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ABSTRACT
Direct application of large language models (LLMs) in clinical prac-
tice is constrained by response instability and the risk of halluci-
nations; therefore, a more verifiable form of human-centered AI
support is required. We present a demonstrative case study of the
MedCoScientist system—a multi-agent framework designed to sup-
port clinical decision-making1. Using a rare endocrine emergency,
pituitary apoplexy, as an example, the system ingests pituitary MRI
and a brief clinical history, extracts and interprets key findings,
formulates and validates a differential diagnosis, and then automati-
cally retrieves relevant PubMed publications with study-type labels
and PICO extraction. This case illustrates the practical utility of
multi-agent systems in a clinician-in-the-loop setting: rather than
delivering a “final answer,” the system provides traceable, evidence-
based support while leaving the ultimate decision to the physician.
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1 INTRODUCTION
Large language models (LLMs) are increasingly explored for use
in high-stakes domains such as clinical medicine, yet their direct
deployment remains problematic[11]. State-of-the-art models are
not ready for autonomous clinical decision-making: their outputs
can vary with phrasing, information volume, they integrate poorly

1https://youtu.be/ezTswtNTbNA
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into established clinical workflows [3]. Importantly, access to ad-
vanced models (e.g., GPT-4) has not been shown to reliably im-
prove physicians’ diagnostic reasoning[7]. Moreover, LLM “halluci-
nations”—plausible but incorrect statements—pose a particularly
serious risk in healthcare[2].

Recent works indicates that multi-agent systems built on LLMs
can outperform single-model approaches by decomposing tasks,
enabling internal cross-checks, and leveraging external tools[5, 6].
Building on this direction, we present MedCoScientist2, an exten-
sion of the CoScientist3 framework previously validated in drug-
molecule discovery. MedCoScientist combines an LLM-based multi-
agent architecture with specialized medical computational and
predictive tools, allowing the system to verify and refine generated
outputs rather than relying solely on free-form text generation.
Using pituitary apoplexy as a case study, we demonstrate how
this multi-agent framework can operate as a clinically oriented
decision-support system for physicians managing a rare endocrine
emergency.

2 DEMONSTRATION CASE STUDY
Clinicians may experience difficulties when identifying pathologies
that are rarely encountered in routine practice [1, 8]. In recent years,
artificial intelligence–based approaches have been proposed to ad-
dress this challenge, achieving moderate success [10]. In medicine,
the reliability of AI recommendations is critical; however, it is well
known that, without validation and the use of specialized tools,
large language models (LLMs) may hallucinate and produce outputs
that mislead clinicians.

To enhance the clinical usability of large languagemodels (LLMs),
we propose a multi-agent pipeline and evaluate it on pituitary
apoplexy (PA). The system ingests a T1-weighted pituitary MRI
and a brief clinical history, classifies DICOM modality, and extracts
imaging features that are interpreted in clinical context. The result-
ing assessment is validated, and a diagnosis plus salient keywords
are produced to support downstream literature retrieval. Relevant
PubMed articles are then retrieved to ground recommendations
in existing evidence and are presented with practitioner-oriented

2https://github.com/ITMO-NSS-team/CoScientist/tree/main/MedCoScientist
3https://github.com/ITMO-NSS-team/CoScientist
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tags. Each paper is automatically classified by study type: observa-
tional, experimental, or review. Observational studies are further
labeled by temporal design (prospective/retrospective) and cohort
structure (cross-sectional/cohort/case–control). Experimental stud-
ies are characterized by setting (clinical/in vivo/in vitro/in silico)
and allocation strategy (randomized/non-randomized/propensity
score–matched). Reviews are categorized as narrative, systematic,
or meta-analytic. Finally, the system extracts PICO elements[4]
within the evidence-based medicine (EBM)[9] framework (Popu-
lation/Problem, Intervention, Comparison, Outcome) from each
publication.

Using this demonstration task, we show that a multi-agent sys-
tem combining LLMs and vision–languagemodels (VLMs) can serve
as a clinical assistant by supporting diagnostic reasoning and pro-
viding targeted literature, while keeping responsibility for the final
diagnosis with the physician. In contrast to producing an unveri-
fied “final answer,” our approach emphasizes traceability, evidence
grounding, and decision support.

3 SYSTEM DESCRIPTION
Overall Design. The proposed system implements a modular,
agent-oriented architecture for complex biomedical and scientific
reasoning tasks. The architecture combines LLMs, tool-augmented
agents, and a graph-based memory subsystem within a structured
planning–execution– reflection loop. The system is designed to
decompose high-level user queries into executable steps, dynami-
cally dispatch specialized agents, and iteratively refine intermediate
results until a final response is produced.

At a high level, the system consists of four tightly coupled subsys-
tems: (1) data and state representations, (2) a set of control agents
responsible for planning and orchestration, and (3) domain-specific
execution agents implemented as callable nodes.

Control and Orchestration Agents. The system’s execution
flow is governed by a hierarchy of control agents. These agents are
powered by the qwen3-235b-a22b model.

Chat Agent acts as the primary entry point. It determineswhether
a query can be answered directly or requires multi-step reasoning. If
necessary, it delegates planning to the planner agent. Planner Agent
transforms the user query into an explicit, ordered plan consisting
of atomic execution steps. Supervisor Agent executes the plan by
sequentially dispatching domain-specific agents. It manages tool
invocation, collects intermediate task results, and handles execu-
tion failures. Re-planner Agent evaluates intermediate results and
decides whether plan refinement is required. This enables adaptive
execution in cases of incomplete or unsatisfactory intermediate
outputs. Summary Agent aggregates completed task results into
a concise, coherent summary, which is then transformed into the
final user-facing response.

Domain-Specific Execution Agents. The system employs sev-
eral scenario agents, each encapsulating a well-defined biomedical
reasoning capability: Hypothesis PICO Agent, powered by qwen3-
235b-a22b, decomposes a scientific or clinical hypothesis into struc-
tured PICO elements. It uses an LLM for argument extraction and
dedicated tool nodes for formal PICO parsing. The output is stored
as a structured intermediate result and reused in downstream tasks.
Image Analyzer Agent processes medical imaging studies (e.g., MRI)

together with brief symptom descriptions and patient history. It
uses a fine-tuned VLM Gemma 27B and a DICOM-focused prompt
tailored to endocrinology and cardiology. The agent recognizes
modality/sequence, detects abnormalities, generates differential
diagnoses, and validates results in a structured, role-based pipeline.

The chain-of-thought pipeline has four stages: Classification -
identifies modality and acquisition/sequence features using clinical
context. Finding extraction—summarizes key anatomical/pathological
features with severity, confidence, artifacts, and attention to rare
conditions. Interpretation - maps findings to ICD codes, produces a
differential, and outputs a brief clinical report and prognosis. Valida-
tion—checks conclusions against guidelines (e.g., ACR), refines the
differential (especially rare cases), and generates PubMed search
keywords for follow-up review.

PubMed Literature Agent automates literature discovery via PubMed
and uses the GPT-4o model. Based on extracted keywords or hy-
potheses, it retrieves relevant publications, performs taxonomy
classification, and extracts PICO elements for each paper. Retrieved
articles and metadata are stored in the system state for subsequent
reasoning or summarization.

Execution Flow. Upon receiving a user query, the system eval-
uates whether multi-step reasoning is required. If so, a plan is gen-
erated and executed step-by-step by the supervisor agent, which
dynamically invokes the appropriate domain-specific agents. Inter-
mediate results may trigger replanning. Once execution converges,
results are summarized and returned to the user.

4 EXPERIMENTAL STUDIES
We ran a small pilot comparingGPT-5.2, DeepSeek-V3.2, andGemini-
3-Flash. For MRI interpretation with patient symptoms, GPT-5.2
performed best, giving the correct primary diagnosis but a limited
differential. Gemini also found the correct diagnosis with little jus-
tification, while DeepSeek missed it. All models extracted PICO
elements, but PubMed retrieval varied: GPT-5.2 returned the most
relevant articles, Gemini returnedmore but less relevant results, and
DeepSeek returned few with limited relevance. In contrast, MedCo-
Scientist provides an end-to-end pipeline and, with its RePlanner
agent, supports stepwise verification and iterative refinement for
more reliable decisions than a single LLM.

5 CONCLUSION AND FUTUREWORKS
We introduced MedCoScientist, a multi-agent framework that miti-
gates key limitations of autonomous LLMs in clinical settings by
emphasizing traceability, evidence grounding, and iterative verifica-
tion. Using pituitary apoplexy as a representative scenario of a rare
medical emergency, we demonstrated that the system can function
as a clinical decision support system, outperforming single LLMs
in both the accuracy and justification of its responses. This work
is a step toward practical, clinician-in-the-loop assistants for rare
conditions.

In future work, we plan to integrate agents’ reasoning directly
into the chat interface to improve the interpretability of results; con-
duct larger-scale experiments with comparisons against a broader
set of comparable systems; and incorporate evaluation by expert
clinicians to measure trust and the practical applicability of Med-
CoScientist’s recommendations.
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