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Abstract
Differential Diagnosis (DDx) is a fundamen-
tal yet complex aspect of clinical decision-
making, in which physicians iteratively refine
a ranked list of possible diseases based on
symptoms, antecedents, and medical knowl-
edge. While recent advances in large language
models (LLMs) have shown promise in sup-
porting DDx, existing approaches face key lim-
itations, including single-dataset evaluations,
isolated optimization of components, unreal-
istic assumptions about complete patient pro-
files, and single-attempt diagnosis. We in-
troduce a Modular Explainable DDx Agent
(MEDDxAgent) framework designed for in-
teractive DDx, where diagnostic reasoning
evolves through iterative learning, rather than
assuming a complete patient profile is acces-
sible. MEDDxAgent integrates three modular
components: (1) an orchestrator (DDxDriver),
(2) a history taking simulator, and (3) two spe-
cialized agents for knowledge retrieval and di-
agnosis strategy. To ensure robust evaluation,
we introduce a comprehensive DDx bench-
mark covering respiratory, skin, and rare dis-
eases. We analyze single-turn diagnostic ap-
proaches and demonstrate the importance of
iterative refinement when patient profiles are
not available at the outset. Our broad evalua-
tion demonstrates that MEDDxAgent achieves
over 10% accuracy improvements in interactive
DDx across both large and small LLMs, while
offering critical explainability into its diagnos-
tic reasoning process.

1 Introduction

Differential Diagnosis (DDx) is a crucial step in
medical decision-making, where doctors systemati-
cally narrow down the most likely diagnosis from
a range of possible diseases (Rhoads et al., 2017).
In real-world clinical practice, DDx is essential
because it accounts for uncertainty in the diagno-
sis (Henderson et al., 2012). It’s also incredibly
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Figure 1: MEDDxAgent facilitates differential diagno-
sis by iteratively narrowing down a patient’s possible
disease. DDxDriver acts as the central orchestrator. It
receives an interactive environment via a simulator (His-
tory Taking) and can access two agents (Knowledge
Retrieval, Diagnosis Strategy).

challenging given the large number of potential
diseases, rapidly evolving medical knowledge, and
the fact that symptoms and antecedents can point
to multiple diseases (Winter et al., 2024). Expert
clinicians rely on pattern recognition and past expe-
rience to narrow down potential diseases. However,
the complexity and variability of real-world clin-
ical presentations have prompted recent research
into computational frameworks that use large lan-
guage models (LLMs) to improve the DDx process
(Fansi Tchango et al., 2022a; Zhou et al., 2024).

Though LLM-based systems have shown
promise in improving diagnostic assistance, exist-
ing methods face several limitations: (1) reliance
on single-dataset evaluations, limiting the gener-
alizability across diverse patient populations and
disease categories (Alam et al., 2023); (2) focus
on optimizing a single diagnostic component (e.g.,
diagnosis strategy only) (McDuff et al., 2023), with-
out an integrated approach to enhance multiple
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phases of the diagnostic process;1 (3) assumption
of complete patient profiles upfront (i.e., with all
symptoms and antecedents) (Wu et al., 2024) and
single-turn paradigm (Zelin et al., 2024), diverg-
ing from the reality that DDx is an investigative
process, requiring follow-up actions to gather in-
formation (Li et al., 2024b); (4) lack of iterative
learning, preventing diagnosis updates over succes-
sive interactions – an essential aspect of real-world
diagnostic decision-making; (5) an over-reliance
on medical QA benchmarks (Zhang et al., 2024)
for medical applications, which do not accurately
reflect the complexities of real-world DDx tasks.

We target these gaps and propose a Modular
Explainable DDx Agent (MEDDxAgent) frame-
work (see Figure 1). It consists of (1) DDxDriver
that acts as the central orchestrator; (2) a history
taking simulator which enables an iterative environ-
ment; and (3) two individual agents – knowledge
retrieval and diagnosis strategy – to support the
diagnostic process. We advance the task of auto-
matic DDx with the following contributions: (i) We
propose a modular, multi-faceted DDx agent frame-
work (MEDDxAgent), integrating a history taking
simulator and two diagnostic agents (knowledge
retrieval, diagnosis strategy), which enables exten-
sible and explainable decision-making processes.
(ii) We introduce an orchestrator (DDxDriver) as
a unified interface, ensuring iterative learning and
interactive optimizations between agents, as well
as monitoring of the decision-making process. (iii)
We build a new DDx benchmark incorporating
three diagnostic sources with different disease cat-
egories: DDxPlus (Fansi Tchango et al., 2022b)
(respiratory), iCRAFT-MD (Li et al., 2024b) (skin),
and RareBench (Chen et al., 2024b) (rare). This
allows for a more comprehensive diagnostic scope
than in existing work. (iv) We evaluate MEDDxA-
gent in a more challenging but realistic scenario –
interactive differential diagnosis, and demonstrate
its effectiveness by achieving over 10% points im-
provements in accuracy (i.e., GTPA@1) for both
large (70B) and small (8B) LLMs. (v) The code is
publicly available.2

2 MEDDxAgent Overview

Our proposed MEDDxAgent framework (see Fig-
ure 1 and a detailed version in Figure 2) com-

1The DDx process typically involves three key compo-
nents: history taking, knowledge retrieval, and diagnosis strat-
egy (Cook and Décary, 2020; Kavanagh et al., 2024).

2https://github.com/nec-research/meddxagent

prises a central orchestrator (DDxDriver), a his-
tory taking simulator, and two specialized diag-
nostic agents dedicated to knowledge retrieval and
diagnosis strategy. Both the simulator and diag-
nostic agents communicate exclusively with the
DDxDriver, which monitors, stores, maintains, and
updates patient information and ranked differen-
tial diagnoses. This central role also positions the
DDxDriver to coordinate an iterative feedback loop,
wherein observations from each agent are leveraged
to enhance and refine subsequent agent calls with
agent instructions. In the following, we introduce
the design of simulator (§ 2.1), agents (§ 2.2), or-
chestrator (DDxDriver) (§ 2.3), and iterative learn-
ing mechanism (§ 2.4).

2.1 Simulator
History taking is a critical first step in differential
diagnosis, where clinicians gather essential infor-
mation by asking patients questions about their
symptoms, medical history, and lifestyle factors.
In real-world clinical settings, a full patient profile
is rarely available at the outset (Li et al., 2024b) –
doctors typically start with only partial information
(e.g., age, gender, chief complaint). The process of
interactive DDx allows clinicians to gather more
patient information and refine their diagnostic hy-
potheses before making a follow-up decision.

To simulate such an interactive environment, we
introduce a history taking simulator. We initialize
the simulator with two LLMs (Wu et al., 2023) in
our experiments. The first LLM simulates the pa-
tient and receives access to the full patient profile.
The second LLM simulates the doctor and receives
an initial patient profile and optionally a set of
conversational goals defined by DDxDriver (ac-
tion). During the interactions, the doctor role asks
questions relevant to the diagnosis process, and the
patient role provides answers based on its patient
profile. The interaction continues until either the
conversational goals are achieved or a predefined
stopping criterion (e.g., maximum number of ques-
tions) is reached. Once the conversation concludes,
the dialogue history is forwarded to DDxDriver.

2.2 Agents
Knowledge Retrieval Agent. This agent aids the
diagnostic process by retrieving relevant medical
knowledge from external sources, such as scientific
literature, medical databases, and clinical guide-
lines. This is particularly critical for diagnosing
rare or complex conditions where external knowl-
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Figure 2: The architecture of the MEDDxAgent framework. MEDDxAgent unifies a central orchestrator (DDx-
Driver), a simulator (History Taking) and two agents (Knowledge Retrieval, Diagnosis Strategy). The framework
follows the ReAct (Yao et al., 2023) paradigm (thought, action, observation), enabling sequential reasoning and
action steps with transparent logging of all interactions through the iterative learning process.

edge (as compared to internal knowledge learned
by LLMs’ training data) is required to enhance
clinical reasoning with validated information.

Upon activation, the agent receives a search
query formulated by DDxDriver, based on the cur-
rent patient profile and provisional DDx list. It
extracts the key medical concepts from the query
as structured keywords, then conducts a targeted
search in external databases. We consider two pri-
mary sources: Wikipedia and PubMed3, with the
former providing concise summaries of top-ranked
pages, while the latter retrieves abstracts of full-
access articles. The retrieved knowledge is syn-
thesized into an evidence-based summary, which
ensures that the diagnostic reasoning process has
access to up-to-date, relevant medical knowledge.

Diagnosis Strategy Agent. This agent is respon-
sible for generating, refining, and ranking possible
diagnoses based on the information prepared by
DDxDriver. There are two distinct modes that can
be chosen for the diagnosis strategy agent. First,
in the zero-shot setting, the LLM predicts the most
probable diagnoses solely based on the current pa-
tient. This approach is straightforward but may
have limited accuracy for complex or rare condi-
tions. Second, in the few-shot setting, the diagnosis

3https://pubmed.ncbi.nlm.nih.gov/

strategy agent utilizes additional patient cases to
guide its predictions, enabling more context-aware
diagnostic reasoning. We explore two variations.
First, in a standard few-shot approach, a fixed set
of patient examples are selected as references and
provided to the model alongside the current patient
profile. Second, the dynamic few-shot approach
improves upon this by selecting reference cases
based on similarity metrics, ensuring that the most
relevant patients are included. Patient similarity is
determined using embedding-based retrieval, with
two embeddings (i.e., BioClinicalBERT (Alsentzer
et al., 2019), BGE (Xiao et al., 2024)) evaluated to
match patients with similar profiles.

We also integrate Chain-of-Thought (CoT) rea-
soning (Wei et al., 2022), guiding the model to ex-
plicitly reason through intermediate clinical steps
before predicting a diagnosis. CoT can be com-
bined with both standard and dynamic few-shot ap-
proaches, with a stepwise rationale for each diagno-
sis. Inspired by MedPrompt (Nori et al., 2023b), we
extend CoT by incorporating structured, example-
driven reasoning, where each reference case in-
cludes both a diagnosis and an associated CoT
explanation. The integration of CoT enables the
system to better handle complex cases with diag-
nostic uncertainty, such as specific skin diseases in
iCRAFT-MD which share common symptoms.
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Once the model completes the diagnostic infer-
ence, the ranked list of differential diagnoses is
returned to DDxDriver, which further refines or fi-
nalizes the diagnosis through iterative updates. By
distinguishing between zero-shot and few-shot in-
ference strategies, plus dynamic adaptation through
embeddings and reasoning techniques, the diagno-
sis strategy agent aims to enhance both accuracy
and generalizability.

2.3 Orchestrator

Inspired by the concept of a unified interface layer
from previous work (Gioacchini et al., 2024), we
introduce DDxDriver as the central coordination
hub in the MEDDxAgent framework (Figure 1).
DDxDriver enables modular compatibility between
the diagnostic agents and benchmark datasets, with
minimal adaptation efforts. DDxDriver uses the Re-
Act paradigm (Yao et al., 2023) – which combines
step-by-step reasoning (thought) with decision-
making (action) and feedback processing (obser-
vation). At each step, DDxDriver obtains the in-
formation from the environment (input/output) and
the results from the previous state of the simulator
and agents (observation, if it exists), then reasons
about the current state of evidence (thought) and
generates agent-specific instructions (action) based
on the current state of the patient profile. It dis-
patches these instructions to the selected simula-
tor/agent, executes, and then updates the patient
profile with newly obtained information (action).
Beyond execution management, DDxDriver serves
four primary functions. First, it manages the pa-
tient profile, storing and maintaining all relevant
clinical information, including demographics, med-
ical history, symptoms, and evolving diagnostic
rankings. Second, it schedules and dispatches diag-
nostic actions, dynamically determining which sim-
ulator/agent to invoke next based on the evolving
diagnostic context. Third, it ensures traceability by
logging all interactions, including inputs, outputs,
and intermediate reasoning steps, thereby provid-
ing transparency in the decision-making process.
Finally, it enforces stopping criteria by monitoring
diagnostic convergence and applying configurable
thresholds, such as the number of iterations or the
stabilization of ranked diagnoses.

2.4 Iterative Learning Mechanism

Diagnoses in the real world are rarely made in a
single step. They are refined through multiple in-
teractions with patients, clinical data, and external

knowledge. To mirror this process, the iterative
learning mechanism is designed to avoid relying
on any single diagnostic agent or static decision
process. We implement two settings: (i) fixed iter-
ation, and (ii) dynamic iteration. Fixed iteration
cycles through the history taking simulator, knowl-
edge retrieval agent, and diagnosis strategy agent
in order until the predefined stopping criterion is
met (e.g., n iterations). In contrast, the dynamic
iteration process lifts constraints on the predeter-
mined execution order, allowing the DDxDriver to
adapt dynamically during the differential diagnosis
process. After each observation, the DDxDriver
reasons about which component – history taking
simulator, knowledge retrieval agent, or diagnosis
strategy agent – to call next based on up-to-date
observations (i.e. updated patient profile, medi-
cal documents, predicted DDx). For instance, if
the current diagnosis indicates a rare condition for
which it needs clarifying details, the system may
invoke the knowledge retrieval agent to search for
specialized information. Similarly, if the retrieved
knowledge introduces ambiguity, the system may
loop back to the history taking simulator to clarify
new symptoms or risk factors. This allows for flex-
ible decision-making, opening up the opportunity
for the diagnostic process to dynamically adjust as
new information becomes available. The iterative
learning mechanism allows MEDDxAgent to con-
tinuously refine diagnosis while offering transpar-
ent insights into its reasoning process. A detailed
workflow example is illustrated in Figure 3.

3 Experimental Setup

3.1 DDx Benchmark

We introduce a comprehensive DDx benchmark
integrating three datasets – DDxPlus, iCraft-MD,
and RareBench, covering respiratory, skin, and
rare diseases for a robust assessment of diagnos-
tic performance. This addresses limitations of
prior work, which often relies on a single dataset
and single-turn evaluation for differential diagno-
sis. DDxPlus (Fansi Tchango et al., 2022b) pro-
vides a large-scale, structured dataset with 1.3 mil-
lion synthetic respiratory patient cases across 49
respiratory-related pathologies. iCraft-MD (Li
et al., 2024b) includes 394 skin diseases, adapting
static dermatological clinical vignettes (from orig-
inal Craft-MD dataset (Johri et al., 2024, 2025))
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Initial Patient Profile:
Sex: Female, Age: 9, Chief complaint: shortness of breath

DDxOptions: [LIST_OF_ALL_POSSIBLE_DIAGNOSES]

Conversation Goals 

1. Can you describe when the 
shortness of breath started?
2. Have you experienced any 
other symptoms? 
…

Doctor: Can you describe when the 
shortness of breath started and if it has 
been getting worse?
Patient: It started a few days ago, and it 
seems to be getting worse.
Doctor: Have you experienced any other 
symptoms along with shortness of breath?
Patient: Yes, I have a whooping cough.
…

Input Search

Search about the following diseases: 
Whooping cough symptoms, 
Bronchiolitis symptoms, 
Bronchospasm symptoms. […] 
based on the patient's profile:

[UPDATED_PATIENT_PROFILE].

**Whooping Cough (Pertussis)**
Whooping cough, caused by *Bordetella pertussis*, […]

**Bronchiolitis**
[…]

**Bronchospasm**
[…]

Diagnosis Instructions

1. **Add Whooping cough**: The patient has whooping cough, […]
2. **Add Bronchospasm / acute asthma exacerbation**: […]
3. **Add Bronchiolitis**: […].
...

…

1. Whooping cough ❌
2. Croup 
3. Bronchospasm / acute asthma 
exacerbation ❌
…
10. URTI ❌

Ite
r 1

1. Croup
2. Whooping cough ❌
3. Bronchiolitis ❌
…

10. Epiglottitis ❌

Ite
r n…

Action: HistoryTaking(task=define the 
goals, conversation with max 5 turns)

Updated Patient Profile:
- Sex: Female, Age: 9, Chief Complaint: shortness of breath
- Shortness of breath, started a few days ago and is getting worse
- Whooping cough

Action: PatientProfile(task=update patient profile)

Action: KnowledgeRetrieval
(task=find 3 keywords and search PubMed)

Relevant Patient Examples:

Action: DiagnosisStrategy(task=define the diagnosis instruction, 
find relevant patient examples)

Action: DDx(task=return ranked DDx)

?

Patient (1): Female, 4 years old
- I am experiencing shortness of breath or 
difficulty breathing in a significant way.
- The person has a whooping cough.
…
DDx: Croup

Patient (n): Female, 41 years old
- Nasal congestion for two weeks
- Cough
- History of allergies
…
DDx: Allergic sinusitis

✅
✅

…

Figure 3: An illustrated DDxPlus (Fansi Tchango et al., 2022b) example with the MEDDxAgent framework.
Given the initial patient profile and list of diagnosis options, DDxDriver determines the goals and actions for the
simulator (History Taking) and agents (Knowledge Retrieval, Diagnosis Strategy), updating the patient profile,
and returning the ranked DDx. Each step is logged for transparency, enabling iterative refinement and learning.

into an interactive setting4 – the system is only
provided with partial patient information and is
expected to proactively ask questions and gather
information. RareBench (Chen et al., 2024b) ex-
pands DDxPlus with 421 rare diseases. We select
three subsets from RareBench – RAMEDIS (Eu-
rope), MME (Canada), and PUMCH (China) – to
ensure diversity in regional representation.

To enable a consistent evaluation across datasets,
we standardize each dataset into a structured for-
mat: (i) optional initial patient information (e.g.,
age, sex, chief complaint); (ii) full patient profile
(complete list of symptoms and antecedents); and
(iii) full set of possible diseases for differential di-
agnosis. This refinement enhances diagnostic con-
sistency and supports the evaluation of interactive
DDx. We sample 100 patients from each dataset at
a fixed random seed, due to the cost of experiments
and excessive time for reasoning steps. Detailed
dataset statistics are in Appendix A.

3.2 Evaluation Metrics

To evaluate diagnostic performance, we employ
three metrics. First, we compute the average rank
of the correct disease, which represents the model’s

4Interactive DDx is a more complex information-seeking
setup, since in the real world the full patient profile might not
be accessible initially.

ability to position the correct diagnosis closer to
the top. If the diagnosis does not appear in the
top-10 position, we assign a rank of 11. Second,
we use GTPA@k (Ground Truth Pathology Accu-
racy) (Fansi Tchango et al., 2022b), which mea-
sures whether the ground truth diagnosis appears
within the top-k predicted diagnoses. Third, we
introduce a new metric suitable for the iterative set-
ting: average progress rate (∆ Progress). Inspired
by AgentQuest (Gioacchini et al., 2024), it tracks
changes in rank r of the ground truth pathology in
the differential diagnosis. For each patient case i,
we average the progress in rank (ri,t − ri,t+1) over
N iterations of differential diagnosis, then aggre-
gate over M patients. This metric quantifies how
effectively the system refines and converges on the
correct diagnosis over successive iterations:

∆Progress =
1

M

M∑

i=1

(
1

Ni − 1

Ni−1∑

t=1

(
ri,t − ri,t+1

))

3.3 Models and Tasks
We evaluate on GPT-4o (version: 2024-11-
20) (Hurst et al., 2024), Llama3.1-70B and
Llama3.1-8B (Dubey et al., 2024) across all tasks,
ensuring a comparison of LLMs at varying scales.
Our experiments are conducted in two setups: (1)
optimizing individual agents; and (2) interactive
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differential diagnosis. In the first task, we evaluate
the two agents (knowledge retrieval, diagnosis strat-
egy) in a single-turn setting. This allows us to iso-
late the effectiveness of the reasoning mechanisms
without the confounding factor of incomplete in-
formation. In the second task, we assess MEDDx-
Agent’s performance at interactive DDx, compar-
ing it against the single-turn diagnostic agents and
history taking simulator. Interactive differential
diagnosis, as suggested by Li et al. (2024b), is a
challenging yet realistic scenario, where only initial
patient information is available – without a com-
plete list of symptoms and antecedents. This setup
highlights how limited information constrains the
single-turn setting (i.e., no iteration), compared to
MEDDxAgent’s iterative interactions, which refine
and enhance the diagnostic process.

3.4 Hyperparameters and Optimization
For the knowledge retrieval agent, we limit
searches to a maximum of three medical keywords
per query. Wikipedia is used as an open-access re-
source, while PubMed retrieval is restricted to full-
text articles from commercially licensed sources,5

ensuring that retrieved information is clinically vali-
dated and relevant to the diagnostic task. For the di-
agnosis strategy agent, we take 5 examples for few-
shot learning. For dynamic few-shot, we use Bio-
ClinicalBERT (BERT) (Alsentzer et al., 2019) and
BGE-BASE-EN-V1.5 (BAII) (Xiao et al., 2024) em-
beddings, based on the structure proposed by Wu
et al. (2024). Specifically, it uses L2 distance on
normalized embeddings, a similar setting to cosine
similarity. With the history taking simulator, we
create an iterative environment, which we evalu-
ate at 5, 10, and 15 maximum questions. This is
based on prior clinical studies that indicate physi-
cians typically ask fewer than 15 questions per
consultation (Ely et al., 1999). This ensures that
our model operates within a realistic range, cap-
turing essential patient details without excessive
interaction. To evaluate MEDDxAgent’s iterative
learning, we select the optimized history taking
simulator and diagnostic agents and experiment on
interactive DDx. Our setup is inspired by previous
work (Johri et al., 2025), which demonstrates that
updating the patient profile with new history-taking
dialogue significantly enhances performance. We
experiment with 1 to 3 iterations, with 5 questions
per iteration. This aligns with the history-taking

5We use MediaWiki API: https://en.wikipedia.org/
w/api.php and BIOPYTHON https://biopython.org/.

simulator setting (5 questions per iteration, max
15 for 3 iterations). Additionally, we set the DDx-
Driver’s instruction for each agent and simulator to
a list of length 10.

4 Evaluation Results

We experiment on two configurations: (1) optimiz-
ing individual agents (§ 4.1), by determining the
best settings for knowledge retrieval and diagno-
sis strategy agents; and (2) interactive differential
diagnosis (§ 2.4), where the optimized agents are
used to assess MEDDxAgent’s performance in the
interactive DDx setup.

4.1 Optimizing Individual Agents
We first explore the optimal single-turn configu-
ration for the knowledge retrieval and diagnosis
strategy agents, before integrating them into the
iterative setup. For this, we provide the full patient
profile as in previous work (Wu et al., 2024; Chen
et al., 2024b), and present the results in Table 1. For
the knowledge retrieval agent, PubMed performs
slightly better overall than Wikipedia, especially
for Rarebench, which demands more complex dis-
ease information. For the diagnosis strategy agent,
the best setting varies by dataset. Namely, dynamic
few-shot with BAII embeddings performs the best
on DDxPlus and RareBench, where relevant patient
examples offer reliable contextual cues to likely dis-
eases. In contrast, iCraft-MD benefits more from
zero-shot CoT, which enables structured reasoning
through complex clinical vignettes. Few-shot learn-
ing often decreases performance for iCraft-MD
because each patient vignette is distinct, so addi-
tional examples can introduce noise. Based on the
above findings, we select the following configura-
tions for the iterative scenario:6 PubMed for knowl-
edge retrieval agent; few-shot (dynamic BAII) for
DDxPlus and RareBench, and zero-shot (CoT) for
iCraft-MD for diagnosis strategy agent.

4.2 Interactive Differential Diagnosis
We now evaluate the more challenging task of in-
teractive DDx, where we begin with limited patient
information and the history taking simulator en-
ables the interactive environment (Table 2). The
process is initialized with the number of turns n of
the history taking simulator, coupled with either (a)
knowledge retrieval agent only (KR), (b) diagno-
sis strategy agent only (DS), or (c) MEDDxAgent

6We do not run all possible settings in the interactive envi-
ronment due to cost reasons.

13808

https://en.wikipedia.org/w/api.php
https://en.wikipedia.org/w/api.php
https://biopython.org/


DDxPlus iCraft-MD RareBench

GTPA@1 ↑ GTPA@5 ↑ Avg Rank ↓ GTPA@1 ↑ GTPA@5 ↑ Avg Rank ↓ GTPA@1 ↑ GTPA@5 ↑ Avg Rank ↓

GPT-4o

Retrieval (PubMed) 0.69 0.90 2.27 0.68 0.79 3.23 0.45 0.72 3.92
Retrieval (Wiki) 0.69 0.90 2.24 0.69 0.79 3.22 0.45 0.74 4.00

Zero-shot (Standard) 0.69 0.90 2.21 0.68 0.77 3.37 0.46 0.72 3.99
Zero-shot (CoT) 0.71 0.92 2.10 0.68 0.77 3.35 0.47 0.69 4.02

Few-shot (Standard, Dyn_BAII)‡ 0.96 1.00 1.06 0.62 0.72 3.85 0.79 0.91 2.03
Few-shot (CoT, Dyn_BERT) 0.96 1.00 1.05 0.64 0.73 3.68 0.81 0.91 2.04
Few-shot (CoT, Dyn_BAII) 0.97 1.00 1.03 0.60 0.70 4.00 0.82 0.88 2.11

Table 1: Results in the non-interactive setting for the knowledge retrieval agent (upper) and the diagnosis strategy
agent (bottom). ‡ Only Few-shot (Standard, Dyn_BAII) results are recorded, since the method is consistently better
than Dyn_BERT. All models exhibit similar trends. To give a more concise overview, we only report GPT-4o here.
The full set of results can be found in Table 7 in Appendix.

DDxPlus iCraft-MD RareBench

GTPA@1 ↑ Avg Rank ↓ ∆ Progress GTPA@1 ↑ Avg Rank ↓ ∆ Progress GTPA@1 ↑ Avg Rank ↓ ∆ Progress

GPT-4o

KR (n=0) 0.18 7.33 - 0.15 8.27 - 0.07 9.07 -
DS (n=0) 0.27 6.01 - 0.18 7.87 - 0.11 8.38 -
KR (n=5) 0.52 3.32 - 0.49 5.36 - 0.40 5.27 -
DS (n=5) 0.72 2.14 - 0.40 5.55 - 0.50 4.94 -

MEDDx (iter=1, n=5) 0.74 1.91 0.00 0.52 4.93 0.00 0.51 4.37 0.00
MEDDx (iter=2, n=10) 0.78 1.56 +0.32 0.54 4.71 +0.26 0.56 4.10 +0.13
MEDDx (iter=3, n=15) 0.86 1.29 +0.32 0.54 4.80 +0.17 0.50 4.09 +0.16

Llama3.1-70B

KR (n=0) 0.19 7.58 - 0.13 8.19 - 0.09 9.13 -
DS (n=0) 0.17 7.28 - 0.11 8.74 - 0.20 6.81 -
KR (n=5) 0.39 5.03 - 0.34 6.86 - 0.29 5.86 -
DS (n=5) 0.50 2.89 - 0.24 7.33 - 0.23 5.77 -

MEDDx (iter=1, n=5) 0.61 2.91 0.00 0.29 7.05 0.00 0.39 5.05 0.00
MEDDx (iter=2, n=10) 0.71 2.20 +0.41 0.37 6.26 +0.07 0.48 4.48 +0.75
MEDDx (iter=3, n=15) 0.68 2.30 +0.17 0.42 6.31 +0.26 0.48 4.30 +0.44

Llama3.1-8B

KR (n=0) 0.20 7.49 - 0.11 8.86 - 0.11 8.58 -
DS (n=0) 0.16 8.45 - 0.03 10.37 - 0.04 8.52 -
KR (n=5) 0.21 7.42 - 0.09 9.48 - 0.04 9.69 -
DS (n=5) 0.23 5.77 - 0.03 10.08 - 0.06 8.64 -

MEDDx (iter=1, n=5) 0.34 5.25 0.00 0.11 9.38 0.00 0.08 8.47 0.00
MEDDx (iter=2, n=10) 0.56 3.59 +1.73 0.14 9.22 +0.22 0.09 8.11 +0.44
MEDDx (iter=3, n=15) 0.58 3.10 +1.23 0.12 9.07 +0.17 0.07 8.56 +0.38

Table 2: Interactive experiment performance across 3 datasets without full patient profile, with KR: knowledge
retrieval agent; DS: diagnosis strategy agent; n is the number of turns of the simulator; MEDDx uses KR+DS.

with both knowledge retrieval and diagnosis agents
(MEDDx). At n = 0, the simulator has not yet
learned any patient information, and performance
drops significantly from observing the full patient
profile (Table 1). For GPT-4o in RareBench, the
knowledge retrieval agent (KR)’s GTPA@1 drops
from 0.45 to 0.07. Similarly, the diagnosis strat-
egy agent (DS) drops from 0.46 (zero-shot) to 0.11.
This simple baseline showcases that previous eval-
uations do not hold well in the interactive setup
with initially limited patient information. Already
for n = 5, we find a large boost in performance
for both KR and DS. These findings emphasize
the importance of history taking for diagnostic
precision. We illustrate the trend for changing n
in Figure 4 and find that gains also plateau around
n=10-15 questions, reinforcing the optimal balance

between information gathering and diagnostic effi-
ciency (Ely et al., 1999).

Finally, we run MEDDxAgent, which calls
KR+DS in the fixed iteration pipeline (§ 2.4).
MEDDxAgent exhibits clear improvements over
the KR and DS baselines for n = 5, supporting
our hypothesis that all three modules are important
for interactive DDx. It also improves significantly
over the history taking baselines, as we illustrate in
Figure 4. MEDDxAgent is also capable of improv-
ing upon the zero-shot setting with the full patient
profile (Table 1). For DDxPlus, GTPA@1 for GPT-
4o and Llama3.1-70B rise from 0.69 to 0.86 and
from 0.54 to 0.71, respectively. For Llama3.1-8B,
the trend continues for DDxPlus but inconsistently
for iCraft-MD and RareBench, highlighting the im-
portance of model scale. Notably, MEDDxAgent
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Figure 4: Results of DDxPlus compared between (a) history taking simulator, and (b) MEDDxAgent, over the
number of questions and iterations. For brevity, the results of iCraft-MD and RareBench are in Appendix C.

improves over successive iterations, though the op-
timal number of iterations (2, 3) depends on the
dataset and LLM. The values of ∆ are consistently
positive, indicating that MEDDxAgent iteratively
increases the rank of the ground-truth diagnosis
over time. ∆ Progress also varies by dataset and
model, offering explainable insight to the diagno-
sistic improvement of MEDDxAgent. The overall
results show that MEDDxAgent can operate well in
the challenging, realistic setup of interactive DDx.
Additionally, MEDDxAgent logs all intermediate
reasoning, action, and observations, providing crit-
ical insight into its DDx process (Figure 3).

5 Analysis

Fixed vs. Dynamic Iterations. A key feature of
MEDDxAgent is its iterative DDx process, which
operates in fixed or dynamic iteration. Our exper-
iments (see Table 8 in Appendix) show that fixed
iteration consistently outperforms dynamic itera-
tion in both accuracy and system efficiency.7 Fixed
iteration ensures a structured sequence where all
modules – history taking simulator, knowledge re-
trieval agent, and diagnosis strategy agent, are uti-
lized in each cycle, preventing over-reliance on a
single component. In contrast, dynamic iteration,
which allows DDxDriver to choose the component
at each step, introduces some suboptimal decision-
making. We observe that Llama3.1-* models, for
instance, frequently favor the history taking simu-
lator rather than leveraging the knowledge retrieval
or diagnosis strategy agents, leading to redundant
questioning rather than efficient diagnostic reason-
ing. Despite this, our findings demonstrate the
general applicability of MEDDxAgent for dynamic

7On average, fixed iteration is 1.2x-1.7x faster than dy-
namic iteration.

iteration and highlight future work toward optimiz-
ing dynamic iteration for interactive DDx.

Error Analysis. To better understand the strug-
gles of MEDDxAgent, we conduct error analysis
on cases where it failed to reach the correct di-
agnosis efficiently. We emphasize that our MED-
DxAgent’s logging of intermediate logic greatly
enhances our understanding and explanations of
failure cases. First, in RareBench, over-reliance
on few-shot examples often misprioritizes frequent
conditions over rarer diseases, as some rare condi-
tions are underrepresented in knowledge retrieval
databases. Second, in the first iteration, MEDDx-
Agent tends to prioritize the knowledge retrieval
while overlooking few-shot patient examples with
similar profiles. This is then mitigated when fur-
ther iterations help to refine and enhance the DDx
process. Third, larger models (GPT-4o, Llama3.1-
70B) benefit more from iterative refinement, while
smaller models (Llama3.1-8B) plateau after the
second iteration, especially for iCraft-MD and
RareBench. Fourth, recent studies have shown that
domain-specific medical LLMs often underperform
general-purpose models in diagnostic tasks (Nori
et al., 2023b,a; Maharjan et al., 2024). We hypoth-
esize this occurs because such models are typically
fine-tuned on specific tasks or disease specialities,
limiting their general instruction-following capabil-
ity and diagnostic accuracy. Our experiments con-
firm this hypothesis, demonstrating that medical
LLMs fine-tuned on tasks such as QA and open-
ended medical chat (Zhang et al., 2024) perform
worse than general LLMs of similar sizes (see Ap-
pendix D). Addressing these challenges can further
enhance MEDDxAgent’s diagnostic accuracy.
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6 Related Work

6.1 LLM-based Methods

Researchers have studied the capabilities of LLMs
for automatic diagnosis (Mizuta et al., 2024). One
line of work has found that the performance of
LLMs is comparable to the performance of physi-
cians (Hirosawa et al., 2023; Rutledge, 2024), or
that the performance of the physicians themselves
is improved when they use LLMs (Ten Berg et al.,
2024). However, researchers have also observed
that LLMs struggle to perform this task when ap-
plied on rarer diseases or on more unusual cases
(Fabre et al., 2024; Shikino et al., 2024). For this
reason we assemble a benchmark that measures
performance for different rarity levels.

Many of the current methods are typically tar-
geting either automatic standard diagnosis or auto-
matic differential diagnosis in an end-to-end man-
ner. For example, there are methods that use Chain-
of-Thought strategies (Wu et al., 2023; Savage
et al., 2024; Nachane et al., 2024), reinformcement
learning (Fansi Tchango et al., 2022a), fine-tuning
LLMs (Alam et al., 2023; Saab et al., 2024; Reese
et al., 2024), preranking-reranking methods (Sun
et al., 2024) or specifically trained neural networks
(Liu et al., 2020; Hwang et al., 2022). Such LLM-
based methods do not allow for modularity, posing
difficulties for integrating specific modules that
solve sub-problems within the diagnosis process.

6.2 Agent-based Methods

Recent work has shifted from standalone LLMs to
multi-agent frameworks, enhancing efficiency by
enabling external tools, assigning specialized roles
to each agent to accomplish complex tasks more
efficiently. In medical applications, agent-based
methods streamline clinical workflows to improve
diagnostic accuracy. KG4Diagnosis (Zuo et al.,
2024) integrated LLMs with knowledge graphs
(KGs) for medical diagnosis. However, its static
KG dependence makes expanding diagnoses for
rare diseases difficult, and the lack of iterative re-
finement limits adaptability to evolving clinical
cases. Wu et al. (2024) presented StreamBench
to evaluate the continuous improvement of LLM
agents in streaming environments via simulated
feedback. However, it evaluates on full patient pro-
files and a single DDx dataset, limiting its general-
izability. Among recent advances, multi-turn diag-
nostic frameworks such as CoD (Chen et al., 2024a)
and MediQ (Li et al., 2024b) have placed particular

emphasis on modeling the history-taking process
through iterative dialogue. In these systems, agents
engage in multi-turn interactions to simulate how
clinicians gather patient history: asking follow-up
questions and incrementally collecting information
needed for differential diagnosis. The focus on it-
erative, dialogue-based history taking brings agent-
based systems closer to real-world clinical reason-
ing, where uncertainty is managed through succes-
sive inquiry and response. Other frameworks, such
as AMIE (Tu et al., 2024), AMSC (Wang et al.,
2024), AgentHospital (Li et al., 2024a), MedA-
gents (Tang et al., 2024) and MedAgentBench
(Jiang et al., 2025), address different aspects of
clinical interactions. However, these approaches
suffer from (i) lack of iterative refinement, relying
on single-turn reasoning; (ii) limited evaluation,
focusing on a single dataset or a single diagnostic
component, limiting diagnostic generalization; (iii)
assuming full patient profiles as the input, which
does not reflect real-world interactive differential
diagnosis in which clinicians collect information
iteratively. We address these aspects in our work,
proposing a more challenging interactive setting
and a modular, iterative agent framework.

7 Conclusions

Existing approaches to automatic differential di-
agnosis rely on single-dataset evaluations, assume
fully observed patient profiles, focus on optimiz-
ing isolated diagnostic components, or diagnose in
a single attempt. We introduce MEDDxAgent, a
modular and explainable framework that enhances
automatic differential diagnosis through iterative
learning. MEDDxAgent integrates a history taking
simulator, two agents (knowledge retrieval, diagno-
sis strategy), and an orchestrator (DDxDriver) to
tackle the more challenging and realistic scenario
of interactive differential diagnosis, where patient
profiles are initially incomplete. Its modular design
enables systematic evaluation of optimal agent con-
figurations, while intermediate logging and a novel
average progress rate metric provide critical trans-
parency into its reasoning process. Experimental
results demonstrate that interactive differential di-
agnosis is significantly more challenging, allowing
MEDDxAgent to iteratively refine predictions and
outperform simpler, single-turn approaches. We
hope this framework fosters continued progress in
developing more adaptive and effective models for
automatic differential diagnosis.
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Limitations

While our proposed MEDDxAgent framework ad-
vances the task of automatic differential diagnosis
through a modular, explainable, and interactive ap-
proach, we acknowledge certain limitations. (1)
Model Selection: Our evaluation focuses on Llama
models (8B and 70B) and GPT-4o. These models
demonstrate strong instruction-following capabil-
ities, so findings may not generalize to all LLM
architectures. We also evaluate state-of-the-art
medical-domain LLMs (Zhang et al., 2024) but find
that these instruction-tuned models underperform
the general-purpose LLMs (e.g., Llama3.1 (Dubey
et al., 2024)), likely due to diverse instruction-
following behavior. Further exploration is needed
for models with different architectures, training
paradigms, or domain adaptations. (2) Language
Coverage: our framework is evaluated primarily on
an English DDx benchmark, limiting its applicabil-
ity to non-English-speaking regions, where medi-
cal terminology, case presentations, and healthcare
practices may differ significantly. Extending the
framework for multilingual and cross-lingual diag-
nostic tasks remains an important direction (Qiu
et al., 2024; García-Ferrero et al., 2024). (3) Multi-
modality: Medical information often relies on mul-
timodal data, such as medical imaging and videos,
laboratory tests, electronic health records, and ge-
nomic/pathology data. Our DDx Benchmark is
soley text-based, which limits the scope of its appli-
cability to clinical decision making. Future work
should explore multimodal agentic frameworks
(Schmidgall et al., 2024; Kim et al., 2024) and rea-
soning over multimodal sequential data (Rose et al.,
2023; Himakunthala et al., 2023; Zhu et al., 2024).
(4) Benchmark Dataset Selection: We introduce a
DDx benchmark encompassing respiratory, skin,
and rare diseases. Though our benchmark offers
greater diversity than prior work, it does not cover
all medical specialties or real-world patient distribu-
tions. Expanding datasets to reflect a wider range
of diseases, demographics, and clinical settings
would improve generalizability. (5) MEDDxAgent
requires significant communication among compo-
nents and tools (i.e., DDxDriver, agents, patient
profiles, web search, ...), allowing higher latency

and computational cost for more thorough reason-
ing and improved diagnostic accuracy. Future de-
ployments could reduce latency through strategies
like parallelism, caching, memory optimization,
model selection, and prompt engineering. (6) Train-
ing and Deployment: Although MEDDxAgent pro-
vides all intermediate reasoning logs and citations,
proper physician training is essential to avoid over-
reliance on AI-generated diagnoses, which may
contain inaccuracies or hallucinations.

Despite these limitations, we hope this work con-
tributes to advancing automatic DDx with a chal-
lenging yet realistic setup – interactive differential
diagnosis. We hope that future research builds
on top of our findings to include more languages,
modalities, datasets, and a deeper exploration of
diagnostic processes to enhance the applicability
and effectiveness of interactive diagnostic models.
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A Details of DDx Benchmark

Dataset Domain # Cases # Diseases Synthetic License†

DDxPlus (Fansi Tchango et al., 2022b) respiratory 1.3M 49 ✓ CC-BY
iCraft-MD (Li et al., 2024b) skin 140 394 ✓ MIT
RareBench (Chen et al., 2024b) rare 2,185 421 × Apache-2.0

Table 3: Overview of the selected sources for constructing DDx benchmark. We consider three domains (i.e., disease
categories) (respiratory, skin, rare) with different sizes of diagnosis options. All selected sources are applicable for
commercial usage. †License: Creative Commons Attribution International License (CC-BY).

Datasets. To address the limitation of existing work, which often evaluates on a single dataset and
diagnoses in a single turn, we construct a comprehensive DDx benchmark sourced from three datasets:
DDxPlus, iCraft-MD, and RareBench, covering respiratory, skin, and rare diseases, respectively. The
statistics of each dataset are presented in Table 3. DDxPlus (Fansi Tchango et al., 2022b) is a large-scale
synthetic dataset, spanning 1.3 million patient cases across 49 respiratory-related pathologies, focusing
on conditions where the chief complaint is related to cough, sore through, or breathing issues. As
one of the largest structured DDx datasets, it provides both ground-truth diagnoses and ground truth
ranked differential diagnosis lists, enabling effective few shot examples as well as a direct evaluation
of predicting and refining DDx rankings. iCraft-MD (or interactive Craft-MD) (Li et al., 2024b) adapts
static dermatological clinical vignettes from the original Craft-MD dataset (Johri et al., 2024, 2025) into
an interactive setting. It consists of 140 dermatology cases, with 100 sourced from an online medical
question bank and 40 designed by expert clinicians. RareBench (Chen et al., 2024b) further expands the
diagnostic landscape by extending DDxPlus to include 421 rare diseases. We specifically select three
regional subsets from Rarebench – RAMEDIS (Europe), MME (Canada), and PUMCH (China) – to
ensure diversity in rare disease regional representation. Each of these datasets includes patient profiles
with two core components: (1) symptom/antecedent data and (2) ground-truth pathology/disease.

Benchmark Compilation. To enable a consistent evaluation across datasets, we normalize each dataset
into a structured format, each dataset is converted to include: (i) Optional initial information of the patient
(e.g., age, sex, chief complaint); (ii) full patient profile (complete list of symptoms and medical history);
(iii) full set of possible diseases for differential diagnosis. For DDxPlus, we inherit the format from
StreamBench (Wu et al., 2024). In iCraft-MD, the initial information of the patient is provided as initial
case details, whereas in Rarebench no initial patient information is available. We process iCraft-MD and
RareBench to extract the full patient profile. One of the major challenges in iCraft-MD and Rarebench
is the lack of predefined differential diagnosis options and the presence of redundant disease names. To
address this, we iterate through all patient records and employ GPT-4o to generate a unique, non-redundant
disease set for each patient case. As a result, we obtain 394 unique dermatological conditions for iCraft-
MD and 102 rare diseases for the RareBench subset. This refinement step ensures that each patient’s
diagnostic process operates within a well-defined differential diagnosis structure, reducing ambiguity and
improving evaluation reliability.
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DDxPlus

Initial Patient Profile:
Age: 39
Sex: M
Chief Complaint: nasal congestion
Complete Patient Profile:
Sex: Male, Age: 39
- I am currently being treated or have recently been treated with an oral antibiotic for an ear infection.
- I have pain somewhere related to my reason for consulting.
- I have a fever (either felt or measured with a thermometer).
- I have nasal congestion or a clear runny nose.
- My vaccinations are up to date.
- On a scale of 0-10, the pain intensity is 6
- On a scale of 0-10, the pain’s location precision is 8
- On a scale of 0-10, the pace at which the pain appear is 2
- The pain is:
* sensitive
* sharp
- The pain locations are:
* ear(R)
- The pain radiates to these locations:
* nowhere
Ground Truth Pathology: Acute otitis media
Ground Truth DDx:
1. Acute otitis media
2. URTI
3. Chagas

iCraft-MD

Initial Patient Profile:
Age: 61 years
Sex: male
Chief Complaint: A 61-year-old man presents with a 7-month history of lesions on his hands and
arms
Complete Patient Profile:
- A 61-year-old man presents with a 7-month history of lesions on his hands and arms
- His medical history includes depression, hypertension, and hyperlipidemia
- He has no personal or family history of skin problems
- His skin lesions are not painful or itchy, and he is not bothered by their appearance
- He has not tried any treatments for the lesions
- Physical examination reveals a number of pink, annular plaques with smooth raised borders on the
patient’s dorsal forearms and hands
- On close inspection, small discrete papules are seen within the plaques.
Ground Truth Pathology: Localized granuloma annulare
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RareBench

Initial Patient Profile:
N/A
Complete Patient Profile: - Hematuria
- Slurred speech
- Abnormality of the liver
- Dysphagia
- Drooling
- Abnormal caudate nucleus morphology
- Hand tremor
- Poor appetite
- Decreased circulating ceruloplasmin concentration
- Increased urinary copper concentration
- Kayser-Fleischer ring
Ground Truth Pathology: Wilson disease
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B Prompt Design

We present the prompt design for history taking simulator, knowledge retrieval agent, diagnosis strategy
agent, and DDxDriver in this section.

History Taking Simulator: Doctor

System Prompt:
<SPECIALIST_PREFACE>
Your job is to take medical history from a patient by asking them specific questions to determine
their antecedents and symptoms, as well as narrow down the possible diseases they may be suffering
from. [...]

You may receive this additional information to guide your dialogue:
- Initial Patient Information: Information the patient has already self-reported, such as chief
complaint, age, sex, etc.
- Dialogue History: The conversation you and the patient have had so far, formatted as 'Doctor' /
'Patient' turns.
- Suggested Conversation Goals: Specific topics or questions to try to cover in the dialogue. You may
also ask questions outside of these conversation goals; do not limit yourself to these.

You may either start, end, or continue the conversation, as explained below:
[...]

Response Instructions:
[...]

History Taking Simulator: Patient

System Prompt Act as a patient with the patient profile below engaging in a medical history taking
with a doctor. [...]

You may receive this additional information to guide your dialogue:
- Initial Patient Information: Information you as the patient have already self-reported to the doctor,
such as chief complaint, age, sex, etc.
- Dialogue History: The conversation you and the patient have had so far, formatted as 'Doctor' /
'Patient' turns.

When asked for information which is explicitly present in your patient profile (including as
synonyms), either respond:
a. Positively ("Yes"...) if your patient profile explicitly indicates you have this antecedent/symptom
b. Negatively ("No"...) if your patient profile explicitly indicates that you do not have this
antecedent/symptom

When asked for information which is not explicitly mentioned in your patient profile (including as
synonyms), respond "I don’t know."
[...]

Response instructions:
[...]
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Knowledge Retrieval Agent

Keywords Prompt:
Your job is to assist in the creation of a differential diagnosis for a patient by searching for relevant
information online. Given an input search from a user, break it up into a list of simplified keyword
searches to find relevant medical information online.
Follow these steps:
[...]
Format example:
Input search:
<INPUT_SEARCH>
Keyword searches list:
[<KEYWORD_SEARCH_1>, <KEYWORD_SEARCH_2>]

Synthesis Prompt
You are a helpful research assistant to a doctor creating a differential diagnosis of a patient. Concisely
answer the doctor’s input search by analyzing and summarizing the relevant medical content in the
search results. [...]

Inputs:
1. Doctor’s Input Search: the search the doctor requested
- This search may contain multiple topics
2. Search results: the search results fetched
- You may only answer based on topics present in these search results
3. Diagnosis Options (optional): the possible diseases the patient may be suffering from
- If provided, use this exact terminology to refer to the diseases

Response Instructions:
[...]

Diagnosis Strategy Agent

System Prompt:
<SPECIALIST_PREFACE>
Given a patient’s profile (a list of antecedents and symptoms), provide a ranked differential diagnosis
of the <DDX_LENGTH> most likely diseases. You may be provided a list of diagnosis options you can
choose from. You must use this exact disease terminology when referring to the diseases. If you
aren’t provided the diagnosis options, consider all possible diseases.

Your ranked differential diagnosis should have the possible diseases ranked from most likely to least
likely.

You will also be provided with:
1. Previous Ranked Differential Diagnoses: [...]
2. Suggested Diagnosis Instructions (optional): [...]
3. Previous Search Content (optional): [...]
4. Patient profile: the known symptoms/antecedents of the patient
5: Patient examples (optional): [...]

[...]
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Directly provide the ranked differential diagnosis of the <DDX_LENGTH> most likely diseases for
the patient in the following format (without additional text before or after), with one diagnosis
per line (replace [DIAGNOSIS_X] with the actual diagnosis name, and do not include the brackets
themselves): [RANK_NUMBER]. [DIAGNOSIS]. I.e.:
1. [DIAGNOSIS_1]
2. [DIAGNOSIS_2]
...
Directly provide your response in the format specified, without additional text.

DDxDriver

Fixed Iteration System Prompt:
Your job is to facilitate the process of differential diagnosis of a patient by concisely prompting
medical agents.

You will be provided with:
1) Agent Descriptions. This includes:
a) Agent Function: A description of the function of medical agent.
b) Agent Prompt: A description of how to prompt the agent
2) Available Information: The available information you can extract from to prompt the agent. Do
not invent new information. This may include:
a) Patient Initial Information
b) Patient Profile
c) Dialogue History
d) Previous RAG content
- External information found about diseases the patient may be suffering from
e) Previous Ranked Differential Diagnoses
f) Diagnosis Options
- These are the only diseases the patient may be suffering from.
- You must use the exact terminology in this list when referring to the diseases

Follow these steps to create a prompt for the medical agent:
1. Analyze the description of the medical agent and its input prompt. Note whether its input prompt
is optional or mandatory.
2. Review the current information you were provided. Determine how this information can help the
agent.
- You should only prompt based on this current information.
3. Follow the agent’s input prompt description and design a prompt for this agent.
4. Respond with your agent prompt, nothing else.
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C Additional Analysis

Results of iCraft-MD (Figure 5) and RareBench (Figure 6) compared between (a) History Taking Simulator,
and (b) MEDDxAgent over the selection of max questions (5, 10, 15), and number of iterations (1, 2, 3).
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Figure 5: Results of iCraft-MD (Li et al., 2024b) compared between (a) History Taking Simulator, and (b)
MEDDxAgent.
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Figure 6: Results of RareBench (Chen et al., 2024b) compared between (a) History Taking Simulator, and (b)
MEDDxAgent.
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D Additional Experiments

D.1 History Taking Simulator

DDxPlus iCraft-MD RareBench

Model Metric 5 10 15 5 10 15 5 10 15

GPT-4o

GTPA@1 0.45 0.59 0.69 0.40 0.45 0.46 0.11 0.24 0.36
GTPA@3 0.60 0.73 0.82 0.51 0.53 0.53 0.22 0.36 0.48
GTPA@5 0.72 0.83 0.88 0.57 0.57 0.60 0.35 0.47 0.59
Avg Rank 4.13 3.16 2.47 5.58 5.35 5.23 7.84 6.67 5.49

Llama3.1-70B

GTPA@1 0.45 0.58 0.56 0.29 0.33 0.36 0.30 0.36 0.31
GTPA@3 0.65 0.77 0.76 0.39 0.49 0.53 0.42 0.57 0.59
GTPA@5 0.71 0.83 0.79 0.47 0.55 0.60 0.53 0.65 0.67
Avg Rank 4.15 3.12 3.50 6.48 5.82 5.36 6.04 4.51 4.80

UltraMedical-70B

GTPA@1 0.45 0.52 0.50 0.23 0.27 0.22 0.40 0.43 0.44
GTPA@3 0.62 0.68 0.69 0.27 0.31 0.29 0.58 0.61 0.59
GTPA@5 0.70 0.73 0.73 0.29 0.34 0.31 0.61 0.67 0.67
Avg Rank 4.70 4.30 4.68 8.12 7.61 7.99 5.01 4.59 4.54

Llama3.1-8B

GTPA@1 0.23 0.35 0.40 0.10 0.12 0.11 0.05 0.13 0.11
GTPA@3 0.37 0.49 0.53 0.20 0.23 0.23 0.21 0.21 0.18
GTPA@5 0.43 0.60 0.60 0.25 0.27 0.29 0.27 0.25 0.20
Avg Rank 6.85 5.46 5.44 8.78 8.39 8.3 8.38 8.25 8.95

UltraMedical3.1-8B

GTPA@1 0.26 0.24 0.20 0.16 0.14 0.14 0.15 0.14 0.12
GTPA@3 0.36 0.35 0.32 0.22 0.20 0.21 0.23 0.25 0.21
GTPA@5 0.42 0.39 0.38 0.23 0.23 0.22 0.25 0.28 0.23
Avg Rank 7.00 7.86 7.73 8.60 8.78 8.72 8.44 8.29 8.46

Table 4: History taking simulator performance across different datasets (DDxPlus, iCraftMD, Rarebench) with max
questions (5, 10, 15), aggregated over 100 patients.
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D.2 Knowledge Retrieval Agent

DDxPlus iCraft-MD RareBench

Model Source Metric RAG Base RAG Base RAG Base

GPT-4o

PubMed

GTPA@1 0.69 0.69 0.68 0.68 0.45 0.39
GTPA@3 0.88 0.88 0.77 0.76 0.60 0.58
GTPA@5 0.90 0.90 0.79 0.77 0.72 0.72
Avg Rank 2.27 2.21 3.23 3.37 3.92 3.99

Wiki

GTPA@1 0.69 0.69 0.69 0.68 0.45 0.39
GTPA@3 0.88 0.88 0.77 0.76 0.58 0.58
GTPA@5 0.90 0.90 0.79 0.77 0.74 0.72
Avg Rank 2.24 2.21 3.22 3.37 4.00 3.99

Llama3.1-70B

PubMed

GTPA@1 0.56 0.54 0.44 0.40 0.38 0.39
GTPA@3 0.77 0.74 0.56 0.56 0.62 0.59
GTPA@5 0.79 0.78 0.63 0.64 0.75 0.77
Avg Rank 3.42 3.53 4.72 4.87 3.96 4.05

Wiki

GTPA@1 0.49 0.54 0.44 0.40 0.39 0.39
GTPA@3 0.74 0.74 0.59 0.56 0.59 0.59
GTPA@5 0.77 0.78 0.66 0.64 0.75 0.77
Avg Rank 3.60 3.53 4.71 4.87 4.09 4.05

UltraMedical-70B

PubMed

GTPA@1 0.58 0.60 0.31 0.31 0.45 0.44
GTPA@3 0.68 0.73 0.37 0.38 0.65 0.63
GTPA@5 0.70 0.76 0.38 0.39 0.71 0.70
Avg Rank 4.63 6.55 7.08 7.01 4.20 4.47

Wiki

GTPA@1 0.58 0.6 0.31 0.31 0.44 0.44
GTPA@3 0.68 0.73 0.38 0.38 0.64 0.63
GTPA@5 0.70 0.76 0.39 0.39 0.70 0.70
Avg Rank 4.38 6.55 7.01 7.01 4.25 4.47

Llama3.1-8B

PubMed

GTPA@1 0.42 0.48 0.29 0.27 0.35 0.33
GTPA@3 0.58 0.63 0.38 0.37 0.55 0.54
GTPA@5 0.67 0.69 0.44 0.43 0.59 0.57
Avg Rank 4.50 5.25 6.93 7.02 5.33 5.45

Wiki

GTPA@1 0.43 0.48 0.29 0.27 0.36 0.33
GTPA@3 0.58 0.63 0.38 0.37 0.52 0.54
GTPA@5 0.67 0.69 0.44 0.43 0.67 0.57
Avg Rank 4.56 5.25 6.93 7.02 4.80 5.45

UltraMedical3.1-8B

PubMed

GTPA@1 0.27 0.33 0.19 0.27 0.21 0.22
GTPA@3 0.39 0.48 0.24 0.37 0.46 0.35
GTPA@5 0.46 0.51 0.26 0.43 0.48 0.42
Avg Rank 6.81 6.88 8.38 7.02 6.23 7.02

Wiki

GTPA@1 0.25 0.33 0.18 0.18 0.27 0.22
GTPA@3 0.38 0.48 0.23 0.23 0.44 0.35
GTPA@5 0.45 0.51 0.25 0.25 0.51 0.42
Avg Rank 6.90 6.88 8.42 8.45 6.37 7.02

Table 5: Knowledge retrieval agent performance with different datasets with varying sources (PubMed, Wikipedia)
and methods, aggregated over 100 patients.
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D.3 Diagnosis Strategy Agent

DDxPlus iCraft-MD RareBench

Model Metric None Static Dyn_BAII Dyn_BERT None Static Dyn_BAII Dyn_BERT None Static Dyn_BAII Dyn_BERT

Standard

GPT-4o
GTPA@1 0.69 0.74 0.96 0.96 0.68 0.64 0.62 0.67 0.46 0.52 0.79 0.78
GTPA@5 0.90 0.90 1.00 1.00 0.77 0.74 0.72 0.77 0.72 0.80 0.91 0.90
Avg Rank 2.21 2.20 1.06 1.06 3.37 3.64 3.85 3.31 3.99 3.58 2.03 2.19

Llama3.1-70B
GTPA@1 0.54 0.57 0.86 0.84 0.40 0.38 0.40 0.40 0.39 0.42 0.73 0.72
GTPA@5 0.78 0.80 0.95 0.94 0.64 0.63 0.63 0.62 0.77 0.71 0.87 0.87
Avg Rank 3.53 3.41 1.59 1.68 4.87 5.15 5.02 4.96 4.05 4.29 2.44 2.44

UltraMedical-70B
GTPA@1 0.58 0.60 0.97 0.96 0.31 0.37 0.42 0.40 0.44 0.47 0.74 0.71
GTPA@5 0.70 0.76 1.00 1.00 0.39 0.45 0.47 0.48 0.70 0.62 0.83 0.80
Avg Rank 4.18 6.55 1.03 1.04 7.01 6.29 6.14 6.15 4.47 4.92 2.74 2.96

Llama3.1-8B
GTPA@1 0.45 0.48 0.97 0.97 0.27 0.25 0.21 0.22 0.33 0.39 0.71 0.70
GTPA@5 0.68 0.69 1.00 1.00 0.43 0.44 0.42 0.40 0.57 0.63 0.83 0.81
Avg Rank 9.00 5.25 1.03 1.04 7.02 6.78 6.93 7.32 5.45 4.76 2.80 2.94

UltraMedical3.1-8B
GTPA@1 0.26 0.33 0.85 0.81 0.18 0.16 0.18 0.15 0.22 0.24 0.60 0.57
GTPA@5 0.45 0.51 0.89 0.93 0.25 0.26 0.26 0.24 0.42 0.36 0.73 0.63
Avg Rank 6.86 6.88 3.04 2.09 8.45 8.52 8.24 8.70 7.02 7.21 3.66 4.66

Chain-of-Thought (CoT)

GPT-4o
GTPA@1 0.71 0.72 0.97 0.96 0.68 0.64 0.60 0.64 0.47 0.57 0.82 0.81
GTPA@5 0.92 0.92 1.00 1.00 0.77 0.72 0.70 0.73 0.69 0.77 0.88 0.91
Avg Rank 2.10 1.98 1.03 1.05 3.35 3.79 4.00 3.68 4.02 3.48 2.11 2.04

Llama3.1-70B
GTPA@1 0.45 0.58 0.89 0.91 0.48 0.44 0.45 0.45 0.49 0.50 0.71 0.75
GTPA@5 0.78 0.82 0.93 0.95 0.66 0.62 0.63 0.61 0.75 0.72 0.87 0.88
Avg Rank 3.69 3.08 1.71 1.55 4.50 4.88 4.90 4.93 3.91 4.04 2.62 2.35

UltraMedical-70B
GTPA@1 0.47 0.47 0.96 0.93 0.26 0.33 0.34 0.34 0.39 0.35 0.69 0.32
GTPA@5 0.57 0.63 1.00 0.99 0.26 0.42 0.38 0.41 0.62 0.43 0.78 0.47
Avg Rank 5.46 6.70 1.04 1.17 8.35 6.78 7.11 6.80 5.05 6.75 3.36 6.53

Llama3.1-8B
GTPA@1 0.45 0.51 0.97 0.95 0.27 0.34 0.3 0.29 0.24 0.36 0.65 0.64
GTPA@5 0.70 0.71 1.00 0.99 0.40 0.44 0.44 0.36 0.55 0.61 0.82 0.84
Avg Rank 4.51 5.08 1.03 1.19 7.25 6.45 6.66 7.28 5.65 4.98 2.95 2.96

UltraMedical3.1-8B
GTPA@1 0.22 0.22 0.74 0.81 0.13 0.13 0.14 0.18 0.09 0.19 0.39 0.50
GTPA@5 0.32 0.28 0.79 0.88 0.17 0.16 0.18 0.20 0.17 0.31 0.49 0.58
Avg Rank 15.30 16.25 7.24 3.97 9.33 9.41 9.26 9.02 9.36 7.99 6.23 5.26

Table 6: Diagnosis strategy module performance across 3 datasets with different methods (Standard vs. CoT),
aggregated over 100 patients.
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D.4 Optimizing Knowledge Retrieval Agent vs. Diagnosis Strategy Agent

DDxPlus iCraft-MD RareBench

GTPA@1 ↑ GTPA@5 ↑ Avg Rank ↓ GTPA@1 ↑ GTPA@5 ↑ Avg Rank ↓ GTPA@1 ↑ GTPA@5 ↑ Avg Rank ↓

GPT-4o

Retrieval (PubMed) 0.69 0.90 2.27 0.68 0.79 3.23 0.45 0.72 3.92
Retrieval (Wiki) 0.69 0.90 2.24 0.69 0.79 3.22 0.45 0.74 4.00

Zero-shot (Standard) 0.69 0.90 2.21 0.68 0.77 3.37 0.46 0.72 3.99
Zero-shot (CoT) 0.71 0.92 2.10 0.68 0.77 3.35 0.47 0.69 4.02

Few-shot (Standard, Dyn_BAII)‡ 0.96 1.00 1.06 0.62 0.72 3.85 0.79 0.91 2.03
Few-shot (CoT, Dyn_BERT) 0.96 1.00 1.05 0.64 0.73 3.68 0.81 0.91 2.04
Few-shot (CoT, Dyn_BAII) 0.97 1.00 1.03 0.60 0.70 4.00 0.82 0.88 2.11

Llama3.1-70B

Retrieval (PubMed) 0.56 0.79 3.42 0.44 0.63 4.72 0.38 0.75 3.96
Retrieval (Wiki) 0.49 0.77 3.60 0.44 0.66 4.71 0.39 0.75 4.09

Zero-shot (Standard) 0.54 0.78 3.53 0.40 0.64 4.87 0.39 0.77 4.05
Zero-shot (CoT) 0.45 0.78 3.69 0.48 0.66 4.50 0.49 0.75 3.91

Few-shot (Standard, Dyn_BAII)‡ 0.86 0.95 1.59 0.40 0.63 5.02 0.73 0.87 2.44
Few-shot (CoT, Dyn_BERT) 0.91 0.95 1.55 0.45 0.61 4.93 0.75 0.88 2.35
Few-shot (CoT, Dyn_BAII) 0.89 0.93 1.71 0.45 0.63 4.90 0.71 0.87 2.62

Llama3.1-8B

Retrieval (PubMed) 0.42 0.67 4.50 0.29 0.44 6.93 0.35 0.59 5.33
Retrieval (Wiki) 0.43 0.67 4.56 0.29 0.44 6.93 0.36 0.67 4.80

Zero-shot (Standard) 0.45 0.68 9.00 0.27 0.43 7.02 0.33 0.57 5.45
Zero-shot (CoT) 0.45 0.70 4.51 0.27 0.40 7.25 0.24 0.55 5.65

Few-shot (Standard, Dyn_BAII)‡ 0.97 1.00 1.03 0.21 0.42 6.93 0.71 0.83 2.80
Few-shot (CoT, Dyn_BERT) 0.95 0.99 1.19 0.29 0.36 7.28 0.64 0.84 2.96
Few-shot (CoT, Dyn_BAII) 0.97 1.00 1.03 0.30 0.44 6.66 0.65 0.82 2.95

Table 7: Full comparison of knowledge retrieval agent with diagnosis strategy agent, assuming that there are existing
full patient profiles. ‡ Only Few-shot (Standard, Dyn_BAII) results are recorded, since the method is consistently
better than Dyn_BERT.

D.5 MEDDxAgent

DDxPlus iCraft-MD RareBench

Fixed Dynamic Fixed Dynamic Fixed Dynamic

Model Metric 1 2 3 1 2 3 1 2 3 1 2 3 1 2 3 1 2 3

GPT-4o
GTPA@1 0.74 0.78 0.86 0.74 0.76 0.81 0.52 0.54 0.54 0.44 0.52 0.52 0.51 0.56 0.50 0.35 0.43 0.46
Avg Rank 1.91 1.56 1.29 2.00 1.62 1.48 4.93 4.71 4.80 4.85 4.57 4.56 4.37 4.10 4.09 6.14 4.62 4.24
Avg Progress 0.00 0.32 0.32 -0.13 0.04 0.01 0.00 0.26 0.17 0.14 -0.06 0.01 0.00 0.13 0.16 -0.23 -0.15 -0.39

Llama3.1-70B
GTPA@1 0.61 0.71 0.68 0.53 0.61 0.60 0.29 0.37 0.42 0.24 0.30 0.31 0.39 0.48 0.48 0.32 0.37 0.46
Avg Rank 2.91 2.20 2.30 2.96 2.89 2.73 7.05 6.26 6.31 7.08 6.77 6.82 5.05 4.48 4.30 5.44 4.66 4.19
Avg Progress 0.00 0.41 0.17 0.00 0.04 0.02 0.00 0.07 0.26 0.10 0.02 0.00 0.00 0.75 0.44 -0.06 0.00 0.07

Llama3.1-8B
GTPA@1 0.34 0.56 0.58 0.47 0.58 0.54 0.11 0.14 0.12 0.03 0.04 0.04 0.08 0.09 0.07 0.06 0.10 0.18
Avg Rank 5.25 3.59 3.10 5.00 3.82 3.92 9.38 9.22 9.07 10.11 9.95 9.91 8.47 8.11 8.56 8.01 7.54 7.21
Avg Progress 0.00 1.73 1.23 0.00 0.00 0.00 0.00 0.22 0.17 0.00 0.00 0.00 0.00 0.44 0.38 0.00 0.00 0.00

Table 8: Iterative experiment performance compared between fixed iteration and dynamic iteration with 3 datasets.
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