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Abstract

Rare diseases, despite their low individual incidence, collec-
tively impact around 300 million people worldwide due to the
vast number of diseases. The involvement of multiple organs
and systems, and the shortage of specialized doctors with rel-
evant experience, make diagnosing and treating rare diseases
more challenging than common diseases. Recently, agents
powered by large language models (LLMs) have demon-
strated notable applications across various domains. In the
medical field, some agent methods have outperformed di-
rect prompts in question-answering tasks from medical ex-
aminations. However, current agent frameworks are not well-
adapted to real-world clinical scenarios, especially those in-
volving the complex demands of rare diseases. To bridge this
gap, we introduce RareAgents, the first LLM-driven multi-
disciplinary team decision-support tool designed specifically
for the complex clinical context of rare diseases. RareAgents
integrates advanced Multidisciplinary Team (MDT) coordi-
nation, memory mechanisms, and medical tools utilization,
leveraging Llama-3.1-8B/70B as the base model. Experimen-
tal results show that RareAgents outperforms state-of-the-art
domain-specific models, GPT-4o, and current agent frame-
works in diagnosis and treatment for rare diseases. Further-
more, we contribute a novel rare disease dataset, MIMIC-
IV-EXT-RARE, to facilitate further research in this field.

Introduction
Rare diseases are defined as disorders with low preva-
lence, typically affecting fewer than 1 in 2,000 individu-
als in Europe or fewer than 1 in 1,500 individuals in the
United States (Valdez, Ouyang, and Bolen 2016). Despite
their rarity, more than 7,000 rare diseases have been iden-
tified, impacting approximately 300 million people world-
wide (Nguengang Wakap et al. 2020). Rare diseases of-
ten present with complex and heterogeneous symptoms that
overlap with common diseases. As a result, patients fre-
quently experience several years of misdiagnosis, referred to
as a ”diagnostic odyssey” (Schieppati et al. 2008). Such de-
lays not only limit access to timely and effective treatments
but also cause the worsening of the disease. On the other
hand, while deep learning models have shown promise in
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medication recommendation (Shang et al. 2019b; Yang et al.
2021b), their performance for rare diseases remains subopti-
mal. Experimental studies on the MIMIC-III and MIMIC-IV
datasets (Johnson et al. 2016, 2023) reveal that current state-
of-the-art models for drug recommendation are substantially
less effective for rare diseases than common ones (Zhao
et al. 2024).

Large language models, trained on massive and diverse
text corpora, demonstrate remarkable potential across a wide
range of natural language interaction tasks (Achiam et al.
2023; Dubey et al. 2024). In particular, LLM-based agents
exhibit impressive capabilities in augmented reasoning and
problem-solving within complex environments (Wang et al.
2024). In the domain of rare diseases, RareBench (Chen
et al. 2024) introduced the first benchmark to evaluate LLMs
in phenotype extraction and differential diagnosis. Experi-
mental results indicate that advanced LLMs, such as GPT-
4 (Achiam et al. 2023), can achieve notable diagnostic ac-
curacy under zero-shot settings, even outperforming human
specialist physicians for certain rare diseases.

As shown in Figure 1, patients with rare diseases often ex-
perience symptoms affecting multiple organs and systems,
indicating the critical need for expertise from multiple re-
lated specialties to achieve accurate diagnosis and person-
alized treatment plans (Xie et al. 2023). In clinical practice,
this integrated approach is known as multi-disciplinary team
(MDT) care, with the central objective of synthesizing their
diagnostic insights and therapeutic proposals from diverse
experts to formulate a comprehensive management strategy
that prioritizes treatment steps and resolves potential con-
flicts among recommendations.

Although several multi-agent frameworks have been pro-
posed for general medical applications (as summarized in
Table 1), these methods primarily show improved perfor-
mance in tasks like multiple-choice question answering
(MCQA) (Tang et al. 2024; Jin et al. 2024) and basic ques-
tion answering (QA) (Kim et al. 2024). For these tasks,
candidate options are provided or the decision-making is
confined to limited and small scopes (Li et al. 2024b), but
these settings differ significantly from the complex real-
world clinical scenarios. Moreover, existing approaches tend
to emphasize planning capabilities while focusing less on
the integration, which can be achieved through memory us-
age and tool utilization. Additionally, the definition of dif-
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Figure 1: A rare disease patient with multi-organ / multi-
system abnormalities necessitates a multi-disciplinary team
for comprehensive diagnosis and treatment.

ferent agent roles is frequently left to LLMs themselves,
leading to potential hallucinations in medical contexts (Lee,
Bubeck, and Petro 2023).

To address these challenges, we propose RareAgents, a
patient-centered autonomous MDT framework customized
for real-world rare disease patients, taking advantage of
the planning, memory, and tool-using capabilities of LLM
agents. As illustrated in Figure 2, a patient first conveys his
personal profile, including symptoms and diagnosis / treat-
ment requests, to an Attending Physician Agent. Then, this
agent assembles an MDT of specialists from a predefined
pool of physician agents, designed with dynamic long-term
memory and the ability to utilize specialized medical tools.
This enhances the performance of LLMs in diagnosing and
treating rare diseases, ultimately offering more accurate and
personalized medical care for patients.

Overall, our contributions are three-fold: (1) We propose
RareAgents, a novel patient-centered multi-disciplinary
agent-based framework for enhanced diagnosis and treat-
ment of rare diseases. Each physician agent within
RareAgents is equipped with dynamic long-term memory,
and can effectively utilize a wide range of medical tools,
simulating the behavior of a human doctor. Additionally,
RareAgents is a plug-and-play framework, easily extensi-
ble for various medical decision-making scenarios. (2) We
evaluate RareAgents using Llama-3.1 models (8B and 70B),
demonstrating superior diagnostic performance and im-
proved accuracy in medication recommendations compared
to state-of-the-art (SOTA) domain-specific models, GPT-4o,
and existing medical agent frameworks. We also validate the
effectiveness of each module within the RareAgents archi-
tecture. (3) To the best of our knowledge, this work first ex-
tends the medication recommendation task in MIMIC-IV to
the LLM agent framework. Furthermore, we compile a rare
disease medication recommendation dataset, MIMIC-IV-
EXT-RARE, by mapping disease codes and applying rigor-
ous filtering to MIMIC-IV. This dataset contains 4,760 rare
disease patients with 18,522 admission records, providing a
valuable resource for the rare disease research community.

Method Plan-
ning

Me-
mory

Tool
Use

Multi-Agent
Roles

Medical
Scenario

MedAgents
(Tang et al. 2024)

✓ ✗ ✗ LLM-generated MCQA

Agent Hospital
(Li et al. 2024b)

✓ ✓ ✗ Pre-defined MCQA

MDAgents
(Kim et al. 2024)

✓ ✗ ✗ LLM-generated MCQA / VQA

AgentMD
(Jin et al. 2024)

✓ ✗ ✓ Single-Agent MCQA

RareAgents
(ours) ✓ ✓ ✓ Pre-defined Open-ended

Complex QA

Table 1: Characteristics of different medical LLM agent
methods: inclusion of planning, memory, and tool usage,
along with multi-agent role definition ways and target med-
ical scenarios.

Related Work
LLM-based Agents Large language models (LLMs) as
agents have demonstrated remarkable capabilities in reason-
ing and decision-making within complex interactive envi-
ronments (Liu et al. 2023). The concept of generative agents,
which first simulated human behavior (Park et al. 2023), has
evolved into sophisticated frameworks. LLM-based agents
are typically composed of three key components: plan-
ning (Yao et al. 2023), memory (Zhong et al. 2024), and
tool-using (Schick et al. 2023). Existing agent frameworks
can be broadly categorized into two paradigms: single and
multi-agent systems (Li et al. 2023). Among these, role-
playing (Shanahan, McDonell, and Reynolds 2023) is a
widely adopted approach that assigns agents distinct per-
sonalities or roles, allowing them to adapt to specific task
scenarios. LLM-based agents have shown significant poten-
tial in applications across domains such as education (Zhang
et al. 2024), finance, and healthcare (Mehandru et al. 2024).

Medical Agents Med-Palm (Singhal et al. 2023) and
Med-Gemini (Saab et al. 2024) have demonstrated promis-
ing single-agent capabilities as medical domain LLMs. Be-
yond this, MedAgents (Tang et al. 2024) introduces a multi-
disciplinary collaboration framework for medical question-
answering by leveraging the planning capabilities of multi-
ple agents. MDAgents (Kim et al. 2024) adaptively adjust
to the difficulty of medical questions and extend to visual-
question-answering tasks. AI Hospital (Fan et al. 2025) eval-
uates the performance of large language models (LLMs) as
doctors in symptom collection, examination recommenda-
tion, and diagnostic decision-making. Agent Hospital (Li
et al. 2024b) creates a virtual hospital environment that sim-
ulates task stratification within medical workflows. Further-
more, current applications of medical agents encompass a
range of scenarios, including clinical triage (Lu et al. 2024),
electronic health record reasoning (Shi et al. 2024), and
medical imaging analysis (Li et al. 2024a).

AI Models for Rare Diseases Most AI diagnostic mod-
els for rare diseases primarily rely on phenotypic and geno-
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RAREBENCH-PUBLIC (Chen et al. 2024) MIMIC-IV-EXT-RARE (Johnson et al. 2023)

Type of Clinical Task Differential Diagnosis Type of Clinical Task Medication Recommendation
Patient Data Source Multi-center Patient Data Source BIDMC of Boston
# of Rare Disease Patients 1,197 # of Visits / # of Rare Disease Patients 18,522 / 4,760
# of Rare Diseases 498 Disease / Procedure / Medication Space Size 8,922 / 3,920 / 122
Symptom / Disease Space Size 17,232 / 9,260 Avg. / Max # of Visits 3.89 / 74
Avg. / Max # of Symptoms per Case 12.66 / 96 Avg. / Max # of Diseases per Visit 16.99 / 39
Avg. / Max # of Diseases per Case 1.42 / 26 Avg. / Max # of Procedures per Visit 2.82 / 32
Avg. / Max # of Cases per Disease 3.40 / 148 Avg. / Max # of Medications per Visit 11.27 / 65

Table 2: Statistics of RAREBENCH-PUBLIC and MIMIC-IV-EXT-RARE datasets; processing details are in the supplement.

typic information (Javed, Agrawal, and Ng 2014; Robinson
et al. 2020), utilizing statistical and machine learning ap-
proaches (Yang, Robinson, and Wang 2015; Köhler et al.
2017; Zhai et al. 2023). RareBERT (Prakash et al. 2021) in-
troduces a Transformer-based model to identify rare disease
patients. In the realm of LLMs, dynamic few-shot prompting
methods (Chen et al. 2024) have been explored to enhance
diagnostic performance. RAREMed (Zhao et al. 2024) fo-
cuses on fairness in drug recommendation systems and pro-
poses a novel approach to improving therapeutic recommen-
dations for rare disease patients. PhenoBrain (Mao et al.
2025) designs a workflow for phenotype extraction and dif-
ferential diagnosis, enabling an end-to-end diagnostic pro-
cess based on patients’ electronic health records (EHRs).

Problem Formulation and Datasets
Definition of Rare Disease Tasks
As indicated in Table 1, current medical agent frame-
works typically formulate tasks as multiple-choice ques-
tions or limited-answer problems. However, real-world
clinical scenarios are far more complex. To better simu-
late these conditions, we provide only the patient’s profile
records R and ask the agent to make decisions A based on
the specific task demands (query). For rare disease diagno-
sis and treatment, we define the following task scenarios:

Differential Diagnosis The goal of differential diagnosis
for rare diseases is to identify a specific rare disease by dis-
tinguishing it from other disorders with similar symptoms.
This task focuses on phenotype-based differential diagno-
sis. Specifically, the patient’s profile R is represented as a
set of symptoms ({sn}): R = {s1, s2, . . . , sn | query =
diagnosis}. No candidate disease list is provided, nor is
it explicitly stated that the patient has a rare disease. The
agent relies solely on the symptom information to reason and
predict the most likely diagnoses (e.g., the top 10 potential
diseases): Adiagnosis = {d1, d2, . . . , d10}.

Medication Recommendation This task involves pa-
tients who may have multiple admission visits for extended
medical treatments. During each visit, the patient’s profile R
comprises a sequence of diagnosed diseases ({dj}) and pro-
cedures ({pk}), along with a full set of available medications
M: R = {{di}ji=1; {pi}ki=1;M | query = treatment},
where M can include hundreds of drugs (e.g., |M| = 122).
The objective is to give the optimal combination of medi-

cations to match the patient’s treatment needs (exponential
complexity): Atreatment = {m1,m2, . . . ,ml} ⊂ M.

Datasets
This research uses two publicly available datasets,
RareBench (Chen et al. 2024) and MIMIC-IV (Johnson et al.
2023), for distinct tasks. RareBench is primarily employed
for rare disease differential diagnosis, whereas MIMIC-IV
supports various medical tasks, including medication rec-
ommendation. From MIMIC-IV, we derive MIMIC-IV-Ext-
Rare, a specialized dataset for medication recommendations
tailored to rare disease patients. Detailed statistics for both
datasets are presented in Table 2.

RAREBENCH-PUBLIC RareBench is a multi-center
dataset comprising rare disease patient data from Europe,
China, and Canada. It is specifically designed to evaluate
LLMs’ performance in the rare disease domain (Chen et al.
2024). We utilize 1,197 publicly available cases, each with at
least three symptom codes and corresponding diagnostic in-
formation extracted from electronic health records (EHRs).

MIMIC-IV-EXT-RARE MIMIC-IV (version 3.0) con-
tains EHR data from the Beth Israel Deaconess Medical
Center (BIDMC) in the United States, spanning 2008 to
2022 (Johnson et al. 2023), with disease codes following
ICD-9 and ICD-10 standards. We map these codes to rare
disease identifiers from OMIM1 and Orphanet2, extracting
patients with multiple hospital admissions while exclud-
ing cases with incomplete information. This yields MIMIC-
IV-Ext-Rare, a dataset of 4,760 rare disease patients with
18,522 admission EHRs curated for medication recommen-
dation tasks in rare disease contexts.

Overview of RAREAGENTS
This section introduces the proposed RareAgents frame-
work for rare disease diagnosis and treatment. Figure 2 pro-
vides the overview of the framework, respectively. Given
space limitations, we provide detailed algorithm pseudo-
code, case studies and extensive comparisons in the sup-
plementary material. The RareAgents framework is com-
posed of three core modules: (1) Multi-disciplinary Team
(MDT) Collaboration: The attending physician agent se-
lects the most relevant specialists from a predefined special-

1https://omim.org/
2https://www.orpha.net/
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Figure 2: Overview of the RareAgents: For patients with multiple organ / multiple system abnormalities, the Attending Physi-
cian Agent selects specialists from a predefined pool to form an MDT, which reaches consensus through iterative discussions.
Each physician agent is equipped with: a) Dynamic long-term memory to retrieve and update similar cases or prior records; and
b) Tools to assist in diagnosis or treatment decisions.

ist pool based on the patient’s clinical information to form
an MDT. These special physician agents engage in multiple
rounds of discussion to reach a consensus on the diagno-
sis and treatment plan. (2) Dynamic Long-term Memory:
Each agent, whether the attending physician or a specialist,
maintains a personalized long-term memory. These memo-
ries, built from past consultation processes, serve as dynamic
experience bases that can be retrieved and updated continu-
ously to assist decision-making. (3) Medical Tool Utiliza-
tion: Throughout the reasoning process, all physician agents
can access and utilize online rare disease diagnostic pro-
grams and treatment tools to enhance their decision-making
capabilities.

Multi-disciplinary Team Collaboration
Previous implementations of LLM-based MDTs often have
the LLMs autonomously define the roles and responsibilities
of various specialists (Tang et al. 2024; Kim et al. 2024). In
contrast, our approach mirrors real-world clinical practice
by leveraging specialist departments commonly involved in
rare disease cases (Xie et al. 2023). Under human special-
ist physicians’ guidance, we constructed a Specialist Pool
(SP), which consists of 41 distinct clinical departments.
Detailed definitions are provided in the supplementary ma-
terial. The entire MDT consultation process is divided into
three stages: (i) MDT Formation : The attending physician
agent assembles a patient-centric MDT. (ii) Expert Consen-
sus: Specialist agents within the MDT engage in multi-turn

discussions (up to a maximum of R rounds) to reach a con-
sensus opinion O(R) based on patient’s information R. (iii)
Report Generation: The attending physician agent synthe-
sizes the opinions from all MDT members to generate a final
discussion report DR, where

DR = SUMMARY(

R⋃
r=0

⋃
s∈MDT

O(r)
s (R)). (1)

Dynamic Long-term Memory
In real-world clinical practice, physicians rely on both
personal experience and historical patient records within
the healthcare system for decision-making (Trafton 2018).
Llama 3.1 (Dubey et al. 2024), with its expanded con-
text window from 8K to 128K tokens, provides a signif-
icantly larger capacity for developing long-term memory.
Inspired by these, we design a dynamic long-term mem-
ory mechanism for the physician agents in RareAgents, en-
abling them to store, retrieve, and update memories like hu-
man physicians. Agents can facilitate personalized diagnosis
and treatment based on historical interactions. For diagno-
sis, we use the rare disease patient embeddings (Emb(∗))
from RareBench (Chen et al. 2024) to dynamically retrieve
the top-k most similar cases from the patient database. In
subsequent experiments, we select k = 5. For treatment,
we leverage the longitudinal nature of patient records in the
MIMIC-IV-Ext-Rare dataset, where each patient may have
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Model Diagnosis on RAREBENCH Treatment on MIMIC-IV-RARE

Hit@1 Hit@3 Hit@10 MR↓ Jaccard F1 DDI↓ #MED

Domain-specific SOTA (Diagnosis / Treatment)
Phenomizer / LEAP 0.0844 0.2072 0.3835 >10 0.2959 0.4341 0.0485 5.92
LIRICAL / G-Bert 0.1637 0.2840 0.4152 >10 0.4030 0.5554 0.0751 14.61
BASE IC / SafeDrug 0.2047 0.3434 0.5322 8.0 0.3903 0.5426 0.0733 12.88
Phen2Disease / MoleRec 0.2105 0.3266 0.5129 10.0 0.3975 0.5498 0.0714 12.15
Phenobrain / RAREMed 0.2857 0.4670 0.6341 4.0 0.3800 0.5268 0.0622 8.75

General & Medical LLMs (zero-shot CoT)
GPT-4o 0.4169 0.5815 0.7068 2.0 0.3282 0.4693 0.0907 12.10
GPT-3.5 0.3968 0.5079 0.6007 3.0 0.2277 0.3451 0.0856 8.72
UltraMedical-70B 0.4002 0.5639 0.6424 2.0 0.2606 0.3922 0.0739 13.08
OpenBioLLM-70B 0.3885 0.5388 0.6182 2.0 0.1504 0.2465 0.0615 14.73
UltraMedical-8B 0.3425 0.4294 0.4787 >10 0.1613 0.2549 0.0840 9.14
OpenBioLLM-8B 0.1495 0.1763 0.1997 >10 0.0997 0.1715 0.0519 20.96

o1-like LLMs (zero-shot)
DS-R1-Distill-Llama-70B 0.3509 0.5221 0.6291 3.0 0.2924 0.4267 0.0901 11.87
DS-R1-Distill-Llama-8B 0.3158 0.4511 0.5171 6.0 0.2109 0.3251 0.0803 9.05
Baichuan-M1-14B 0.3175 0.5313 0.6241 3.0 0.2188 0.3381 0.0734 11.36
HuatuoGPT-o1-70B 0.3584 0.5305 0.6232 3.0 0.2536 0.3819 0.0837 10.57

Llama-3.1-8B-Instruct (Medical Agent framework)
Single-Agent 0.3041 0.4578 0.5698 5.0 0.2104 0.3229 0.0951 9.68
MedAgents 0.3734 0.4879 0.5698 4.0 0.2285 0.3505 0.0997 9.60
MDAgents 0.3233 0.4453 0.5271 7.0 0.2311 0.3539 0.0715 10.92
RareAgents (MDT only) 0.3826 0.5013 0.6007 3.0 0.2376 0.3630 0.0957 11.74
RareAgents 0.4511 0.5647 0.7377 2.0 0.3052 0.4475 0.0820 12.98

Llama-3.1-70B-Instruct (Medical Agent framework)
Single-Agent 0.3751 0.5397 0.6658 3.0 0.2543 0.3736 0.0907 10.97
MedAgents 0.4010 0.5163 0.6449 3.0 0.2607 0.3905 0.0974 11.20
MDAgents 0.4042 0.5640 0.6586 2.0 0.2961 0.4349 0.0813 12.41
RareAgents (MDT only) 0.4177 0.5455 0.6800 2.0 0.3089 0.4468 0.0950 13.40
RareAgents 0.5589 0.6867 0.7811 1.0 0.4108 0.5563 0.0796 13.17

Table 3: Integrated benchmarking results. The first block compares domain-specific baselines, where models are listed as “Di-
agnosis Model / Treatment Model” corresponding to the left and right metrics respectively. Bold indicates the best performance,
and underlined indicates the second best across the entire table.

multiple admission records. During the n-th admission, the
physician agent retrieves the patient’s records from the pre-
vious n − 1 visits. Denote MR as the result of dynamic
long-term memory retrieval, where

MRdiagnosis (R) = argmax
Top-K

(Emb(R)) ,

MRtreatment(R(n)) = R(1:n−1) ∪ A(1:n−1)
treatment.

(2)

Medical Tools Utilization
Physicians frequently use various tools to assist decision-
making in clinical practice (Kawamoto et al. 2005). Sim-
ilarly, the physician agents in RareAgents have access to
diagnostic and therapeutic tools to enhance their clinical
reasoning capabilities. Llama 3.1’s built-in tool integration
and function-calling capabilities enable the agents to inter-
act with external environments dynamically (Dubey et al.
2024). In this research, diagnostic tools include Pheno-
mizer (Köhler et al. 2017), LIRICAL (Robinson et al. 2020),
and Phenobrain (Mao et al. 2025), all of which are accessi-
ble via APIs or web interfaces. Therapeutic tools are knowl-

edge bases like DrugBank (for drug information) and DDI-
graph (for drug-drug interaction relationships). Detailed tool
functions are provided in the supplementary material. Let
T = {T1, T2, ...} denote the set of medical tool functions,
and T R represents the aggregated output from the tools’
feedback, where

T R = CONCAT(
⋃

Ti∈T
Ti(R)). (3)

Finally, RareAgents synthesize the results from MDT con-
sensus, dynamic long-term memory, and tools’ feedback to
generate the final decision A:

A = LLM(R,DR,MR, T R). (4)

Experimental Setup and Main Results
Evaluation Metrics

Differential Diagnosis The diagnostic task is evaluated
using two primary metrics: top-k recall (Hit@k, where k=1,
3, 10) and median rank (MR). Hit@k measures diagnostic
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Model Diagnosis on RAREBENCH-PUBLIC Treatment on MIMIC-IV-EXT-RARE

Hit@1 Hit@3 Hit@10MR↓ Jaccard F1 DDI↓ #MED
Llama-3.1-8B-Instruct
w/o MDT 0.4394 (↓ 2.6%) 0.5973 0.7343 2.0 0.2856 0.4244 0.0850 (↑ 3.7%) 12.91
w/o Memory 0.3952 (↓ 12.4%)0.5581 0.6951 3.0 0.2422 0.3689 0.0723 (↓ 11.8%)12.94
w/o Tools 0.4361 (↓ 3.3%) 0.5113 0.7143 3.0 0.2644 0.3951 0.1012 (↑ 23.4%)11.92
RareAgents 0.4511 0.5647 0.7377 2.0 0.3052 0.4475 0.0820 12.98

Llama-3.1-70B-Instruct
w/o MDT 0.5171 (↓ 7.5%) 0.6416 0.7377 1.0 0.3828 0.5292 0.0859 (↑ 7.9%) 13.04
w/o Memory 0.4336 (↓ 22.4%)0.5564 0.6976 2.0 0.3185 0.4584 0.0884 (↑ 11.1%)13.20
w/o Tools 0.5221 (↓ 6.6%) 0.6558 0.7469 1.0 0.3662 0.5090 0.0961 (↑ 20.7%)13.25
RareAgents 0.5589 0.6867 0.7811 1.0 0.4108 0.5563 0.0796 13.17

Table 4: Ablation study results for the impact of each module in RareAgents.

accuracy by checking if the actual disease is among the top-
k predictions, while MR represents the median position of
the correct diagnosis across all cases.

Medication Recommendation The therapeutic task is
assessed with four metrics: Jaccard coefficient (Jaccard), F1-
score (F1), Drug-Drug Interaction rate (DDI), and the aver-
age number of recommended medications (#MED). Jaccard
measures the overlap between the recommended and ground
truth medication sets, normalized by their union. F1 quanti-
fies recommendation precision and recall, with higher values
indicating better performance. DDI reflects the frequency of
potential adverse interactions among recommended drugs,
with lower values indicating safer prescriptions. #MED eval-
uates the consistency between the number of recommended
medications and those prescribed by clinicians. Detailed for-
mulas of metrics are provided in the supplementary material.

Baselines
Domain-specific SOTA models For the differential diag-
nosis task, the domain-specific SOTA models include Phe-
nomizer (Köhler et al. 2017), LIRICAL (Robinson et al.
2020), BASE IC, Phen2Disease (Zhai et al. 2023), and
Phenobrain (Mao et al. 2025). For the medication rec-
ommendation task, we leverage ten models: Logistic Re-
gression (LR), LEAP, RETAIN (Choi et al. 2016), G-
Bert (Shang et al. 2019a), GAMENet (Shang et al. 2019b),
SafeDrug (Yang et al. 2021b), COGNet (Wu et al. 2022),
MICRON (Yang et al. 2021a), MoleRec (Yang et al. 2023),
and RAREMed (Zhao et al. 2024). Notably, these models for
medication recommendation require training on the dataset.
We conduct 5-fold cross-validation based on the number of
patients in MIMIC-IV-Ext-Rare and report the average re-
sults. In each fold, 20% of the data is used as the test set,
while the remaining 80% is split into 80% training and 20%
validation subsets. Supplementary material provides addi-
tional details on these baselines and their configurations.

General and Medical LLMs General LLMs include
GPT-4o and GPT-3.5-turbo-0125. The medical LLMs in-
clude OpenBioLLM and UltraMedical, both fine-tuned on
medical datasets using Llama-3 (8B and 70B). O1-like
LLMs include DeepSeek-R1-Distill-Llama (8B and 70B),
Baichuan-M1-14B, and HuatuoGPT-o1-70B. All of these
models are evaluated in a zero-shot setting with the temper-

ature parameter set to 0. Non-o1-like LLMs utilize Chain-
of-Thought (CoT) (Wei et al. 2022) to enhance reasoning.

Open-Source Medical Multi-Agents For open-source
medical multi-agent frameworks, we select MedA-
gents (Tang et al. 2024) and MDAgents (Kim et al. 2024),
both implemented initially using GPT-4 APIs. We have
adapted them to operate on the local Llama-3.1 models.

Main Results
Table 3 presents the performance of all models on
RareBench-Public for differential diagnosis and MIMIC-IV-
Ext-Rare for medication recommendation.

Differential Diagnosis RareAgents (Llama-3.1-70B)
outperform all baselines across all evaluation metrics. Even
though RareAgents (Llama-3.1-8B) ranks second in some
metrics such as Top-1 Recall (Hit@1), it demonstrates
significant improvements over other medical agent frame-
works. Interestingly, LLMs’ performance already surpasses
that of domain-specific SOTA models. Among the fine-
tuned LLMs, UltraMedical performs better than the base
Llama-3.1, while OpenBioLLM shows a decline in perfor-
mance. This suggests that fine-tuned models may not gener-
alize well to all medical tasks, because their effectiveness is
highly dependent on the fine-tuning data and methods.

Medication Recommendation RareAgents (Llama-3-
70B) achieves the best performance across all metrics ex-
cept for DDI. The dataset’s inherent DDI and average num-
ber of drugs recommended per case (#MED) are 0.0755
and 11.27, respectively. While OpenBioLLM achieves the
lowest DDI rate, it performs poorly in Jaccard and F1. Its
higher #MED indicates a tendency to recommend more ir-
relevant medications. For other metrics, existing LLMs and
multi-agent frameworks remain inferior to the performance
of domain-specific SOTA models trained on the dataset.
Notably, RareAgents demonstrates competitive performance
through a plug-and-play framework.

Analysis and Discussion
Ablation Study
RareAgents consists of three key components: Multi-
disciplinary Team (MDT) collaboration, dynamic long-term
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Figure 3: Agents Number in MDT.

memory, and medical tools utilization. To quantify the con-
tribution of each module, we conduct ablation experiments
by removing one component at a time, with results shown in
Table 4. The findings reveal that removing any single com-
ponent leads to a performance decline to varying degrees.
Among them, when the memory module is removed, the per-
formance drop is most significant. This is attributed to the
complexity of rare diseases. The memory module provides
the necessary context, helping the LLM distinguish rare con-
ditions from more common ones, thus avoiding the pitfalls
of a cold start in reasoning. In the medication recommenda-
tion task, the removal of the tools module results in a signif-
icant increase in DDI rate. This is because drug knowledge
bases deliver specialized pharmacological insights, which
effectively reduce DDI and enhance prescription safety.

Advanced Nature of MDT in RareAgents
To further evaluate the efficacy of MDT within RareAgents,
we conduct experiments isolating the MDT component from
the memory mechanisms and external tools. As reported in
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Table 3, the configuration RareAgents(MDT only) consis-
tently outperforms other medical agents. This result high-
lights not only the robustness of the MDT within RareAgents
but also its pivotal role in navigating the intricate challenges
posed by rare diseases. On average, RareAgents (Llama-3.1-
70B) engage 12.53 specialists for differential diagnosis and
22.22 for medication recommendation. As shown in Fig-
ure 3, MDT performance peaks around these agent numbers.

Moreover, we explore three strategies for assigning spe-
cialist roles: (1) autonomously generated by the LLM (Tang
et al. 2024; Kim et al. 2024), (2) randomly selected from
a predefined specialist pool, and (3) assigned based on the
most relevant departmental expertise. All strategies employ
the same number of specialist agents. Figure 4 demon-
strates that assigning specialists based on departmental rele-
vance consistently outperforms the other two strategies. This
advantage arises from the expert-curated role definitions,
which are grounded in domain-specific knowledge and en-
able deeper contextual understanding.

To evaluate the effectiveness of the dynamic retrieval
mechanism in long-term memory, we compare it with a
baseline that randomly selects the same number of cases.
Using the medication recommendation task as an example
(Figure 5), dynamic memory mechanism significantly out-
performs the baseline, showing that precise contextual rele-
vance matters more than sheer retrieval volume. In contrast,
random retrieval yields limited gains, even with more cases.

Conclusion
This paper presents RareAgents, a patient-centered frame-
work designed to facilitate personalized diagnosis and treat-
ment for rare diseases through the integration of multi-
disciplinary team collaboration, dynamic long-term mem-
ory, and medical tools. As a plug-and-play framework,
RareAgents demonstrates superior performance on Llama-
3.1 (8B and 70B), surpassing domain-specific state-of-the-
art models, general, medical and o1-like LLMs, as well
as medical multi-agent frameworks. Furthermore, we con-
tribute MIMIC-IV-Ext-Rare, a curated rare disease patients
dataset, providing a valuable resource for future research.

107



Acknowledgments
This study was supported by grants from the Na-
tional Science Foundation of China (T2541010), the Na-
tional Key R&D Program of China (2024YFF1207100,
2024YFF1207103), and Beijing National Research Center
for Information Science and Technology (BNRist). The fun-
ders had no roles in study design, data collection and analy-
sis, publication decisions, or manuscript preparation.

References
Achiam, J.; Adler, S.; Agarwal, S.; Ahmad, L.; Akkaya, I.;
Aleman, F. L.; Almeida, D.; Altenschmidt, J.; Altman, S.;
Anadkat, S.; et al. 2023. Gpt-4 technical report. arXiv
preprint arXiv:2303.08774.
Chen, X.; Mao, X.; Guo, Q.; Wang, L.; Zhang, S.; and Chen,
T. 2024. RareBench: Can LLMs Serve as Rare Diseases
Specialists? In Proceedings of the 30th ACM SIGKDD Con-
ference on Knowledge Discovery and Data Mining, 4850–
4861.
Choi, E.; Bahadori, M. T.; Sun, J.; Kulas, J.; Schuetz, A.; and
Stewart, W. 2016. Retain: An interpretable predictive model
for healthcare using reverse time attention mechanism. Ad-
vances in neural information processing systems, 29.
Dubey, A.; Jauhri, A.; Pandey, A.; Kadian, A.; Al-Dahle, A.;
Letman, A.; Mathur, A.; Schelten, A.; Yang, A.; Fan, A.;
et al. 2024. The llama 3 herd of models. arXiv preprint
arXiv:2407.21783.
Fan, Z.; Wei, L.; Tang, J.; Chen, W.; Siyuan, W.; Wei, Z.; and
Huang, F. 2025. Ai hospital: Benchmarking large language
models in a multi-agent medical interaction simulator. In
Proceedings of the 31st International Conference on Com-
putational Linguistics, 10183–10213.
Javed, A.; Agrawal, S.; and Ng, P. C. 2014. Phen-Gen: com-
bining phenotype and genotype to analyze rare disorders.
Nature methods, 11(9): 935–937.
Jin, Q.; Wang, Z.; Yang, Y.; Zhu, Q.; Wright, D.; Huang,
T.; Wilbur, W. J.; He, Z.; Taylor, A.; Chen, Q.; et al. 2024.
AgentMD: Empowering Language Agents for Risk Predic-
tion with Large-Scale Clinical Tool Learning. arXiv preprint
arXiv:2402.13225.
Johnson, A. E.; Bulgarelli, L.; Shen, L.; Gayles, A.; Sham-
mout, A.; Horng, S.; Pollard, T. J.; Hao, S.; Moody, B.; Gow,
B.; et al. 2023. MIMIC-IV, a freely accessible electronic
health record dataset. Scientific data, 10(1): 1.
Johnson, A. E.; Pollard, T. J.; Shen, L.; Lehman, L.-w. H.;
Feng, M.; Ghassemi, M.; Moody, B.; Szolovits, P.; An-
thony Celi, L.; and Mark, R. G. 2016. MIMIC-III, a freely
accessible critical care database. Scientific data, 3(1): 1–9.
Kawamoto, K.; Houlihan, C. A.; Balas, E. A.; and Lobach,
D. F. 2005. Improving clinical practice using clinical deci-
sion support systems: a systematic review of trials to identify
features critical to success. Bmj, 330(7494): 765.
Kim, Y.; Park, C.; Jeong, H.; Chan, Y. S.; Xu, X.; McDuff,
D.; Lee, H.; Ghassemi, M.; Breazeal, C.; and Park, H. W.
2024. MDAgents: An Adaptive Collaboration of LLMs
for Medical Decision-Making. In The Thirty-eighth Annual
Conference on Neural Information Processing Systems.
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