility, we fol-
lowed a structured multi-stage screening process
inspired by PRISMA reporting standards. The pro-
cedure included identification of records across
databases, removal of duplicates, title and abstract
screening, full-text assessment, and final inclusion
based on predefined eligibility criteria. Study se-
lection followed explicit inclusion and exclusion
principles to maintain methodological consistency.
Included works had to propose, evaluate, or system-
atically analyze LLM-based medical agents with
relevance to diagnostic reasoning, tool integration,
safety mechanisms, autonomy design, or multi-
modal interaction. Empirical studies were prior-
itized when available, particularly those reporting
benchmark evaluations, retrospective analyses, or
real-world deployment outcomes, while concep-

tual frameworks were included when they intro-
duced novel architectural or reasoning paradigms
that shaped subsequent research. Table 4 summa-
rizes the number of records at each stage of the
review process, and Table 5 details the eligibility
criteria applied during screening.

A.4 Literature Mapping

Following identification and screening, we mapped
each included study onto five design axes: reason-
ing paradigms, agent architectures, tool use, de-
gree of autonomy, and embodiment. These axes
describe conceptually distinct design choices, but
they are not mutually exclusive categories or statis-
tically independent variables. Each system can take
a value on every axis. Learning and adaptation, dis-
cussed in Appendix D, is treated as a cross-cutting
concern that can modify systems along multiple
axes. Evaluation, safety, and deployment are also
analyzed as cross-cutting concerns. Table 6 sum-
marizes the five axes.

A.5 Evidence Synthesis

Evidence synthesis was conducted using struc-
tured qualitative comparison rather than quanti-
tative meta-analysis, reflecting the heterogeneity
of tasks, datasets, and evaluation protocols across
studies. Each work was interpreted according to
its empirical validation level, distinguishing be-
tween controlled benchmarks, simulation-based
evaluations, retrospective analyses, and real-world
clinical deployments. This stratification allowed
systematic assessment of evidence strength while
preserving methodological diversity. Claims re-
garding robustness, safety, or generalization were
interpreted in relation to the reported evaluation
context rather than extrapolated beyond it. This
evidence-aware approach ensures that comparisons
remain grounded in study design characteristics.

A.6 Bias Assessment

Bias assessment focused on recurring limitations
in the literature, including hallucination suscepti-
bility, error propagation in multi-step reasoning,
overconfidence under distribution shift, and chal-
lenges in external validation. Particular attention
was given to differences between static benchmark
performance and longitudinal or interactive clin-
ical scenarios. Where relevant, discrepancies be-
tween simulated environments and real-world de-
ployment were highlighted to prevent overinterpre-
tation of benchmark gains. The methodological
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Table 1: A unified framework of LLM-based medical agents organized along six orthogonal axes. The taxonomy
highlights design trade-offs across reasoning, architecture, tool use, autonomy, embodiment, and learning, enabling
systematic comparison of heterogeneous systems.

Axis Section Subsection Related Works

Reasoning
Paradigms

Implicit and Explicit Reasoning Implicit Reasoning (Gu et al., 2025; Jin et al., 2021; Huang et al.,
2025a; Zuo and Jiang, 2025)

Explicit Reasoning (Chen et al., 2025a; Sun et al., 2025)
Chain-of-Thought and Chain-of-
Diagnosis

Chain-of-Thought (CoT) (Yao et al., 2023a)

Chain-of-Diagnosis (CoD) (Chen et al., 2025a; Sun et al., 2025)
Tree-, Graph-, and Search-Based
Reasoning

Tree-Based Reasoning (Wei et al., 2023; Guo et al., 2025b; Yang et al.,
2021; Sun et al., 2025)

Graph-Based Reasoning (Zuo et al., 2024; Sun et al., 2025)
Symbolic, Programmatic, and
Neuro-Symbolic Reasoning

Symbolic Reasoning (Tang et al., 2024; Zuo et al., 2024; Ke et al., 2024;
Jin et al., 2021)

Neuro-Symbolic Reasoning (Liu et al., 2025d; Huang et al., 2024)
Reflective, Self-Corrective, and
Debate-Based Reasoning

Reflective and Self-Corrective
Reasoning

(Yao et al., 2023b; Yue et al., 2024)

Debate-Based Reasoning (Maiga et al., 2025; Zuo et al., 2024; Ke et al.,
2024; Kim et al., 2024b; Gao et al., 2026; Sun
et al., 2025)

Agent
Architectures

Single-Agent Systems - (Jiang et al., 2025d; Jin et al., 2021; Fan et al.,
2024; Gu et al., 2025)

Planner–Executor Agents - (Mehandru et al., 2024; Liu et al., 2025c; Jiang
et al., 2025d; Gao et al., 2025; Guan et al., 2025;
Sun et al., 2025)

Memory-Augmented Agents - (Li et al., 2025a; Du et al., 2025; Ehwerhemuepha
et al., 2022; Jin et al., 2021; Kandpal et al., 2024)

Multi-Agent Cooperative Sys-
tems

Role-Based Specialized Agents (Tang et al., 2024; Kim et al., 2024a; Zhang et al.,
2024)

Adaptive Collaboration (Kim et al., 2024b)
Hypothesis-Driven Scientific
Process

(Kim et al., 2025)

Multi-Turn Interaction (Liu et al., 2025a)
Hospital Workflow (Wang et al., 2025c)
Deep Research (Li et al., 2025b)
Chain-of-Agents with Shared
Memory (EHR Trajectories)

(Zeng et al., 2025)

Large-Scale Agent Frameworks (Gao et al., 2026)
Performance and Benchmarking (Jiang et al., 2025d; Dutta and Hsiao, 2024)
Cooperative Reasoning (Ke et al., 2024; Kim et al., 2024c)
Other (Maiga et al., 2025; Sun et al., 2025; Yue et al.,

2024)
Hierarchical and Role-Based
Agents

- (Zuo et al., 2024; Zhou et al., 2025; Yang et al.,
2025a; Bani-Harouni et al., 2024; Chen et al.,
2025b; Zhou et al., 2025; Van et al., 2024;
Mukherjee et al., 2024)

Tool-Use
Capabilities

Retrieval-Augmented Diagnosis
(RAG)

- (Huang et al., 2024; Sun et al., 2025; Ke et al.,
2024)

Knowledge Graph and Guideline
Grounding

Knowledge Graph Grounding (Zuo et al., 2024; Tang et al., 2024; Huang et al.,
2024; Yu et al., 2025)

Guideline Grounding (Ke et al., 2024; Jin et al., 2021)
Computational and Simulation
Tools

- (Li et al., 2025a; Jiang et al., 2025d; Bazgir et al.,
2025; Yang et al., 2025b)

Multimodal Tools (Imaging,
Pathology, Audio)

- (Guo et al., 2025b; Li et al., 2024; Zhang et al.,
2024; Huang et al., 2024; Putra et al., 2025;
Mehandru et al., 2024)

Verification, Citation, and Audit-
ing Tools

- (Noori et al., 2026; Sun et al., 2025; Jiang et al.,
2025d; Unell et al., 2025)

Degree
of Autonomy

Assistive and Advisory Agents - (Reddy, 2024; Jin et al., 2021)
Human-in-the-Loop Systems - (Yan et al., 2024; Liu et al., 2025b)
Semi-Autonomous Clinical
Agents

- (Tang et al., 2024)

Fully Autonomous (Simulated)
Hospitals

- (Yu et al., 2025; Li et al., 2025a; Fan et al., 2024)

Embodiment
Text-Only Agents - (Jin et al., 2021)
Multimodal Virtual Agents - (Guo et al., 2025b)
Robotic and Physical Agents - (Bousetouane, 2025)
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Table 2: Diagnostic Tasks and Applications of LLM-Based Medical Agents

Task Description References
Diagnostic Deci-
sion Support

Mature application evolving from QA to agentic
frameworks integrating longitudinal context, tool use,
and hypothesis tracking. Outperforms single-pass
models in complex cases but amplifies errors if un-
critically accepted. Mostly assistive with regulatory
limits.

(Jin et al., 2021; Jiang et al.,
2025d; Liu et al., 2025c; Tang
et al., 2024; Zeng et al., 2025;
Unell et al., 2025; Huang et al.,
2025a; Reddy, 2024; Yan et al.,
2024)

Differential Diagno-
sis and Hypothesis
Ranking

Enumerates and ranks multiple plausible conditions,
outperforming traditional classifiers. Multi-agent
frameworks enhance complex benchmark perfor-
mance. Challenges include reduced precision and
poor calibration without priors.

(Chen et al., 2025a; Guo et al.,
2025b; Wei et al., 2023; Kim
et al., 2024b; Jiang et al., 2025d;
Fan et al., 2024; Gu et al., 2025)

Medication Safety
and Treatment Plan-
ning

Drug interaction checks, dosage calculation, and
planning augmented by knowledge graphs and guide-
line retrieval. Reflective verification improves accu-
racy, but pharmacological errors persist. Autonomy
is limited; human confirmation required.

(Zuo et al., 2024; Tang et al.,
2024; Ke et al., 2024; Liu et al.,
2025d; Jin et al., 2021; Reddy,
2024; Yan et al., 2024)

Patient-Facing Con-
versational Agents

Enhance triage, education, and symptom assessment
with natural language. Improve accessibility but risk
unsafe reassurance and delayed escalation. Tool-
augmented agents with escalation outperform free-
form chatbots. Mostly low-risk informational deploy-
ment.

(Roberts et al., 2018; Jin et al.,
2021; Laymouna et al., 2024;
Wang et al., 2025a; Huang et al.,
2025a; He et al., 2020; van Wa-
terschoot et al., 2020; Das et al.,
2022; Sun et al., 2025; Reddy,
2024; Yan et al., 2024; Zuo and
Jiang, 2025)

Clinical Workflow
Automation

Automates documentation, triage routing, test rec-
ommendations, reducing clinician workload. Task-
specific agents address variability and summaries;
frameworks automate authorization and medication
reconciliation. Errors may cascade, requiring verifi-
cation and audit.

(Tang et al., 2024; Jiang et al.,
2025d; Kim et al., 2024a;
Roberts et al., 2018; Li et al.,
2025b; Lee et al., 2024; Su-
darshan et al., 2024; Pandey
et al., 2024; Jagatap et al., 2025;
Jin et al., 2021; Noori et al.,
2026; Motzfeldt et al., 2025;
Arias Russi et al., 2025)

Training, Simula-
tion, and Medical
Education

Supports clinician training with scalable, repeatable
complex case exposure. Acts as standardized pa-
tients or tutors for engagement and feedback. En-
ables experimentation but limited fidelity restricts
transferability. Multi-agent copilots enhance interac-
tive learning.

(Li et al., 2025a; Fan et al., 2024;
Laymouna et al., 2024; Sun et al.,
2025; Jiang et al., 2025d; Mehan-
dru et al., 2024; Jin et al., 2021;
Wei et al., 2024)

Remote Monitoring
and Early Warning
Systems

Analyze streaming physiological and self-reported
data for early deterioration detection. Integrates mul-
timodal data; improves sensitivity over rule-based
systems but suffers from false positives. Calibration
and constrained autonomy critical.

(Tang et al., 2024; Li et al., 2024;
Jiang et al., 2025d; Sun et al.,
2025; Jin et al., 2021; Huang
et al., 2025a)
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Table 3: Primary Literature Sources Considered in This
Review

Source Category Examples
Preprint Reposito-
ries

arXiv, bioRxiv, medRxiv

Biomedical
Databases

PubMed, MEDLINE

Computer Science
Databases

IEEE Xplore, ACM Digital Library

Conference Pro-
ceedings

NeurIPS, ICML, ICLR, ACL, EMNLP,
AAAI, KDD

Clinical and Medi-
cal Journals

Nature Medicine, The Lancet Digi-
tal Health, JAMIA, NEJM AI, BMJ,
JAMA, NPJ Digital Medicine, Lancet
AI

Interdisciplinary AI
Journals

Nature Machine Intelligence, IEEE
Transactions on Medical Imaging, Arti-
ficial Intelligence in Medicine

Table 4: PRISMA-style flow summary of study selec-
tion.

Stage Records

Records identified through database search-
ing

256

Additional records identified through other
sources

313

Total records before deduplication 569
Duplicates removed 291
Records screened by title and abstract 278
Records excluded after screening 131
Full-text articles assessed for eligibility 147
Full-text articles excluded with reasons 60
Studies included in qualitative synthesis 87

synthesis therefore emphasizes structural patterns
across paradigms rather than isolated performance
rankings. This approach supports a systems-level
understanding of reliability and failure modes in
medical agent design.

Finally, this review prioritizes transparency and
extensibility. The taxonomy is designed to accom-
modate emerging reasoning paradigms, architec-
tural innovations, and regulatory frameworks with-
out structural modification. Although comprehen-
sive, the rapidly evolving nature of the field implies
that some recent developments may not be fully
captured at the time of writing. The methodol-
ogy reflects established standards for high-level
scientific review, focusing on systematic organiza-
tion, comparative analysis, and conceptual synthe-
sis rather than primary experimentation. This de-
sign enables the framework to function as a stable
reference model for future research in LLM-based
medical agents.

B Clinical Diagnostic Reasoning

This section summarizes foundational theories that
underlie medical decision-making and diagnostic
inference in clinical practice. We outline classi-
cal reasoning paradigms, including hypothetico-
deductive, probabilistic, and dual-process models,
which inform both human expertise and compu-
tational diagnostic systems. These frameworks
provide the conceptual basis for evaluating how
LLM-based agents structure inference, manage un-
certainty, and mitigate error. By grounding our
taxonomy in established clinical reasoning theory,
we ensure alignment between agent design princi-
ples and normative standards of medical cognition.
Understanding these foundations is essential for in-
terpreting the strengths and limitations of modern
agentic diagnostic systems.

B.1 Hypothetico-Deductive Reasoning

Hypothetico-deductive reasoning models clinical
diagnosis as an iterative cycle of hypothesis gen-
eration, evidence collection, and hypothesis refine-
ment. Given a hypothesis set H = {h1, . . . , hn}
and clinical evidence E, clinicians aim to maxi-
mize explanatory coverage while minimizing un-
necessary testing and cognitive effort (Abaluck
et al., 2016). This process emphasizes active in-
formation seeking, where each diagnostic test is
selected for its ability to discriminate among com-
peting hypotheses rather than to confirm a single
favored explanation (Jin et al., 2021; Chen et al.,
2025a). Expert performance is characterized by
efficient hypothesis pruning, strategic test order-
ing, and adaptive updating under uncertainty, rather
than by memorization of disease patterns (Ke et al.,
2024). Modern LLM-based medical agents increas-
ingly operationalize this paradigm by structuring
reasoning as explicit iterative refinement, often im-
plemented through search-based or tree-structured
inference mechanisms (Wei et al., 2023; Li et al.,
2024). This alignment between classical clinical
methodology and agentic search architectures pro-
vides a conceptual bridge between human diagnos-
tic strategy and computational reasoning systems.

B.2 Bayesian and Probabilistic Diagnosis

Bayesian diagnostic reasoning formalizes disease
inference as probabilistic updating of latent vari-
ables using observed evidence. For a disease vari-
able D and evidence E, inference follows Bayes’
rule, expressed as P (D | E) = P (E|D)P (D)

P (E) . This
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Criterion Include Exclude

System type Proposes, evaluates, or systematically analyzes an
LLM-based medical agent.

No LLM component; purely rule-based or tradi-
tional machine-learning system.

Relevance Addresses diagnostic reasoning, tool integration,
safety, autonomy, or multimodal interaction in
medicine.

Non-medical domain, or a general-purpose agent
with no clinical application.

Depth Full paper of at least four pages with a system
description or evaluation.

Workshop abstract under four pages without eval-
uation.

Evidence Reports benchmark evaluation, retrospective anal-
ysis, simulation, or deployment outcomes. Include
conceptual work only when it describes a relevant
system or paradigm.

Purely theoretical work without a system descrip-
tion or evaluation.

Table 5: Eligibility criteria used to select studies for the review. Confirm that these criteria match the screening
procedure actually applied.

Design
axis

Comparative focus

I. Reason-
ing

Implicit and explicit inference; linear,
search-based, symbolic, and reflective
strategies.

II. Architec-
ture

Single-agent, planner-executor, memory-
augmented, hierarchical, and multi-agent
systems.

III. Tool
use

External knowledge grounding, computa-
tion and simulation, multimodal tools, and
verification and auditing.

IV. Auton-
omy

Assistive and advisory systems through
bounded human-in-the-loop and simulated
autonomous systems.

V. Embodi-
ment

Text-only, multimodal virtual, and robotic
or physical interaction.

Table 6: Five design axes used to describe LLM-based
medical agents. Learning and adaptation, evaluation,
safety, and deployment are treated as cross-cutting con-
cerns.

formulation explicitly integrates prior probabili-
ties with likelihood functions to produce posterior
disease estimates. Classical probabilistic graphi-
cal models and decision-theoretic approaches pro-
vided principled frameworks for uncertainty model-
ing but were historically limited by computational
scalability and data requirements in complex clin-
ical environments (Jin et al., 2021; Pollard et al.,
2018). Contemporary LLM-based agents approxi-
mate Bayesian reasoning either implicitly, through
internally represented confidence distributions, or
explicitly, by outputting calibrated disease proba-
bilities alongside explanations (Chen et al., 2025a;
Sun et al., 2025). Despite these advances, cali-
bration remains a persistent challenge, with many
models exhibiting systematic overconfidence and
misaligned posterior estimates, particularly under
distribution shift (Huang et al., 2025a; Gu et al.,
2025). Improving probabilistic grounding and un-

certainty quantification is therefore central to align-
ing AI-driven diagnosis with formal statistical de-
cision theory.

B.3 Dual-Process Theory in Medicine
Dual-process theory conceptualizes clinical rea-
soning as the interaction between fast, intuitive
processes (System 1) and slower, deliberative pro-
cesses (System 2) (Zucchelli et al., 2025). Sys-
tem 1 enables rapid pattern recognition based on
experience and similarity matching, supporting ef-
ficient preliminary assessments in time-sensitive
contexts. System 2 provides analytical oversight,
enabling structured hypothesis testing, counterfac-
tual reasoning, and correction of intuitive errors.
Diagnostic errors frequently occur when heuristic-
driven System 1 judgments dominate without suf-
ficient System 2 verification, or when analytical
processes fail to override biased initial impressions.
LLM-based systems exhibit analogous dynamics,
where next-token prediction resembles fast associa-
tive inference, while structured reasoning mech-
anisms emulate deliberative multi-step analysis
(Chen et al., 2025a). Reflective and iterative agent
designs further operationalize this duality by alter-
nating between rapid generation and verification
phases, thereby approximating cognitive switching
between intuitive and analytical modes (Yao et al.,
2023b; Yue et al., 2024). This correspondence pro-
vides a theoretical basis for designing agents that
balance efficiency with structured self-evaluation.

B.4 Failure Modes and Cognitive Biases
Clinical reasoning is susceptible to systematic cog-
nitive biases, including anchoring, availability bias,
premature closure, and confirmation bias, which
can lead to persistent diagnostic errors (Jin et al.,
2021). These biases reflect predictable deviations
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Table 7: Predicted interactions between pairs of design axes. Mechanisms are analytical predictions; cited studies
provide examples or empirical support where available.

Axis pair Predicted constraint or failure mode Mechanism and evidence

I × II Linear reasoning in a single-agent architec-
ture has limited error recovery; debate re-
quires multiple agents.

Each step in a linear chain conditions later steps, while an-
other agent can challenge an intermediate claim. CoD and
MDAgents provide representative examples (Chen et al.,
2025a; Kim et al., 2024a).

I × III Retrieval can ground explicit reasoning but
adds dependence on retrieval quality; im-
plicit reasoning without external checks can
hallucinate.

A relevant source can constrain unsupported claims, while a
poor or misapplied source can support an incorrect conclu-
sion (Sun et al., 2025; Ke et al., 2024).

I × IV Debate with bounded human oversight al-
lows correction; full autonomy removes that
fallback.

Moderator review can constrain consensus (Kim et al.,
2024a).

I × V Text-only systems cannot reason over unob-
served images or signals; multimodal inputs
introduce alignment errors.

The available input modality limits what evidence can enter
the reasoning process. Use simulated text-only systems as
examples only where the source supports this characteriza-
tion.

II × III Memory and retrieval can make evidence
provenance unclear.

Joint management of persistent memory and retrieved state
can blur whether a conclusion came from the patient record,
an external source, or an earlier model output.

II × IV Full autonomy in multi-agent systems in-
creases coordination risk without human re-
view.

Communication failures and conflicting beliefs can propa-
gate when no clinician can intervene. (Maiga et al., 2025;
Sun et al., 2025).

II × V Physical actions can propagate coordination
errors across agent layers.

Actuation adds safety and rollback constraints beyond those
of text-only interaction.

III × IV Autonomous tool calls increase exposure to
prompt injection and data leakage.

Tool calls cross system boundaries, allowing incorrect or
adversarial outputs to propagate without review (Ke et al.,
2024; Reddy, 2024).

III × V End-to-end performance can be limited by
the weakest multimodal tool.

A perception or segmentation error can affect downstream
reasoning. This is a structural prediction about tool depen-
dence.

IV × V Greater autonomy raises safety demands
when an agent can act physically.

Physical actions can have immediate consequences that are
harder to reverse than text recommendations.

from normative probabilistic reasoning and often
arise under time pressure, uncertainty, or infor-
mation overload. LLM-based diagnostic systems
demonstrate structurally similar failure patterns,
including hallucinated content, spurious correla-
tions, and overconfident outputs that are weakly
grounded in evidence (Huang et al., 2025a; Zuo
and Jiang, 2025). Such behaviors can propagate
across multi-step reasoning pipelines, particularly
in autonomous or multi-agent configurations with-
out adequate verification mechanisms. Reflective
reasoning, structured debate, and cross-model cri-
tique have been proposed as mitigation strategies,
promoting explicit error detection and hypothesis
re-evaluation (Maiga et al., 2025; Ke et al., 2024).
Understanding these parallels between human cog-
nitive vulnerabilities and model-level failure modes
is essential to prevent amplification of bias when
scaling diagnostic AI systems in clinical settings.

C Prior Work and Research Landscape

Several recent surveys have examined the emer-
gence of LLMs and LLM-based agents in health-
care, reflecting growing interest in agentic medi-
cal AI. Early reviews primarily focused on medi-
cal language models as task-specific predictors or
question-answering systems, emphasizing bench-
mark performance on clinical text understanding,
exam-style QA, and report generation (Jin et al.,
2021; Roberts et al., 2018). While these works
established foundational capabilities, they largely
treated diagnosis as a static inference problem and
offered limited discussion of reasoning structure,
tool use, or longitudinal decision-making.

More recent surveys have expanded scope to
agent-based systems. Notably, Wang et al. (2025b)
provide a broad overview of LLM-based agents
in medicine, covering system architectures, clini-
cal planning, medical reasoning frameworks, and
external capacity enhancement. Their survey com-
prehensively catalogs applications such as clinical
decision support, documentation, training simu-
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lations, and healthcare service optimization, and
highlights key challenges including hallucination,
multimodal integration, implementation barriers,
and ethical concerns. This work represents an im-
portant step toward unifying agent architectures
and applications within healthcare. However, exist-
ing surveys, including Wang et al. (2025b), primar-
ily adopt a descriptive perspective, organizing the
field around system components and use cases with-
out deeply interrogating the nature of diagnostic
reasoning itself. In particular, prior reviews rarely
distinguish between implicit pattern matching and
explicit clinical reasoning, nor do they systemati-
cally analyze how different agentic design choices
influence failure modes, safety, or clinical reliabil-
ity. Evaluation is often discussed at a high level,
with limited emphasis on reasoning faithfulness, er-
ror propagation, or workflow-level impact. Several
concrete agent frameworks and domain applica-
tions, AutoPE for protein engineering, MedRAX
for multimodal radiology, and RxLens for phar-
macy workflows, illustrate the breadth of agentic
solutions spanning bench science to bedside au-
tomation (Liu et al., 2024; Fallahpour et al., 2025;
Jagatap et al., 2025).

In contrast, this survey adopts a reasoning-
centric and diagnostic-first perspective. We po-
sition diagnostic reasoning, not model architecture
or task category, as the primary organizing princi-
ple.Our taxonomy organizes LLM-based medical
agents along five design axes: reasoning paradigms,
agent architectures, tool use, autonomy, and em-
bodiment. Learning and adaptation is discussed
separately as a cross-cutting concern, while evalu-
ation, safety, and deployment are analyzed across
the framework. This framework enables direct
comparison across systems that may appear simi-
lar at the application level but differ substantially
in their diagnostic assumptions and risk profiles.
Furthermore, while prior surveys typically treat
safety, ethics, and deployment as peripheral consid-
erations, our work integrates these aspects into the
core analysis. We emphasize how hallucinations,
overconfidence, bias, and error propagation emerge
differently across reasoning and agentic paradigms,
and why many failures are systemic rather than
model-specific. Finally, we critically examine the
gap between benchmark success and real clinical
impact, arguing that progress toward expert-level
diagnostic agents requires advances in causal rea-
soning, uncertainty quantification, and evaluation
beyond static benchmarks. Taken together, this sur-

vey complements existing reviews by moving from
a catalog of systems toward a principled analysis
of how and why LLM-based medical agents rea-
son, fail, and succeed in diagnostic contexts. By
reframing the field through the lens of diagnostic
reasoning and tool-mediated inference, we aim to
provide a foundation for more rigorous, safe, and
clinically grounded agent design.

D Learning and Adaptation of Medical
Agents

In this section, we explore key challenges and
emerging strategies in the learning and adaptation
of medical AI agents. We discuss the trade-offs
between static and continually learning systems,
privacy-preserving collaborative training, and tech-
niques for safe autonomous improvement.
✠ Static vs. Continually Learning Agents. Static
medical agents offer the advantage of easier valida-
tion and regulatory certification since their behavior
remains fixed once deployed, reducing risks related
to unexpected changes in performance (Sun et al.,
2025). However, static models may degrade over
time as clinical guidelines evolve, new diseases
emerge, or population health trends shift, limit-
ing their long-term utility (Jin et al., 2021; Reddy,
2024). Continually learning agents address this
by updating their knowledge and adapting to new
data, offering responsiveness to changing medi-
cal environments and personalized care improve-
ments (Guo et al., 2025a). Yet, this flexibility in-
troduces significant challenges in ensuring model
stability, safety, and consistent decision-making,
as unchecked updates can amplify errors or biases
(Strong et al., 2025; Gu et al., 2025). Balancing
adaptability with rigorous oversight remains a criti-
cal open problem for medical AI deployment.
✠ Federated and Privacy-Preserving Learning.
Federated learning frameworks enable collabora-
tive model training across multiple healthcare insti-
tutions without exposing sensitive patient data, ad-
dressing privacy concerns essential for real-world
medical applications (Dutta and Hsiao, 2024). By
aggregating locally trained model updates, feder-
ated approaches can leverage diverse data distribu-
tions, potentially improving generalization across
populations and settings (Roberts et al., 2018; Guo
et al., 2025b). Despite these benefits, communi-
cation bandwidth limitations, heterogeneous data
quality, and differences in clinical protocols pose
major hurdles for effective model convergence and
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consistency (Tang et al., 2024). Moreover, ensuring
privacy against adversarial attacks and data leakage
remains a significant concern, demanding robust
cryptographic and differential privacy techniques
(Dutta and Hsiao, 2024). Continued research is
needed to balance privacy, accuracy, and system
scalability in federated medical AI.
✠ Experience Replay and Self-Evolution. Expe-
rience replay allows medical agents to iteratively
improve diagnostic reasoning and decision-making
by revisiting prior cases or simulated experiences,
supporting reinforcement learning approaches in
controlled environments (Li et al., 2025a). This
method can accelerate learning of complex multi-
step clinical workflows, enabling agents to refine
strategies and correct mistakes without risking pa-
tient safety (Jin et al., 2021; Huang et al., 2025b).
However, autonomous self-evolution raises crit-
ical concerns regarding alignment with clinical
goals, interpretability, and safety guarantees, as
unchecked learning could lead to unpredictable or
harmful behaviors (Zhuang et al., 2025). Ongoing
research aims to integrate human-in-the-loop over-
sight and verification mechanisms to ensure that
continuous improvement aligns with medical stan-
dards and ethical constraints (Strong et al., 2025).
Successfully harnessing experience replay and self-
evolution could unlock adaptive, resilient medical
agents capable of long-term deployment.

E Diagnostic Tasks and Applications

Here, we outline diagnostic tasks and clinical ap-
plications of LLM-based medical agents (Table 2)
with current progress and limitations.
✠ Diagnostic Decision Support. Diagnostic deci-
sion support is the most mature application of LLM-
based medical agents, evolving from early medical
question answering systems to agentic frameworks
that integrate longitudinal context, tool use, and
hypothesis tracking (Jin et al., 2021; Jiang et al.,
2025d). These agentic decision support systems
outperform single-pass models in complex or am-
biguous cases (Liu et al., 2025c; Tang et al., 2024;
Zeng et al., 2025; Unell et al., 2025), but they can
also amplify errors when outputs are accepted un-
critically (Huang et al., 2025a; Reddy, 2024). Con-
sequently, real-world deployments remain assistive
rather than autonomous (Yan et al., 2024), with
regulatory and medico-legal constraints continuing
to limit adoption despite strong benchmark perfor-
mance (Jin et al., 2021).

✠ Differential Diagnosis and Hypothesis Rank-
ing. Differential diagnosis focuses on enumerating
and ranking multiple plausible conditions, where
LLM-based agents outperform traditional classi-
fiers by reasoning over symptom combinations, dis-
ease prevalence (Chen et al., 2025a), and structured
hypothesis spaces (Guo et al., 2025b; Wei et al.,
2023). Multi-agent and collaborative frameworks
such as MDAgents further improve performance
on complex benchmarks through structured hy-
pothesis discussion and expert critique (Kim et al.,
2024b). However, comparative studies show that
while explicit hypothesis ranking improves recall
for rare diseases, it can reduce precision and suf-
fers from poor calibration without reliable priors
(Jiang et al., 2025d; Fan et al., 2024), underscoring
the need for probabilistic grounding and clinician
oversight (Gu et al., 2025).
✠ Medication Safety and Treatment Planning.
Medication safety tasks, including drug interaction
checks, dosage calculations, and treatment plan-
ning under comorbidities, benefit from agents aug-
mented with knowledge graphs and guideline re-
trieval, which reduce hallucinations compared to
pure LLMs (Zuo et al., 2024; Tang et al., 2024).
Reflective verification and symbolic constraints im-
prove accuracy in these tasks (Ke et al., 2024; Liu
et al., 2025d), yet subtle pharmacological errors
persist, especially in cases like renal impairment or
polypharmacy (Jin et al., 2021; Reddy, 2024), so
most systems limit autonomy and require human
confirmation (Yan et al., 2024), keeping treatment
planning a high-risk domain.
✠ Patient-Facing Conversational Agents. These
agents enhance triage, education, and symptom
assessment through natural language, improving
accessibility and health literacy (Roberts et al.,
2018; Jin et al., 2021), with systems like ChatThero
offering stressor-aware, memory-persistent multi-
session support beyond baseline LLMs (Laymouna
et al., 2024; Wang et al., 2025a). However, evalu-
ations reveal risks of unsafe reassurance and de-
layed escalation (Huang et al., 2025a), even as
therapy- and telemedicine-oriented models (e.g.,
BLISS) show potential for behavioral interventions
(He et al., 2020; van Waterschoot et al., 2020; Das
et al., 2022). Tool-augmented agents with esca-
lation rules outperform free-form chatbots (Sun
et al., 2025; Reddy, 2024), and regulatory guidance
stresses guardrails and transparency, restricting de-
ployment mostly to low-risk informational roles
(Yan et al., 2024; Zuo and Jiang, 2025).
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✠ Clinical Workflow Automation. Agentic sys-
tems automate documentation, triage routing, and
test recommendations by maintaining task state and
integrating with hospital systems, significantly re-
ducing clinician workload for note drafting and
orders (Tang et al., 2024; Jiang et al., 2025d;
Kim et al., 2024a; Roberts et al., 2018; Li et al.,
2025b). Task-specific agents tackle documenta-
tion variability (e.g., Sporo AI Scribe (Lee et al.,
2024)) and generate patient-friendly summaries
from technical reports (Sudarshan et al., 2024),
while broader frameworks automate prior autho-
rization (Pandey et al., 2024), pharmacy cart as-
sembly, and OCR-based medication reconciliation
(Jagatap et al., 2025). Yet, automation errors can
cascade through workflows (Jin et al., 2021), high-
lighting the need for verification and auditability
(Noori et al., 2026), and adoption varies across
institutions due to integration challenges despite
promising domain-specialized agents (Motzfeldt
et al., 2025; Arias Russi et al., 2025).
✠ Training, Simulation, and Medical Education.
Simulation-based agents support clinician training
and diagnostic evaluation by providing scalable,
repeatable exposure to complex or rare cases (Li
et al., 2025a; Fan et al., 2024; Laymouna et al.,
2024), with agents acting as standardized patients
or tutors to boost engagement and personalized
feedback (Sun et al., 2025; Jiang et al., 2025d).
Simulations permit greater autonomy and experi-
mentation than real-world settings (Mehandru et al.,
2024), though limited fidelity restricts transferabil-
ity (Jin et al., 2021), positioning these tools as com-
plements rather than substitutes. Multi-agent copi-
lots like MEDCO enable interactive, case-based
learning that mirrors clinical teamwork and accel-
erates expertise via multi-role scenarios (Wei et al.,
2024).
✠ Remote Monitoring and Early Warning Sys-
tems. Remote monitoring agents analyze stream-
ing physiological and self-reported data to detect
early signs of deterioration. Tool-augmented agents
can integrate wearable data, lab trends, and symp-
tom reports (Tang et al., 2024; Li et al., 2024).
Early studies suggest improved sensitivity for ad-
verse event detection compared to rule-based sys-
tems (Jiang et al., 2025d; Sun et al., 2025). How-
ever, false positives remain common and can over-
whelm clinicians (Jin et al., 2021). Robust calibra-
tion and thresholding are critical for deployment
(Huang et al., 2025a). As with other high-risk do-
mains, autonomy is tightly constrained.

F Datasets and Benchmarks

In this section, we review the primary datasets and
benchmarks (Table 8) used to evaluate medical AI
agents, covering diverse modalities such as clini-
cal text, medical imaging, and multimodal records.
We highlight their roles in assessing diagnostic rea-
soning, tool use, and interactive capabilities within
healthcare contexts.
✠ Clinical Text and EHR Datasets. Clinical
text datasets derived from electronic health records
form the backbone of medical language model-
ing. Resources such as MIMIC have enabled large-
scale research but are limited by de-identification
and institutional bias (Johnson et al., 2016; Jin
et al., 2021). Agent-based systems often rely on
synthetic patient records to avoid privacy issues
(Sun et al., 2025; Jiang et al., 2025d). A diverse
ecosystem of datasets underpins agent develop-
ment: foundational clinical corpora (eICU, i2b2)
support monitoring and alerting agents (Pollard
et al., 2018; Romanov and Shivade, 2018), while
large medical dialogue corpora enable training of
conversational AIs (He et al., 2020). Concurrently,
agent-centric benchmarks and environments (EM-
BODIEDBENCH, BrowserGym, EHRFlowBench)
provide standardized testbeds for evaluating inter-
active, embodied, and web-enabled agents across
long-horizon tasks (Yang et al., 2025c; Chezelles
et al., 2025; Zhu et al., 2025). These resources
highlight that evaluating agentic behavior requires
simulation platforms and longitudinal EHR-style
inputs rather than only static QA tests. However,
synthetic data may fail to capture real-world com-
plexity (Jiang et al., 2025c). Dataset shift remains
a persistent challenge (Pollard et al., 2018). These
limitations constrain generalization claims.
✠ Medical QA and Exam Benchmarks. Medical
QA benchmarks, including exam-style datasets, are
widely used to evaluate diagnostic knowledge (Jin
et al., 2021; Roberts et al., 2018). While useful for
baseline comparison, such benchmarks poorly re-
flect real diagnostic workflows (Chen et al., 2025a).
Agents often achieve high scores through pattern
recognition rather than reasoning (Gu et al., 2025).
Recent benchmarks incorporate reasoning traces
and tool use to address these gaps (Jiang et al.,
2025d; Sun et al., 2025). Nonetheless, exam per-
formance does not equate to clinical competence.
✠ Multimodal Diagnostic Datasets. Multimodal
datasets combine text with imaging, pathology,
or audio data. These datasets enable evaluation
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Table 8: Datasets and Benchmarks for Evaluating LLM-Based Medical Agents

Category Description References
Clinical Text and
EHR Datasets

Primary datasets from EHRs such as MIMIC, eICU,
and i2b2 underpin medical language modeling and
agent development. Synthetic data is common for
privacy but risks losing complexity. Agent-centric
benchmarks and environments support interactive,
embodied evaluation. Dataset shift and institutional
bias remain challenges.

(Johnson et al., 2016; Jin et al.,
2021; Sun et al., 2025; Jiang
et al., 2025d; Pollard et al., 2018;
Romanov and Shivade, 2018;
Yang et al., 2025c; Chezelles
et al., 2025; Zhu et al., 2025;
Jiang et al., 2025c)

Medical QA and
Exam Benchmarks

Widely used for baseline diagnostic knowledge evalu-
ation, including medical exams. Limitations include
reliance on pattern recognition and poor reflection of
real clinical workflows. Recent benchmarks add rea-
soning traces and tool use for improved assessment.

(Jin et al., 2021; Roberts et al.,
2018; Chen et al., 2025a; Gu
et al., 2025; Jiang et al., 2025d;
Sun et al., 2025)

Multimodal Diag-
nostic Datasets

Combine text with imaging, pathology, and audio for
multimodal agent evaluation, especially in radiology
and pathology. Challenges include annotation cost,
modality imbalance, and alignment difficulties.

(Guo et al., 2025b; Li et al., 2024;
Mehandru et al., 2024; Jiang
et al., 2025d; Jin et al., 2021)

Agent-Centric and
Interactive Bench-
marks

Assess agent capabilities in planning, memory, and
multi-step tool use in simulated clinical tasks. More
realistic than static QA but often rely on simplified
environments. Generalization to real hospitals re-
mains unproven.

(Jiang et al., 2025d; Fan et al.,
2024; Mehandru et al., 2024; Sun
et al., 2025; Jin et al., 2021)

Simulation-Based
Evaluation Environ-
ments

Enable stress testing and long-horizon evaluation via
simulated clinical environments such as Agent Hospi-
tal. Crucial for training and safety validation, though
fidelity and realism are ongoing challenges.

(Li et al., 2025a; Mehandru et al.,
2024; Jiang et al., 2025d; Jin
et al., 2021)

Limitations of Ex-
isting Benchmarks

Current benchmarks prioritize accuracy over safety,
robustness, and workflow impact. Many lack clin-
ician input or real-world constraints. Benchmark
saturation motivates new evaluation paradigms.

(Zuo and Jiang, 2025; Reddy,
2024; Sun et al., 2025; Chen
et al., 2025a; Jiang et al., 2025d)
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of multimodal agents in radiology and pathology
(Guo et al., 2025b; Li et al., 2024). However, an-
notation cost and modality imbalance limit dataset
scale (Mehandru et al., 2024). Benchmarking multi-
modal agents remains challenging due to alignment
issues (Jiang et al., 2025d). As a result, most evalu-
ations remain modality-specific (Jin et al., 2021).
✠ Agent-Centric and Interactive Benchmarks.
Agent-centric benchmarks evaluate planning, mem-
ory, and tool use over multiple steps. Examples
include simulated clinical environments and task-
oriented benchmarks (Jiang et al., 2025d; Fan et al.,
2024). These benchmarks better reflect agent ca-
pabilities than static QA tasks (Mehandru et al.,
2024). However, they often rely on simplified envi-
ronments (Sun et al., 2025). Generalization to real
hospitals remains unproven (Jin et al., 2021).
✠ Simulation-Based Evaluation Environments.
Simulation environments enable stress testing and
long-horizon evaluation of medical agents. They
support safe experimentation with autonomy and
failure modes (Li et al., 2025a; Mehandru et al.,
2024). Simulations are increasingly used for train-
ing and benchmarking (Jiang et al., 2025d). Simu-
lation platforms such as Agent Hospital and virtual
patient simulacra allow agents to gain procedural
experience at scale, enabling rapid iteration and
emergent skill acquisition that would be impracti-
cal with real patients (Li et al., 2025a). We view
these simulated hospitals and educational environ-
ments as critical intermediate steps for validating
agent safety, interaction protocols, and longitudinal
reasoning prior to clinical pilots. Fidelity and real-
ism remain key challenges (Jin et al., 2021). Nev-
ertheless, simulation is indispensable for progress.
✠ Limitations of Existing Benchmarks. Cur-
rent benchmarks emphasize accuracy over safety,
robustness, and workflow impact (Zuo and Jiang,
2025). Many lack clinician involvement or real-
world constraints (Reddy, 2024). Benchmark satu-
ration is increasingly observed (Sun et al., 2025).
There is a growing consensus that new evaluation
paradigms are required (Chen et al., 2025a; Jiang
et al., 2025d).

F.1 Representative Quantitative Performance
on Standard Benchmarks

Table 9 maps five representative systems to widely
recognized medical benchmarks. Because these
systems use different base models, tool configura-
tions, and benchmark subsets, direct cross-system
numerical comparison is not meaningful; the table

is intended to situate each system’s reported perfor-
mance within its specific architectural context as
defined by the taxonomy.

G Evaluation Methodologies

Evaluating medical AI agents is inherently com-
plex, as traditional metrics often fail to capture crit-
ical aspects of clinical reasoning, communication,
and decision-making. Effective evaluation there-
fore requires a multi-faceted approach that assesses
not only predictive accuracy, but also reasoning
fidelity, tool-use correctness, robustness under real-
istic clinical conditions, and real-world workflow
impact. Table 10 outlines the principal evaluation
dimensions and representative methodologies used
to assess LLM-based medical agents.
✠ Accuracy-Centric Metrics. Metrics such as
accuracy, F1 score, and exact match remain stan-
dard for quantifying output correctness but provide
limited insight into an agent’s clinical reasoning
quality (Jin et al., 2021). Surface-level metrics like
ROUGE and BLEU inadequately reflect meaning-
ful clinical outcomes, such as treatment appropri-
ateness or diagnostic reliability (Gu et al., 2025;
Reddy, 2024). High accuracy can mask system-
atic errors and overconfidence, especially in safety-
critical scenarios. Thus, while useful, accuracy
metrics must be complemented by deeper evalua-
tions of clinical performance (Chen et al., 2025a).
✠ Reasoning Faithfulness and Interpretability.
Interpretability is essential for clinician trust and
regulatory compliance. Faithfulness metrics aim
to verify that reasoning traces genuinely support
final conclusions, yet automatic measurement re-
mains challenging (Li et al., 2023; Sun et al., 2025).
ICARE is an interpretable, clinically grounded
LLM-based evaluation framework for radiology
report generation that distinguishes hallucinations
from omissions and aligns closely with clinician as-
sessments (Dua et al., 2025). Frameworks such as
Chain-of-Diagnosis (CoD) improve transparency
by explicitly modeling diagnostic pathways and
uncertainty distributions (Jiang et al., 2025d). Hu-
man evaluation often remains necessary to assess
whether explanations align with clinical reasoning
(Jin et al., 2021).
✠ Tool-Use Correctness and Grounding. Medi-
cal agents increasingly rely on external tools and
multimodal data, necessitating evaluation of correct
tool invocation and output interpretation (Mehan-
dru et al., 2024). Incorrect grounding in tools or
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Table 9: Representative quantitative performance on standard medical benchmarks. Taxonomy codes: I = Reasoning
Paradigm, II = Architecture, III = Tool Access, IV = Autonomy, V = Embodiment. Cross-system numerical
comparison should be interpreted with caution due to heterogeneous base models, tool configurations, and evaluation
conditions.

System Base Model Taxonomy (Axes I-V) Benchmark Reported Performance

MDAgents (Kim
et al., 2024b)

GPT-4 /
Claude /
Llama

I: Debate; II: Multi-
Agent; III: RAG + KG;
IV: HITL; V: Text

10 medical bench-
marks (incl.
DDXPlus, Path-
VQA, PMC-VQA)

Best on 7/10 benchmarks;
+4.2%-11.8% vs. prior
SOTA (p<0.05)

CoD (Chen et al.,
2025a)

GPT-4 class I: Explicit Chain; II:
Single-Agent; III: None;
IV: Assistive; V: Text

DxBench (1,148
cases, 461 dis-
eases); Dxy;
Muzhi

SOTA on DxBench; 9,604-
disease coverage; entropy-
reduced confidence distri-
butions

Agent Hospital (Li
et al., 2025a)

GPT-4 class I: Reflective; II: Multi-
Agent + Memory; III:
EHR Sim.; IV: Full
Auto (Sim.); V: Text

MedQA (USMLE) SOTA among medical
agent methods on MedQA;
self-evolving without
manual labeling

MedRAX (Fallah-
pour et al., 2025)

GPT-4o /
Claude

I: ReAct; II: Single
Planner-Executor; III:
Multimodal (MedSAM,
CheXagent, et al.); IV:
Assistive; V: Multi-
modal

ChestAgentBench
(2,500 queries; 675
expert-validated
cases)

SOTA vs. open-source and
proprietary models; no ad-
ditional training required

DeepSeek-R1
(Faray de Paiva et al.,
2025)

DeepSeek-R1
(671B, open)

I: Long-Chain RL
Reasoning; II: Single-
Agent; III: None; IV:
Assistive; V: Text

USMLE Steps 1-3;
MedQA; MMLU-
Pro (health)

USMLE: 92%; MedQA:
94.3%; MMLU-Pro health:
84%; below GPT-o1 (95%
USMLE) but above Llama-
3.1-405B (83%)

databases is a major source of failure, underscoring
the need for verification-aware architectures (Ke
et al., 2024; Noori et al., 2026). Realistic evalu-
ation frameworks must simulate complex interac-
tions among text, images, and structured data (Tang
et al., 2024). This ensures agents can safely lever-
age specialized diagnostic tools while minimizing
hallucinations.
✠ Robustness, Stress Testing, and Distribution
Shift. Robustness evaluations assess how well
agents maintain performance under noise, ambigu-
ity, or data distribution shifts (Pollard et al., 2018).
Medical AI systems often exhibit sharp degrada-
tion when confronted with underrepresented popu-
lations or rare conditions, as seen in BiasMedQA
(Huang et al., 2025a). Stress testing with clinician-
guided scenarios helps reveal hidden failure modes
overlooked by benchmarks (Jiang et al., 2025d).
Continuous monitoring post-deployment is vital to
detect drift and ensure ongoing reliability (Reddy,
2024). Standard language metrics fail to capture
clinically salient failure modes; agent evaluation re-
quires stress testing under noisy, longitudinal, and
multimodal conditions (Jin et al., 2021; Schmidgall
et al., 2025). Benchmarks that incorporate mul-
timodal inputs and interactive workflows better

reveal degradation under distribution shift (Liu
et al., 2025d; Fan et al., 2024), while datasets ex-
posing demographic imbalance (e.g., BiasMedQA)
demonstrate sharp performance drops for underrep-
resented groups (Schmidgall et al., 2024). We there-
fore advocate combined quantitative and expert-in-
the-loop evaluation pipelines.
✠ Human and Clinician-in-the-Loop Evalua-
tion. Incorporating clinicians into the evaluation
loop provides crucial qualitative insights beyond
automated metrics (Yan et al., 2024). Such stud-
ies, though resource-intensive and limited in scale,
remain essential for assessing real-world usability,
safety, and workflow integration (Jin et al., 2021).
Frameworks like SurgBox and MEDCO simulate
interactive environments where agents assist clini-
cians, enabling assessment of collaboration quality
and decision support effectiveness (Reddy, 2024;
Chen et al., 2025a). Hybrid evaluation paradigms
combining human oversight with automated mea-
sures are gaining traction.
✠ Outcome-Oriented and Workflow-Level Met-
rics. Outcome-based evaluations focus on an
agent’s impact on clinical workflows and patient
outcomes rather than isolated task performance
(Tang et al., 2024). Longitudinal and multi-step
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assessments capture adaptive planning and com-
plex decision sequences inherent to real healthcare
delivery (Jiang et al., 2025d). Benchmarks like
EHRFlowBench and simulation platforms such as
Agent Hospital enable end-to-end evaluation of di-
agnostic and therapeutic workflows (Chen et al.,
2025a). While such studies remain rare, they are
critical for demonstrating true clinical value and
readiness for deployment.

H Safety, Ethics, and Reliability

✠ Hallucinations and Overconfidence. Across
nearly all evaluations, hallucination emerges as
the dominant failure mode of LLM-based medi-
cal agents, yet its manifestation varies significantly
by system design. Pure language models exhibit
hallucinations primarily due to reliance on statisti-
cal plausibility rather than evidentiary grounding,
whereas agentic systems often hallucinate through
incorrect tool invocation or misinterpretation of re-
trieved evidence (Huang et al., 2025a; Ke et al.,
2024). Comparative studies show that retrieval-
augmented and guideline-grounded agents reduce
hallucination frequency but introduce a new class
of “grounded hallucinations,” where incorrect con-
clusions are confidently justified using misaligned
sources (Sun et al., 2025; Zuo and Jiang, 2025).
Overconfidence further compounds this issue, as
most models lack calibrated uncertainty estimates
and default to decisive language even under ambi-
guity (Gu et al., 2025; Jin et al., 2021). Reflective
and multi-agent systems mitigate some errors but
do so unevenly, often trading correctness for ver-
bosity and computational cost (Maiga et al., 2025;
Jiang et al., 2025d). Collectively, these findings
suggest that hallucination is not a singular defect
but an emergent property of how reasoning, tools,
and confidence signaling interact.
✠ Error Propagation in Agentic Systems. While
agentic architectures improve reasoning depth, they
introduce systemic risks through error propaga-
tion across planning, execution, and memory. In
planner-executor systems, early-stage planning er-
rors disproportionately affect downstream deci-
sions, especially when plans are not dynamically
revised (Mehandru et al., 2024; Sun et al., 2025).
Memory-augmented agents improve longitudinal
coherence but risk entrenching incorrect assump-
tions, a failure mode largely absent in stateless
models (Li et al., 2025a; Jin et al., 2021). Multi-
agent systems distribute reasoning across roles, re-

ducing individual bias, yet empirical studies show
that correlated errors and premature consensus can
still dominate outcomes (Maiga et al., 2025; Kim
et al., 2024a). Comparative benchmark results in-
dicate that agentic systems outperform single-step
models on average but fail more catastrophically
when they fail (Fan et al., 2024; Jiang et al., 2025d).
This asymmetry highlights the need for explicit fail-
ure containment mechanisms rather than assuming
robustness emerges from complexity.
✠ Bias, Fairness, and Population Shift. Bias in
medical agents reflects both historical inequities
in healthcare data and architectural assumptions
embedded in model design. Systems trained pre-
dominantly on Western, tertiary-care datasets con-
sistently underperform in low-resource and non-
English clinical settings (Pollard et al., 2018;
Roberts et al., 2018). Agentic systems amplify
this issue by embedding biased priors into plan-
ning heuristics and retrieval strategies (Sun et al.,
2025; Jin et al., 2021). Comparative evaluations re-
veal that multilingual and culturally adapted agents
improve surface-level interaction but do not fully
correct diagnostic disparities (Jiang et al., 2025c;
Chen et al., 2025a). Moreover, population shift af-
fects not only model accuracy but also confidence
calibration, leading to systematically misleading
recommendations (Huang et al., 2025a). Algorith-
mic bias and dataset skew remain pervasive: empir-
ical studies show that medical LLMs can lose sub-
stantial accuracy on underrepresented populations,
underscoring the dual need for more diverse train-
ing corpora and transparent evaluation practices
(Schmidgall et al., 2024). Privacy risks from model
inversion and data extraction persist in agentic sys-
tems that access clinical data, motivating differen-
tial privacy and synthetic data approaches as partial
mitigations (Kandpal et al., 2024; Carlini et al.,
2021; Dyda et al., 2021; Dou et al., 2024). These
findings suggest that fairness cannot be retrofitted
through fine-tuning alone but must be addressed at
the level of data curation, evaluation, and deploy-
ment context.
✠ Privacy, Data Leakage, and Security. Com-
pared to traditional clinical decision support, LLM-
based agents introduce qualitatively new privacy
risks due to memorization, tool integration, and
conversational interfaces. Fine-tuned models have
been shown to leak sensitive clinical details through
prompt inversion and unintended memorization
(Kandpal et al., 2024; Jin et al., 2021). Agentic
systems further expand the attack surface by in-
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teracting with external tools, enabling prompt in-
jection and cross-system data leakage (Ke et al.,
2024). Federated and privacy-preserving learn-
ing mitigate some risks but complicate debugging,
auditing, and performance monitoring (Dutta and
Hsiao, 2024; Sun et al., 2025). Comparative anal-
yses indicate that security failures often arise at
system boundaries rather than within models them-
selves (Reddy, 2024). This shifts the safety burden
from model training to system-level engineering
and governance (Wasi and Islam, 2025).
✠ Regulatory and Medico-Legal Considera-
tions. Regulatory frameworks lag behind the rapid
evolution of medical agents, resulting in uncer-
tainty around classification, validation, and liabil-
ity. Most current systems are positioned as assis-
tive tools to avoid the regulatory burden associated
with autonomous medical devices (Yan et al., 2024;
Reddy, 2024). Kiseleva et al. (2022) conceptual-
ize transparency in healthcare AI as a multilayered
system of accountabilities, integrating legal require-
ments and technical mechanisms to align explain-
ability, auditability, and governance across devel-
opers, clinicians, and patients (Wasi et al., 2025).
However, increasing autonomy blurs this distinc-
tion, particularly when agents recommend tests or
treatments (Chen et al., 2025a). Comparative reg-
ulatory analyses reveal inconsistencies across ju-
risdictions in how software-based agents are evalu-
ated (Jin et al., 2021). The absence of standardized
evaluation protocols further complicates approval
pathways (Jiang et al., 2025d). As agentic systems
mature, regulatory alignment will become a bottle-
neck rather than a peripheral concern.
✠ Accountability and Clinical Responsibility.
Accountability in agent-assisted diagnosis is fun-
damentally distributed across clinicians, develop-
ers, and institutions. While clinicians retain le-
gal responsibility, empirical studies show that au-
tomation bias leads to over-reliance on agent rec-
ommendations (Jin et al., 2021; Wasi and Islam,
2025). Transparent reasoning traces improve post-
hoc analysis but do not resolve responsibility attri-
bution in real time (Noori et al., 2026). Multi-agent
systems further diffuse accountability by fragment-
ing decision-making across components (Maiga
et al., 2025). Comparative ethical analyses sug-
gest that accountability must be embedded institu-
tionally rather than delegated to interfaces or dis-
claimers (Reddy, 2024). This reframes medical
agents as socio-technical systems rather than au-
tonomous decision-makers.

I System Design and Deployment

The design and deployment of medical AI agents
involve complex trade-offs between system capabil-
ities, integration feasibility, and operational sustain-
ability. Architectural choices, IT infrastructure, and
human factors collectively influence the ultimate
clinical impact and adoption of these technologies.
✠ System Architectures and Software Stacks.
Architectural paradigms for medical agents vary
widely, ranging from lightweight orchestration lay-
ers built atop single LLMs to intricate distributed
systems that integrate retrieval mechanisms, sim-
ulation environments, and continuous monitor-
ing modules (Mehandru et al., 2024; Tang et al.,
2024). Modular designs, while improving system
auditability and facilitating regulatory compliance,
introduce additional latency and integration com-
plexity that can hinder clinical responsiveness (Jin
et al., 2021). Conversely, monolithic architectures
often yield higher efficiency but obscure internal
failure modes, complicating error analysis and risk
mitigation. Comparative studies reveal that institu-
tional constraints, such as existing IT infrastructure,
regulatory environment, and available expertise,
often dictate architectural choices more than con-
siderations of optimal system design (Jiang et al.,
2025d). This misalignment partially explains the
persistent gap between promising benchmark per-
formance and limited real-world clinical impact
(Wasi and Hoque, 2025).
✠ Integration with Electronic Health Records
and Clinical IT Systems. Seamless integration
with Electronic Health Records (EHRs) remains
one of the foremost challenges limiting medical
agent deployment. Despite the existence of interop-
erability standards, vendor heterogeneity and dis-
parate data schemas pose significant obstacles to
reliable, bidirectional data exchange (Roberts et al.,
2018). Agentic systems further complicate integra-
tion by demanding real-time data synchronization
and the capacity to incorporate dynamic clinical
inputs and outputs (Tang et al., 2024). Case studies
consistently demonstrate that the effort and cost
required for successful integration frequently sur-
pass those invested in model development itself
(Jin et al., 2021). This underscores the critical im-
portance of robust, flexible IT infrastructure, which
often becomes the limiting factor in deployment
feasibility (Reddy, 2024).
✠ Monitoring, Logging, and Auditing. Sustained
clinical safety and efficacy require continuous mon-
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itoring to detect performance degradation and con-
cept drift post-deployment. Systems capable of log-
ging detailed reasoning traces and interactions with
external tools provide invaluable data for retrospec-
tive audits and root-cause analyses; however, such
comprehensive logging raises significant concerns
regarding data storage, privacy, and security (Noori
et al., 2026). Conversely, lightweight logging ap-
proaches reduce operational overhead but may fail
to capture sufficient diagnostic information to re-
solve failures effectively (Sun et al., 2025). Com-
parative analyses advocate for tailoring monitoring
strategies to specific clinical tasks and contexts
rather than relying on generic frameworks (Jiang
et al., 2025d). Agentic systems that call external
tools and run multi-step workflows require struc-
tured audit trails and reproducible tool invocations
to enable post-hoc verification and regulatory com-
pliance (Gao et al., 2026). Tool-orchestration plat-
forms and AutoML-style agent frameworks (e.g.,
AutoPE) illustrate how modular designs can expose
intermediate artifacts for auditing while supporting
domain scientists who lack deep ML expertise (Liu
et al., 2024). Consequently, auditing is best con-
ceived as a continuous operational process rather
than a discrete certification event.
✠ Model Updating, Drift Management, and
Maintenance. The rapid evolution of medical
knowledge creates inherent tension between the
need for model stability and the imperative to adapt
to new evidence and clinical guidelines. Static mod-
els facilitate easier regulatory validation but are vul-
nerable to performance degradation due to data and
concept drift (Pollard et al., 2018). Conversely, con-
tinual learning techniques enhance adaptability but
risk destabilizing previously validated and trusted
behaviors, raising safety concerns (Sun et al., 2025).
Emerging hybrid strategies that combine a stable
core model with updatable peripheral tool modules
present a pragmatic balance between robustness
and flexibility (Chen et al., 2025a). Nonetheless,
ongoing maintenance, including updating datasets,
retraining, and validation, remains a substantial op-
erational burden and a major barrier to sustainable
deployment (Jin et al., 2021).
✠ User Interfaces for Clinicians and Patients.
The design of user interfaces critically shapes how
medical agents influence clinical workflows and
decision-making. Comparative studies consistently
show that clinicians favor succinct, actionable rec-
ommendations accompanied by explicit uncertainty
quantification over verbose explanatory outputs,

which can increase cognitive load and diminish
trust (Jin et al., 2021). For patient-facing applica-
tions, interface design must incorporate stringent
safeguards to prevent misunderstanding and ensure
that information is accessible and non-alarming
(Reddy, 2024). PAME-AI leverages a multi-agent,
DIKW-based framework to optimize patient mes-
saging, significantly improving engagement and
medication adherence at scale (Luo et al., 2025).
Medbot is a clinician-designed AI agent platform
that automates complex clinical workflows, reduc-
ing administrative burden and improving care qual-
ity in conditions like sepsis Anthony et al. (2025).
Effective interface design is thus fundamental to
patient safety and clinician acceptance, underscor-
ing the need for human-centered approaches that
carefully balance informativeness and simplicity.
✠ Barriers to Real-World Adoption. Despite
impressive technical advances, widespread clini-
cal adoption of medical AI agents remains limited.
Systematic analyses identify trust deficits, unclear
liability frameworks, integration costs, and work-
flow disruption as dominant impediments (Jin et al.,
2021; Reddy, 2024). Furthermore, demonstrations
of clear clinical value are often context-specific
and fail to generalize across diverse healthcare set-
tings (Tang et al., 2024). These findings suggest
that barriers to adoption are frequently rooted less
in the technical capabilities of models and more
in institutional readiness, regulatory environments,
and socio-technical factors (Chen et al., 2025a).
Addressing these challenges will require concerted
efforts spanning technology development, policy-
making, and organizational change management.
✠ Contextual AI Frameworks for Low-
Resource Settings. Frameworks designed for low-
resource settings must address challenges such as
limited training data and constrained computational
infrastructure, particularly in medical institutions
with restricted resources (Liu et al., 2025c). Ap-
proaches like DrAgent focus on building LLMs as
agents to deliver accurate medical decision-making
without requiring the extensive data and compu-
tational resources typically needed for fine-tuning
competitive medical LLMs (Liu et al., 2025c). Ad-
ditionally, conversational agents offer a promising
direction for increasing healthcare access in low-
resource contexts, such as telemedicine (He et al.,
2020). Research in automated motivational inter-
viewing demonstrates that both in-context learning
(ICL) and instruction fine-tuning (IFT) can success-
fully train language models for clinical dialogue
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tasks even under low-resource settings, helping
to automate complex interactions (Hoang et al.,
2024). The ability to leverage synthetic data, such
as generating Arabic medical dialogues from pa-
tient notes regardless of the original language, also
helps overcome dataset availability barriers for
broader research and application in medical dia-
logue systems (ALMutairi et al., 2024). To specif-
ically address unique challenges in countries like
Bangladesh, the MEDIC-BD (Wasi et al., 2026)
framework proposes strategies tailored to local
healthcare constraints, aiming to enhance diagnos-
tic accuracy, streamline clinical workflows, and
improve patient care through context-aware AI in-
tegration. In low-resource healthcare settings, con-
strained compute and limited labeled data require
agent designs that prioritize in-context learning and
lightweight inference; systems such as DrAgent ex-
emplify LLM-agent approaches optimized for lim-
ited resources (Liu et al., 2025c). Conversational
and telemedicine agents have particular promise
for expanding access when deployed with care-
ful calibration and data-efficient training strategies
(He et al., 2020; Hoang et al., 2024). Synthetic-
data augmentation (e.g., cross-language medical
dialogue generation) can further reduce dataset
barriers in multilingual contexts (ALMutairi et al.,
2024).

J More Details on Open Challenges and
Future Directions

Despite notable progress in developing AI-powered
medical agents, particularly those leveraging large
language models (LLMs), several critical chal-
lenges continue to impede their safe, reliable, and
equitable deployment in clinical practice. These
challenges span fundamental reasoning capabilities,
uncertainty management, generalization, evalua-
tion methodologies, and real-world integration. Ad-
dressing them is essential to advance from promis-
ing prototypes to impactful healthcare tools, as
summarized in Table 11.
✠ Causal and Counterfactual Medical Reason-
ing. Current medical AI systems predominantly
rely on correlational patterns extracted from train-
ing data, which limits robustness under distribu-
tion shifts and novel clinical contexts (Chen et al.,
2025a; Sun et al., 2025). This corresponds to a gap
at the intersection of Axis I (Reasoning Paradigms)
and Axis III (Tool Use): associative implicit rea-
soning cannot distinguish between a symptom that

causes a disease and one that merely co-occurs
with it, and no current tool-use configuration com-
pensates for this. A concrete testable question
is: Can tree-based search agents (Axis I) that in-
voke explicit causal graphical model tools (Axis III)
reduce confounding errors in differential diagno-
sis compared to RAG-augmented chain-of-thought
agents on datasets with documented confounders?
Progress on this question requires causal bench-
marks that annotate confounding pathways, which
are currently absent from standard medical QA
datasets.
✠ Uncertainty Quantification and Calibra-
tion. Effective deployment of medical agents
demands not only accurate predictions but also
well-calibrated uncertainty estimates. Existing ap-
proaches, such as ensembles, Bayesian inference,
and abstention-based methods, improve uncertainty
quantification but often at the expense of computa-
tional complexity and system interpretability (Gu
et al., 2025). Strong et al. (2025) proposed a guided
deferral framework for trustworthy human–AI col-
laboration in healthcare, enabling LLMs to abstain
from uncertain predictions while providing struc-
tured guidance to clinicians, thereby improving
safety and calibration under real-world clinical con-
straints. Moreover, transparent communication of
uncertainty to clinicians and patients is critical to
foster trust and support informed decision-making
(Jin et al., 2021). Despite advances, poor calibra-
tion remains a systemic vulnerability, and develop-
ing practical, scalable mechanisms for uncertainty
estimation and explanation is an active frontier in
AI for medicine.
The concrete testable hypothesis for this chal-
lenge is: In multi-agent debate architectures
(Axis II), does the consensus mechanism degrade
individual agent calibration—measured by Ex-
pected Calibration Error (ECE) before and after
debate rounds—and can a guided deferral module
(Axis IV) restore pre-debate ECE levels? Strong
et al. (2025) provide a deferral framework appli-
cable to this design, but the interaction between
debate-induced overconfidence and deferral-based
correction has not been empirically isolated.
✠ Multimodal and Multilingual Generalization.
Medical agents must generalize across a wide spec-
trum of data modalities, including clinical text,
imaging, laboratory values, and structured EHR
data, and be deployable in multilingual, multicul-
tural environments to ensure global health equity
(Roberts et al., 2018). Current systems often ex-
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hibit English-language bias and perform best in
imaging-rich contexts prevalent in high-resource
settings. Bridging these gaps requires new datasets,
architectures capable of robust multimodal fusion,
and language-agnostic representations that can ac-
commodate regional documentation practices and
clinical workflows (Guo et al., 2025b). Equity and
inclusivity considerations are paramount, necessi-
tating research frameworks that prioritize underrep-
resented populations and languages.
✠ Evaluation Beyond Benchmarks. The satura-
tion of static benchmarks in medical AI research
constrains meaningful assessment of real-world
clinical performance (Sun et al., 2025). Tradi-
tional tasks focusing on question-answering or iso-
lated diagnostic queries fail to capture the com-
plexity of clinical reasoning, longitudinal patient
management, and interactive communication crit-
ical to healthcare. To overcome these limitations,
evaluation methodologies must evolve to incor-
porate outcome-based metrics, longitudinal stud-
ies, and simulation environments that reflect the
multimodal, sequential, and dynamic nature of
clinical practice (Jiang et al., 2025d; Chen et al.,
2025a). Importantly, clinical expert judgment and
workflow-level validation should complement au-
tomated metrics to ensure relevance and rigor.
✠ From Simulated to Real Clinical Impact.
While simulations provide safe and scalable plat-
forms for prototyping medical agents, translating
performance gains to actual clinical settings re-
mains a formidable challenge (Li et al., 2025a; Du
et al., 2025). Integration with heterogeneous EHR
systems, compliance with regulatory frameworks
such as GDPR and FDA guidelines, and alignment
with established clinical workflows are necessary
but nontrivial steps (Reddy, 2024). Additionally,
clinician acceptance hinges on system transparency,
usability, and minimal disruption. Addressing cost-
effectiveness and maintenance over time is also
critical for sustainable adoption. Looking ahead,
embedding agents within physical healthcare envi-
ronments, such as robotic assistants or continuous
patient monitoring systems, represents an ambi-
tious but promising direction.

We see promise in combining reinforcement
learning, long-chain reasoning, and inference-time
scaling to improve complex diagnostic planning
and therapeutic reasoning (Guo et al., 2025a;
Faray de Paiva et al., 2025; Huang et al., 2025b).
Large-scale simulated hospitals and iterative self-
play techniques enable accelerated agent learning

and can produce emergent capabilities; neverthe-
less, ensuring alignment and safety during self-
evolution remains a pressing open problem (Li
et al., 2025a). Presently, medical agents can ap-
proximate fragments of such reasoning through
advanced reinforcement learning and long-chain in-
ference strategies, and demonstrate improving per-
formance in simulated hospital environments and
benchmark tasks (Jin et al., 2021; Reddy, 2024).
Nevertheless, fundamental gaps remain in causal
understanding, contextual judgment, and account-
ability mechanisms. Whether these gaps are sur-
mountable with current paradigms or demand fun-
damentally new approaches is an open question,
one that will shape the trajectory of AI integration
into clinical practice.

K Case Studies: Applying the Framework

We walk through four representative systems to
demonstrate what the five-axis taxonomy reveals
that a descriptive, application-based overview
would miss.
MDAgents (Kim et al., 2024b). An application-
based grouping places MDAgents in the category
medical decision support. The taxonomy instead
plots it at the intersection of Debate-Based Reason-
ing (Axis I) and Multi-Agent Cooperative Architec-
ture (Axis II), with External Knowledge Ground-
ing via RAG (Axis III) and Bounded Human-in-
the-Loop Autonomy (Axis IV). This intersection
immediately explains an empirical result that an ap-
plication label cannot: the 11.8% average accuracy
gain from moderator review combined with exter-
nal knowledge (Kim et al., 2024b) is structurally
expected from the taxonomy because debate-based
reasoning reduces anchoring bias (Axis I benefit)
while the moderator enforces bounded autonomy
(Axis IV constraint), preventing unchecked flawed
consensus (the Axis I×Axis II interaction identi-
fied in §3.7).
Chain-of-Diagnosis (CoD) (Chen et al., 2025a).
An application label would call CoD prompt en-
gineering for diagnosis. The framework maps it
to Explicit Chain Reasoning (Axis I) and Single-
Agent Planner (Axis II) with no external tool access
(Axis III). This axis profile immediately predicts
CoD’s primary structural limitation: because it is
a single-agent, tool-free, linear explicit reasoner,
it has no mechanism for recovering from an early
diagnostic error—each step conditions on the previ-
ous one, so an incorrect hypothesis at step t propa-
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gates deterministically. The taxonomy thus predicts
the “linear error propagation” failure mode from
architecture alone, before any empirical evaluation.
Agent Hospital (Li et al., 2025a). Application-
based grouping categorizes Agent Hospital as a
simulation environment. The taxonomy maps it
to Fully Autonomous Simulated (Axis IV) and
Large-Scale Multi-Agent with Memory Augmenta-
tion (Axis II), with EHR Simulation Tools (Axis III)
and Text-Only Embodiment (Axis V). This profile
immediately clarifies why Agent Hospital achieves
strong performance on MedQA but is structurally
blocked from clinical deployment: Axis IV full
autonomy is incompatible with current FDA SaMD
classification, and Axis V text-only embodiment
means the system cannot perceive the physical or
multimodal signals (vital signs, imaging, physical
exam) required for real-world diagnosis.
MedRAX (Fallahpour et al., 2025). MedRAX
would be categorized descriptively as multi-
modal radiology AI. The taxonomy maps it to
ReAct-Based Tool Orchestration with Dynamic
Tool Selection (Axis I), Single-Agent Planner-
Executor (Axis II), Multimodal Tool Ecosystem
including MedSAM, CheXagent, and RoentGen
(Axis III), and Multimodal Virtual Agent Embod-
iment (Axis V). The cross-axis interaction (§3.7,
Embodiment×Tool Use) predicts that MedRAX’s
diagnostic accuracy is bounded by the weakest
tool in its chain—a prediction consistent with
the observed modality-specific failure modes in
segmentation-dependent queries on ChestAgent-
Bench.
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Table 10: Evaluation Methodologies for LLM-Based Medical Agents

Methodology Evaluation Focus and Characteristics Representative Refer-
ences

Accuracy-Centric Metrics Standard metrics such as accuracy, F1, and exact
match quantify output correctness but fail to capture
clinical reasoning quality or safety. Surface-level lan-
guage metrics (e.g., ROUGE, BLEU) poorly reflect
diagnostic reliability and treatment appropriateness.
High scores may mask systematic errors and over-
confidence in safety-critical settings, necessitating
complementary evaluation dimensions.

(Jin et al., 2021; Gu et al.,
2025; Reddy, 2024; Chen
et al., 2025a)

Reasoning Faithfulness
and Interpretability

Evaluates whether reasoning traces genuinely sup-
port conclusions, which is critical for clinician trust
and regulatory compliance. Automatic faithfulness
measurement remains challenging, often requiring
human judgment. Frameworks such as Chain-of-
Diagnosis explicitly model diagnostic pathways and
uncertainty, while clinically grounded tools like
ICARE distinguish hallucinations from omissions
and align with clinician assessments.

(Li et al., 2023; Sun et al.,
2025; Dua et al., 2025;
Jiang et al., 2025d; Jin
et al., 2021)

Tool-Use Correctness and
Grounding

Assesses correct invocation, sequencing, and inter-
pretation of external tools, databases, and multimodal
inputs. Incorrect grounding is a major failure mode,
motivating verification-aware architectures and audit-
ing mechanisms. Realistic evaluation requires sim-
ulation of complex interactions among text, images,
and structured clinical data.

(Mehandru et al., 2024; Ke
et al., 2024; Noori et al.,
2026; Tang et al., 2024)

Robustness, Stress Test-
ing, and Distribution Shift

Measures performance stability under noise, ambi-
guity, rare conditions, and demographic imbalance.
Agents often degrade sharply under distribution shift,
as revealed by stress testing and bias-focused bench-
marks. Longitudinal, multimodal, and interactive
evaluations better expose clinically salient failure
modes than static QA metrics. Continuous monitor-
ing is essential post-deployment.

(Pollard et al., 2018;
Huang et al., 2025a; Jiang
et al., 2025d; Reddy,
2024; Jin et al., 2021;
Schmidgall et al., 2025;
Liu et al., 2025d; Fan
et al., 2024; Schmidgall
et al., 2024)

Human and Clinician-in-
the-Loop Evaluation

Integrates clinician feedback to assess usability,
safety, trust, and workflow integration beyond au-
tomated metrics. Though resource-intensive and lim-
ited in scale, human evaluation remains indispens-
able. Interactive environments such as SurgBox and
MEDCO enable assessment of collaboration qual-
ity and decision-support effectiveness. Hybrid hu-
man–automated paradigms are increasingly adopted.

(Yan et al., 2024; Jin et al.,
2021; Reddy, 2024; Chen
et al., 2025a)

Outcome-Oriented and
Workflow-Level Metrics

Focuses on real-world clinical impact, including
workflow efficiency and patient outcomes, rather than
isolated task accuracy. Longitudinal and multi-step
evaluations capture adaptive planning and end-to-
end decision processes. Benchmarks like EHRFlow-
Bench and simulation platforms such as Agent Hos-
pital support holistic assessment of diagnostic and
therapeutic pipelines.

(Tang et al., 2024; Jiang
et al., 2025d; Chen et al.,
2025a)
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Table 11: Open challenges and future directions for LLM-based medical agents.

Area Key Challenges Future Directions

Causal and Counterfactual
Reasoning

Predominantly correlational learning
limits robustness under distribution
shift and novel clinical scenarios; lack
of explicit causal modeling hinders
intervention-level reasoning.

Integrating causal inference and coun-
terfactual reasoning frameworks with
LLMs; hybrid symbolic–statistical mod-
els enabling intervention-aware diagno-
sis and treatment planning (Chen et al.,
2025a; Sun et al., 2025).

Uncertainty Quantifica-
tion and Calibration

Poorly calibrated confidence estimates
undermine safety; existing Bayesian
and ensemble methods increase com-
plexity and reduce interpretability.

Scalable uncertainty-aware architec-
tures, abstention and deferral mecha-
nisms for human–AI collaboration, and
transparent uncertainty communication
to clinicians (Gu et al., 2025; Strong
et al., 2025; Jin et al., 2021).

Multimodal and Multilin-
gual Generalization

Performance degrades across modali-
ties, languages, and low-resource set-
tings; strong bias toward English text
and imaging-rich environments.

Language-agnostic representations, ro-
bust multimodal fusion architectures,
and datasets prioritizing underrepre-
sented populations and clinical settings
(Roberts et al., 2018; Guo et al., 2025b).

Evaluation Beyond Static
Benchmarks

Benchmark saturation; static QA-style
tasks fail to capture longitudinal reason-
ing, interaction, and workflow complex-
ity.

Outcome-oriented, longitudinal, and
simulation-based evaluation with
clinician-in-the-loop assessment and
workflow-level validation (Sun et al.,
2025; Jiang et al., 2025d; Chen et al.,
2025a).

From Simulation to Clini-
cal Deployment

Gap between simulated performance
and real-world impact; challenges in
EHR integration, regulation, workflow
alignment, and clinician trust.

End-to-end clinical pilots, regulatory-
aware system design, usability-centered
deployment, and cost-effective mainte-
nance strategies (Reddy, 2024; Li et al.,
2025a).

Scaling Reasoning and
Autonomy

Long-horizon planning, self-
improvement, and autonomy introduce
alignment and safety risks; limited
causal grounding and accountability.

Reinforcement learning, inference-time
scaling, and large-scale simulated hos-
pitals with safety-constrained self-play
and oversight mechanisms (Guo et al.,
2025a; Li et al., 2025a).
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