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Abstract

Recent advances in large language models
(LLMs) have demonstrated impressive medical
reasoning capabilities. However, current evalu-
ation methods are mostly limited to static case
vignettes and multiple-choice questions which
fail to reflect the complexity, uncertainty, and
iterative nature of real-world clinical decision-
making. To bridge this gap, we propose Di-
agBench, a novel benchmark where models
interact dynamically with a LLM based Patient
Simulator, querying relevant clinical details to
formulate accurate diagnoses. To complement
this, we introduce MedConvBench, a diagnos-
tic conversation benchmark designed to assess
the relevance and quality of model-generated
clinical reasoning. To further address the
interpretability and alignment challenges of
Al-assisted diagnosis, we develop a modu-
lar and medically grounded framework called
VAIDYA that mirrors a physician’s stepwise
diagnostic reasoning. This structured approach
improves transparency and yields substantial
performance gains over base LLMs. Our work
takes a critical step toward aligning Al systems
with real-world clinical practices by combin-
ing dynamic interaction, interpretability, and
clinical validation. The dataset and evalu-
ation code is available at https://github.
com/FractalAIResearchLabs/VAIDYA

1 Introduction

Recent advancements in LLMs have significantly
enhanced their multi-turn conversational capabili-
ties, driven by improvements in reasoning and in-
creased context lengths (Guan et al., 2025). These
models have achieved remarkable results, sur-
passing human performance on medical question-
answering benchmarks (Singhal et al., 2025) such
as MedQA (Jin et al., 2020) and MedMCQA (Pal
et al., 2022). Despite these gains, the task of dif-
ferential diagnosis (DDx), a fundamental aspect of
clinical reasoning in which physicians iteratively
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refine diagnostic hypotheses through targeted ques-
tioning remains underexplored. Current evaluation
protocols typically present all relevant patient infor-
mation upfront, ignoring the interactive and evolv-
ing nature of real-world diagnostic workflows. In
contrast, effective diagnosis depends not only on
the final prediction but also on the clinician’s abil-
ity to ask relevant follow-up questions, synthesize
new information, and adapt reasoning dynamically.
This mismatch underscores a critical gap: exist-
ing benchmarks fail to assess LLMs’ diagnostic
performance in realistic, conversational settings.
Current open-source efforts in this area face
three significant limitations. First, many models
rely heavily on domain-specific training datasets,
which increases the risk of overfitting and reduces
their ability to generalize across diverse clinical
contexts. Second, there is no unified or widely
accepted set of benchmarks for measuring conver-
sational diagnostic performance, making it difficult
to compare systems reliably or track progress over
time. Third, existing approaches often show lim-
ited alignment with established medical guidelines,
which reduces interpretability and undermines clin-
ician trust in Al-assisted decision-support systems.
To address these challenges, we propose
VAIDYA (Validated Agents for Intelligent Diagno-
sis and Yielded Analysis), a modular and medically
grounded agentic framework inspired by Shimizu
et al. (Shimizu, 2022) that emulates a physician’s
step-by-step clinical reasoning. VAIDYA begins
with a History Taker (HT) module that conducts
detailed symptom and history analysis, classify-
ing symptoms as systemic or localized. The Di-
agnosis Maker (DM) then performs anatomical or
symptom-based analysis, followed by an etiologi-
cal investigation to narrow diagnostic possibilities.
The process concludes with Diagnosis Termina-
tion (DT), synthesizing findings to propose the
most likely diagnosis. This structured, iterative ap-
proach mirrors clinical practice, enabling LL.Ms to
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dynamically query patient information and refine
hypotheses.

To rigorously evaluate conversational diagnos-
tic systems, we introduce two novel benchmarks.
The Diagnosis Benchmark (DiagBench) is con-
structed by extracting and refining clinical fields
from patient-doctor interactions in datasets by Fa-
reez et al. (Fareez et al., 2022), supplemented with
reformatted cases from DDXPlus (Fansi Tchango
et al., 2022) and MedQA (Jin et al., 2020) to simu-
late realistic, multi-turn diagnostic scenarios. Com-
plementing this, the Medical Conversation Bench-
mark (MedConvBench) evaluates the quality and
completeness of model-generated diagnostic in-
quiries. For each case, experienced clinicians iden-
tify the set of clinically necessary questions re-
quired to reach an accurate diagnosis. A model’s
diagnostic performance is then assessed based on
its ability to recover this gold-standard question
set, ensuring alignment with real-world diagnostic
practices.

Empirical results demonstrate that VAIDYA sig-
nificantly outperforms baseline LLMs and existing
conversational medical agents. Across DiagBench
and MedConvBench, VAIDYA achieves state-of-
the-art performance, with notable improvements
of 15% and 21.9% in diagnostic accuracy when
paired with MedGemma and gpt-5 respectively.
VAIDYA’s generalizability is also tested on the
SCTBench (McCoy et al., 2025), ensuring robust
performance across diverse clinical scenarios.

Our main contributions are as follows:

1. We introduce the Diagnosis Benchmark (Di-
agBench), comprising of clinically verified
diagnostic scenarios designed to assess the
diagnostic accuracy.

2. We present the Medical Conversation Bench-
mark (MedConvBench), a novel, alignment-
focused evaluation suite of clinically vali-
dated patient—clinician dialogues, enabling
comprehensive assessment of conversational
diagnostic systems.

3. We propose VAIDYA, a medically grounded
and modular framework that substantially en-
hances the clinical-reasoning capabilities of
LLMs, consistently outperforming the base-
line systems across multiple evaluation set-
tings.
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2 Related Work

Conversational differential diagnosis with LLMs is
a relatively new field, which tests multiple abilities
like clinical reasoning, contextual awareness and
planning. Previous work can be grouped into three
main categories: (a) Models trained for clinical
dialogue, (b) Prompt based systems/agents and (c)
Evaluation frameworks for clinical dialogue (Val-
izadeh and Parde, 2022).

Models Trained for Clinical Dialogue Several
recent approaches have focused on training lan-
guage models specifically for clinical dialogue.
Disease Planner (Sun et al., 2024) introduces an
external planning module that guides the LLM
through the differential diagnosis process. The
application is limited to heart-related cases and the
evaluation is conducted on a question-answering
(QA) dataset rather than a conversational diag-
nostic setting. AMIE (Articulate Medical Intel-
ligence Explorer) by Google (McDuff et al., 2023)
trains an LLM on real-world doctor-patient interac-
tions. While AMIE reports strong clinical perfor-
mance, the model remains closed-source, limiting
reproducibility and external validation. Chain-of-
Diagnosis (Chen et al., 2024) fine-tunes Yi-34B
on real clinical dialogues and incorporates a re-
trieval mechanism to track and update candidate
diagnoses throughout the interaction.

Prompting Methods/Agents This category in-
cludes frameworks that have built agentic sys-
tems for enhancing the medical performance of
LLMs (Qiu et al.,, 2024). Agent Hospital (Li
et al., 2024) builds a virtual hospital ecosystem
where LLMs are provided different roles like nurse,
doctors etc. The framework is evaluated on the
MedQA benchmark where each question is broken
down using Chain-of-Thought (CoT) and assigned
to relevant experts. MedAgents (Tang et al., 2024)
and MDAgents (Kim et al., 2024) have also pro-
posed similar agentic systems for improving dif-
ferential diagnosis in a zero-shot QA setting, but
none of them address the problem of multi-turn
conversational diagnosis. Microsoft introduced
MAI-DxO (Nori et al., 2025), a closed-source in-
teractive agent for differential diagnosis. However,
despite its interactive design, the system does not
conduct explicit symptomatological, anatomical,
or etiological analyses. Moreover, its evaluation is
restricted to 314 NEJM case reports, which offer
limited diversity and lack broad coverage across
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Figure 1: Overall flow of VAIDYA. The pipeline shows all the individual agents involved in the framework and the

flow for each conversation.

medical specialties.

Evaluation Frameworks for Clinical Dialogue
DDXPlus (Fansi Tchango et al., 2022) was among
the first benchmarks designed specifically for dif-
ferential diagnosis. It includes detailed patient
descriptions, doctor-patient question-answer ex-
changes, and corresponding diagnostic labels, of-
fering a structured view of the diagnostic process.
SCT-Bench (McCoy et al., 2025) is an open-source
framework that evaluates the clinical reasoning
capabilities of LLMs using Script Concordance
Tests (SCTs), a methodology grounded in measur-
ing decision-making under uncertainty. Health-
Bench (Arora et al., 2025), released by OpenAl,
contains 5,000 diverse medical scenarios accompa-
nied by expert-defined evaluation rubrics.

3 Methodology

The overall flow of our proposed framework
VAIDYA is depicted in Figure 1. A detailed de-
scription of the framework along with the work-
ing of each of the modules is presented in Sec-
tion 3.1. The construction of DiagBench and Med-
ConvBench has been elaborated in Section 3.2.

3.1 VAIDYA

Inspired by the framework of Shimizu et.
al. (Shimizu, 2022) and after consulting a team of
medical professionals, we propose a step-by-step
workflow to guide the clinical reasoning of LLMs
called VAIDYA. It tries to emulate the thinking
process of a physician and performs differential
diagnosis using certain guidelines. In this paper,
round refers to a single-turn doctor-patient inter-
action. Each round comprises of the doctor’s mes-
sage to the patient (which can contain multiple
questions), followed by the patient’s response to
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the same. Each distinct character/role (like His-
tory Taker, Anatomical Specialist, etc) in the work-
flow (Figure 1) is referred to as a module. Each
module in VAIDYA is implemented as an indepen-
dent LLM instance, guided by a specialized system
prompt tailored to its clinical role. The framework
is model-agnostic and the underlying LLM can eas-
ily be interchanged. The three different modular
parts are described below:

History Taker (HT) The first step in any diagno-
sis is to comprehensively understand the patient’s
symptoms and its nature (Kuriakose and Kuriakose,
2020). The HT module is specifically instructed
to understand the severity, onset and any possible
triggers/relievers of the chief symptoms that the
patient is experiencing. Based on the patient’s re-
sponses to the HT module, we determine whether
the presenting symptoms are systemic or localized.
Localized symptoms are confined to a specific part
of the body (e.g., headache, joint pain), whereas
systemic symptoms affect the body more broadly
(e.g., fever, fatigue, weight loss). This step is the
first round of inquiry.

Diagnosis Maker (DM) This module is respon-
sible for carrying out the differential diagnosis by
asking questions to the patient. Depending on the
requirement, DM module has three specialists:

1. Anatomical Specialist: This sub-module is
tasked to precisely localize the anatomical
source of symptoms and understand the body
part(s) which are affected. This module can
ask targeted clinical questions (e.g., upper vs.
lower chest pain) and request results from
diagnostic tests including blood tests, X-ray,
and MRIL

2. Symptomatological Specialist: This sub-



module tries to understand the co-existing
symptoms occurring with the patient’s pri-
mary condition. For example, when fever is
observed, this specialist obtains information
about associated symptoms (e.g., headache,
fatigue, throat pain) to refine the clinical as-
sessment.

3. Etiological Specialist: The etiological special-
ist begins by identifying the most plausible
broad cause of the patient’s condition, such as
infectious, inflammatory, metabolic, or other
major categories. It then conducts a struc-
tured differential diagnosis, integrating medi-
cal knowledge with all information accumu-
lated throughout the conversation. Through
this stepwise reasoning, the specialist progres-
sively narrows the differential to the most
likely etiological causes of the patient’s pre-
sentation.

After the first round of inquiry, the framework se-
lects the appropriate specialist based on the symp-
tom classification: the symptomatological special-
ist is used for systemic presentations, whereas the
anatomical specialist is used for localized symp-
toms (Shimizu, 2022). This constitutes the second
round of inquiry, during which the selected special-
ist asks additional, targeted questions in a single
message that build upon the information gathered
in the first round to further clarify the patient’s
condition. After the second round is completed,
all subsequent rounds are conducted exclusively
by the etiological specialist. Once the etiological
specialist has completed three additional rounds,
resulting in a total of five rounds conducted by
VAIDYA overall, the etiological specialist must
then choose either to conclude the diagnosis or
to request further clarifying information. No ad-
ditional rounds may be conducted unless the spe-
cialist explicitly requests them at that point. If it
chooses to conclude the diagnosis, the DT module
is invoked as described below.

Diagnosis Termination (DT) Using the full di-
alogue history, this module is prompted to reason
through the most likely diagnoses. It begins by
identifying a broad illness category (e.g., an up-
per respiratory tract infection) that encompasses a
range of related conditions. It then refines this cat-
egory into a more specific diagnosis by incorporat-
ing the patient’s medical history and the cumulative
information gathered throughout the conversation.
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Figure 2: The distribution of cases across medical do-
mains for DiagBench

This step is performed in a single round.

3.2 Diagnostic Assessment Setup

3.2.1 DiagBench

DiagBench consists of 1,000 clinically validated
scenarios designed to simulate real-world clini-
cal decision-making. Each case consists of the
patient’s profile (age, gender), the patient’s chief
complaint, case study (which contains the entire
information of the patient’s co-existing conditions,
past medical history, etc) and the expected diag-
nosis. During evaluation, the model is initially
presented with the chief complaint of the patient.
It then interacts with the patient, asking follow-
up questions to gather relevant information and
ultimately arrive at a diagnosis.

We source raw patient vignettes from three
datasets: (a) From the medical transcripts in Fa-
reez et al. (Fareez et al., 2022), we extract pa-
tient—physician dialogues to construct vignettes,
retaining 167 cases after clinical review to exclude
ambiguous or incomplete entries. (b) From DDX-
Plus (Fansi Tchango et al., 2022), we incorpo-
rate 500 cases across diverse medical domains,
preserving the physician’s questions and patient
responses to form complete case studies. (c) Fi-
nally, from MedQA (Jin et al., 2020), which com-
prises multiple-choice questions, we reformulate
333 questions assessing diagnostic reasoning into
our required case format.

We collaborated with a panel of 20 licensed
physicians (MDs), each with a minimum of three
years of clinical practice experience. Each case



was verified by the physicians to remove any am-
biguity or correct any possible mistakes. We se-
lected a dataset size of 1,000 cases to achieve a
balance between comprehensive coverage of medi-
cal domains and computational cost. Unlike stan-
dard question—answer evaluations, each case in
our study involves an average of six multi-turn
interactions between the model and a simulated pa-
tient, significantly increasing the resource require-
ments per case. Furthermore, existing benchmark
datasets such as DDXPlus exhibit strong domain
bias, with over 70% of cases concentrated in res-
piratory diseases, limiting their representativeness.
However, Figure 2 illustrates the distribution of
cases across different medical domains in Diag-
Bench, demonstrating that fields such as neurology,
gastroenterology, dermatology, and reproductive
health are meaningfully represented.

Also, our evaluation approach differs from
HealthBench in two key ways: (a) Progressive
information gathering: We only provide the chief
complaint initially, requiring the model to navigate
the diagnostic process by actively seeking informa-
tion. In contrast, HealthBench presents the entire
scenario upfront and only evaluates the model’s
final decision-making ability. (b) Generalizabil-
ity: Since HealthBench uses fixed, fully described
cases, models can potentially be trained and overfit
on its dataset without ensuring true generalizabil-
ity, which is not the case with DiagBench since the
models must dynamically gather information.

3.2.2 MedConvBench

MedConvBench consists of the first 500 patient
scenarios from DiagBench. This dataset consists of
expected questions and their corresponding scores
(for each case) which the model must ask to arrive
at the accurate diagnosis.

The cases were sourced from Fareez et al. and
DDXPlus, where the initial physician questions
already present in the two datasets were annotated
as expected questions. In order to ensure clinical
validity and remove any ambiguity, each case in
MedConvBench was independently reviewed by
three clinicians (selected based on their domain
expertise), who evaluated the expected questions
according to the following criteria:

1. Score I : The question is critical for reliably
establishing or ruling out the suspected di-
agnosis, or for determining an appropriate
treatment plan. Omitting this question would
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result in an incomplete, inaccurate, or sig-
nificantly impaired diagnostic assessment or
treatment decision.

2. Score 0.5 : The question provides supportive
or complementary information for diagnosis
or treatment planning but is not strictly neces-
sary to confirm the diagnosis or develop the
treatment plan.

3. Score 0 : The question is irrelevant to the
diagnosis or treatment, or does not meaning-
fully contribute to differentiating the condi-
tion from other possible diagnoses. We re-
move such questions from the benchmark as
they do not contribute to the evaluation.

Additionally, clinicians were allowed to propose
additional questions they deemed important for a
given case, which were not part of the original set
of expected questions.

4 Experiments

4.1 Patient Simulator

To simulate doctor-patient conversations at scale,
we use a LLM-powered Patient Simulator that
mimics realistic patient behavior in medical di-
agnostic settings. Based on patient vignettes from
DiagBench, the simulator is guided to act like a
human patient. It starts each interaction with a
natural-sounding initial complaint, derived from
the chief complaint, similar to how real patients
typically begin conversations with doctors. The
simulator is instructed to provide concise and nat-
ural responses to each question asked by the doc-
tor, strictly following the details in the patient vi-
gnette. The Patient Simulator uses OpenAI’s GPT-
40 model to produce the responses. A quantitative
evaluation of the patient simulator is provided in
Appendix A.

4.2 Experimental Settings

4.2.1 Models/Agents

We use four different frameworks for a comparative
evaluation:

1. Vanilla LLM: Our benchmark is designed to
be conversational, explorative, and incremen-
tal, meaning the doctor agent is expected to
engage in dialogue with the patient, gradually
uncovering relevant information before arriv-
ing at a diagnosis. In contrast, vanilla LLMs



are not inherently conversational; they often
respond directly to prompts without asking
follow-up questions. To ensure a fair com-
parison between VAIDYA and vanilla LLMs,
we developed an agent specifically for vanilla
LLMs. This agent interacts with the Patient
Simulator over multiple turns, maintains the
full conversation history, and uses that context
to make a diagnosis. The details are described
in Appendix C.

. VAIDYA: It is a model-agnostic framework
and implements a multi-specialist approach
as described in Section 3.1.

We benchmark over eight different off-
the-shelf LLMs: Qwen3 8B, Qwen2.5-
72B  (Qwen et al., 2025), MedGemma
27B, (Sellergren et al., 2025), Deepseek
V3.1 (DeepSeek-Al et al., 2025), gpt-5, 04-
mini, 03 (OpenAl et al., 2024), and Grok
4 (xAl, 2025). A temperature of 0.4 is used
across all the non-reasoning models to ensure
consistent and controlled responses. The rea-
soning effort for o4-mini and 03 is kept at its
default value.

The problem of conversational disease diag-
nosis has received limited attention in exist-
ing literature, resulting in a lack of frame-
works to benchmark against. Most avail-
able open-source frameworks are designed
for single-turn question-answering (QA) style
tasks, which do not align with the interac-
tive and incremental nature of diagnostic con-
versations. To enable a fair comparison, we
selected two such open-source frameworks
and adapted them to support a conversational
setting, ensuring compatibility with the objec-
tives of our benchmark:

. Chain-of-Diagnosis: Chain-of-Diagnosis
(CoD) (Chen et al., 2024) finetuned 2 LLMs,
Yi-6B and Yi-34B using RL on medical di-
agnostic conversations. It uses a retriever to
fetch diseases from a database. We use the
larger model called DiagnosisGPT-34B (fine-
tuned from Yi-34B) for benchmarking.

. MDAgents:  Medical Decision-making
Agents (MDAgents) (Kim et al., 2024)
It uses an agentic setup where multiple
specialists like radiologists, endocrinologists,
etc (simulated via LLMs) collaborate to
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. MedConvBench: Let £ = {ey, ..

act on a patient case. There are two major
differences between MDAgents and VAIDYA:
(a) The original system is designed for
simple question-answering and does not
allow specialists to ask follow-up questions
to the patient. To enable conversational,
multi-turn interactions, we introduce a Family
Doctor agent who serves as the patient’s
representative. This addition allows special-
ists to exchange follow-up questions and
engage in a more natural dialogue.(b) In the
original setup, specialist roles are assigned
only by broad medical domains, and the
agents do not perform structured anatomical,
symptomatological, or etiological reasoning.
Moreover, there is no state-based progression
of the diagnostic process.

4.2.2 Datasets
We broadly evaluate on three datasets:

1. DiagBench: Each conversation file between

the agent and the patient simulator in Diag-
Bench ends with a final diagnosis provided
by the agent. We use GPT-4.1 to evaluate the
final diagnosis. The final diagnosis receives
a score of 1 if the diagnosis is clinically iden-
tical to the expected diagnosis or a strictly
more specific version OR if the core disease
has been identified correctly but a small sec-
ondary component is missing such that the
overall prognosis/treatment plan would not
be affected. The final diagnosis receives a
score of 0 if the final diagnosis is incorrect
or the there is a major error in identifying the
etiology.

., € N} de-
note the set of expected questions for a case,
and let w; € {0.5,1} be the weight assigned
to e;. Let r; € {0, 1} indicate whether a se-
mantically matching agent question is iden-
tified for e; (as evaluated by GPT-4.1). The
normalized case score (S) is computed as

i=1 Wi

S:

A detailed statistical human evaluation (per-
formed by clinicians) of the LLM-as-a-Judge
(GPT-4.1) has been presented in Appendix B.

. SCTBench: Script Concordance Testing

(SCTBench) (McCoy et al., 2025) represents



a validated medical evaluation instrument tai-
lored to assess clinical reasoning in situa-
tions of uncertainty. Distinct from conven-
tional multiple-choice formats, SCTs assess
the impact of emerging information on diag-
nostic and therapeutic hypotheses. The public
repository exclusively features 174 questions
sourced from the Open Medical SCT and Ade-
laide SCT datasets.

4.3 Results

All the scores reported in this section have been
averaged over two runs to ensure consistency.

4.3.1 DiagBench

Table 1 presents a comparison of the diagnostic
performance of various LLMs against VAIDYA,
while Table 2 shows the diagnostic accuracy of
different frameworks on the DiagBench dataset.

VAIDYA (gpt-5) achieves the highest diagnos-
tic accuracy at 72.5% showcasing a 21.7% im-
provement, outperforming all other models. The
effect is pronounced among open-source models
as well: Qwen3 8B and MedGemma 27B yield
an absolute improvement of 9% and 15.9% re-
spectively. When comparing across frameworks
(Table 2), VAIDYA outperforms others by a sig-
nificant margin. One major reason for the poor
performance of the Chain-of-Diagnosis framework
is its tendency to overfit. While it performed well
on its training data, it failed to generalize to out-of-
distribution cases.

Table 1: DiagBench scores across Vanilla LLMs and
VAIDYA, expressed in %. The best score for each cate-
gory has been highlighted in bold. Values in brackets
show the absolute % change over Vanilla LLMs.

Model Vanilla LLM VAIDYA

Qwen3 8B 38.4 47.4 (+9.0%)
MedGemma 27B 37.5 53.4 (+15.9%)
Qwen2.5 72B 45.1 51.5 (+6.4%)
Deepseek V3.1 48.6 52.8 (+4.2%)
Grok 4 51.9 53.4 (+1.5%)
o4-mini 53.8 62.5 (+8.7%)
03 63.2 64.9 (+1.7%)
gpt-5 50.8 72.5 (+21.7%)

4.3.2 MedConvBench

Table 3 presents the performance of Vanilla LLMs
against VAIDYA, while Table 4 shows the scores
across different frameworks, both on the MedCon-
vBench dataset. Here the score is averaged over
500 samples and is reported out of 1.
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Table 2: DiagBench scores across different frameworks
expressed in %. The best score has been highlighted in
bold

Framework Score
Chain-of-Diagnosis | 0.7
MDAgents 41.5
VAIDYA (gpt-5) 72.5

Table 3: MedConvBench scores across Vanilla LLMs
and VAIDYA, expressed out of 1. The best score for
each category has been highlighted in bold. Values in
bracket show the absolute % change over Vanilla LLMs

Model Vanilla LLM VAIDYA

Qwen3 8B 0.450 0.572 (+12.2%)
MedGemma 27B 0.443 0.559 (+11.6%)
Qwen2.5 72B 0.426 0.607 (+18.1%)
Deepseek V3.1 0.413 0.622 (+21.9%)
Grok 4 0.441 0.557 (+11.6%)
04-mini 0.559 0.632 (+7.3%)
03 0.637 0.659 (+2.2%)
gpt-5 0.576 0.81 (+23.4%)

As with DiagBench, VAIDYA (gpt-5) achieves
the highest score of 0.81, giving a 23.4% improve-
ment. As evident from Table 3, VAIDYA was
able to uplift the performance of all the LLMs
with a staggering 21.9% increase for Deepseek
V3.1 and 18.9% observed in the case of Qwen
2.5 72B. VAIDYA also outperforms both Chain-of-
Diagnosis and MDAgents comprehensively. These
results highlight VAIDYA'’s strong generalizabil-
ity and consistent performance across datasets and
LLM:s of all scales.

4.3.3 SCTBench

On the SCTBench dataset (Table 5), we compare
the performance of VAIDYA with the base LLMs.
For both models where a direct comparison is avail-
able, VAIDYA achieves an improvement of approx-
imately 4% over gpt-4o and ol-preview. These
performance gains are reported for reasoning and
few-shot evaluation mode.

4.4 Ablation Study

Ablation studies are conducted to elucidate the
impact of model design choices on diagnostic per-
formance. These studies focus on two main areas:
the number of conversational rounds and the com-
ponents of VAIDYA'’s architecture.

Table 6 examines the effect of varying the total
number of conversational rounds (K) in VAIDYA
(03) on DiagBench. The results indicate that diag-
nostic accuracy peaks at K = 5 (64.90%), with



Table 4: MedConvBench scores across frameworks,
expressed out of 1. The best score has been highlighted
in bold

Framework Score
Chain-of-Diagnosis | 0.057
MDAgents 0.484
VAIDYA (gpt-5) 0.81

Table 5: SCTBench scores. The values referenced from
the original paper have been highlighted with *. The
best score has been highlighted in bold

Approach Score
gpt-4o* 65.52
ol-preview* 70.8

VAIDYA (gpt-40) 69.03
VAIDYA (ol-preview) | 74.94

a slightly drop observed at K = 3 (59.64%) and
K =7(61.90%).

Table 7 presents an ablation on the modular
components of VAIDYA on DiagBench. VAIDYA
(04-mini) achieves an accuracy of 62.50%. Re-
moving the history Taker(HT) or the anatomi-
cal/symptomatological (ana & sym) component
results in a decrease in performance, highlighting
the importance of these components in the over-
all architecture. A key observation can be seen in
the case of HT. HT is vital because it reveals the
patient’s symptoms, risk factors, and context, guid-
ing the model toward the most likely diagnoses.
Without it, models would rely on incomplete in-
formation, increasing the risk of misinterpretation,
unnecessary tests, and significant drops in diagnos-
tic accuracy.

Table 6: Ablation Study (Number of Rounds)
K=3 K=5 K=7
59.64 (-5.26%) | 64.90 | 61.90 (-3.00%)

5 Failure Case Study

The clinicians conducted a manual review of 25
conversation transcripts for each of the following
two scenarios: (a) cases where both the vanilla
LLM and the VAIDYA agent produced incorrect
diagnoses, and (b) cases where the VAIDYA agent
succeeded while the vanilla LLM failed. Here gpt-
5 was chosen as the LLM backbone. The following
key observations emerged from this analysis:

(a) A prominent limitation observed in the vanilla
LLM was the presence of anchoring bias, an
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Table 7: Ablation on VAIDYA components

Vanilla w/o HT w/o ana &
Sym component
62.50 | 57.63 (-4.87%) | 60.23 (-2.27%)

over-reliance on the patient’s prior medical
history. This often resulted in a narrow di-
agnostic trajectory, with the model overlook-
ing alternative explanations. Our framework
demonstrated a reduction in this bias by pro-
moting a more comprehensive exploration of
etiology.
(b) Confirmation bias was also frequently ob-
served. The vanilla LLM often ignored po-
tential diagnoses if the presented symptoms
did not closely align with prototypical pat-
terns encountered during training. In real life,
doctors sometimes rely on their experience to
consider unusual cases, but the model tends to
be too strict. This issue was consistent across
multiple LLM variants, with smaller open-
source models exhibiting more susceptibility.

(c) The vanilla LLM exhibited a tendency to pro-
vide overly broad or generic diagnoses, par-
ticularly in the case of open-source models.
This was amplified by insufficient incorpo-
ration of anatomical reasoning. In many
instances, the vanilla LLM focused exclu-
sively on symptomatic descriptions, which
contributed to non-specific diagnoses. Our
approach mitigated this issue to a certain ex-
tent by embedding anatomical analysis as an
explicit component of the diagnostic process.

6 Conclusion

In this work, we introduced VAIDYA, a modular
framework that strengthens the clinical reasoning
abilities of large language models by mirroring the
structured, step-wise diagnostic approach used by
physicians. To support rigorous evaluation, we
developed two benchmarks: DiagBench and Med-
ConvBench, which measure the accuracy and clini-
cal alignment of the differential diagnosis produced
by conversational medical agents. With the rise of
RL-based training methods, these benchmarks of-
fer natural opportunities for outcome and process-
based reward signals respectively. Our extensive
experiments across models and settings show that
VAIDYA consistently boosts performance on both



benchmarks while markedly improving the clarity
and transparency of diagnostic reasoning.

Limitations

We acknowledge few limitations in our proposed
method. First, the current benchmarks assess clini-
cal reasoning solely through textual input, without
incorporating additional digital modalities such as
blood test reports, X-rays, or MRIs. These modali-
ties are often critical for accurate differential diag-
nosis, particularly in complex cases.

Second, while we provide a set of gold-standard
questions in MedConvBench, they may not be ex-
haustive in every scenario. A potentially more
robust evaluation approach could involve expert
human reviewers to assess the clinical relevance
and quality of the questions generated. However,
this method introduces challenges of scalability,
cost, and susceptibility to human bias.

Ethical Considerations

All the datasets used for benchmarking are publicly
available and have been cited appropriately. Our
method primarily intends to improve the diagnos-
tic capabilities of LLMs. However, it should not
be used in isolation for diagnosing patients and a
trained healthcare professional must be consulted
before taking any decision.
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As part of the evaluations outlined in Appendix
A and Appendix B, we randomly selected 50 over-
lapping samples from the DiagBench and Med-
ConvBench benchmarks, which were subsequently
evaluated by the clinician panel. For this study, we
choose the conversations recorded with gpt-5 as
the backbone LLM in VAIDYA.

A Evaluation of the Patient Simulator

We evaluate the patient simulator’s responses along
two dimensions: hallucinations and diagnosis leak-
age.

A.1 Assessing Hallucinations

A hallucination refers to the act of patient simu-
lator introducing information, such as symptoms,
history, or clinical details, that is not supported by
or present in the underlying dataset. In other words,
it “makes up” facts that the real patient case does
not contain.

Over the 50 samples, clinicians were instructed
to classify any possible hallucinations as either
minor (those that do not alter the diagnostic tra-
jectory) or major (those that could influence the
final diagnosis and potentially lead to an incorrect
outcome). Since the agent posed multiple ques-
tions within each conversation, responses to all
individual questions were examined. Across the 50
sampled cases, clinicians reviewed a total of 428
patient-simulator responses to doctor queries. Of
these, 15 (3.5%) instances of hallucination were
identified, with 13 (3.03%) categorized as minor
and only 2 (0.46%) deemed major.

A.2 Diagnosis Leakage

Across all 50 cases, there was no instance in which
the patient simulator revealed the ground-truth di-
agnosis. This is expected, as the simulator has no
access to the ground-truth labels and does not pro-
vide unsolicited diagnostic suggestions during the
interactions.

These findings suggest that the patient simulator
behaves reliably and is suitable for integration into
large-scale experiments as a reasonable proxy for
human participants.

B Evaluation of the LLM-as-a-Judge

B.1 DiagBench

In this evaluation, the LLLM-as-a-judge (GPT-4.1)
was instructed to determine whether the agent’s
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diagnosis aligned with the ground-truth label, fol-
lowing the criteria defined in Section 3.2.2. Inde-
pendently, clinicians assessed the same set of 50
conversations without access to GPT-4.1’s scores.
Across all evaluations, there was only 1 instance
of disagreement between the clinicians’ judgment
and GPT-4.1. Based on this comparison, the result-
ing precision was 0.96, the recall was 1.00, and the
F1-score was 0.98.

B.2 MedConvBench

GPT-4.1, serving as the LLM-as-a-Judge, was used
to assess the semantic similarity of the dataset’s
gold-standard questions and to determine whether
the doctor agent addressed them in each case. To
reduce human bias, three clinicians independently
scored every sample without seeing GPT-4.1’s eval-
uations. We then compute the Mean Absolute Error
(MAE) and pearson’s correlation coefficient(r) be-
tween GPT-4.1’s scores and the clinicians’ average
scores as described below:

MAE = 2i=11%i — il
n
(i — #) (5 — )

VS V- 07

where n is the number of samples evaluated (here
50), z; and y; represent the score given by GPT-
4.1 and clinicians for the i*” case respectively. Z
and y represent the respective mean values. We
obtain MAE of 0.026 and pearson’s correlation co-
efficent () value of 0.951, indicating strong agree-
ment between GPT-4.1’s scoring and that of the
clinicians, supporting its suitability for large-scale
evaluations.



C Implementation of the Vanilla LLM Agent

The Vanilla LLM Agent is a round-based, LLM-driven clinical interview controller that carries out
differential diagnosis. It follows a predefined workflow for the diagnosis process. In rounds 1-3, the
system is limited to asking one or two focused, high-yield questions per round and is not allowed to
propose any diagnoses. From round 4 onward, it must produce a concise synthesis that includes a primary
diagnosis, two to three alternate differential diagnoses, a brief justification, and a qualitative confidence
level. The framework is model-agnostic, enabling fair benchmarking across different models. The primary
distinction between the Vanilla LLM agent and VAIDYA lies in the latter’s incorporation of a structured,
state-based workflow. Unlike the Vanilla LLM agent, VAIDYA systematically conducts history-taking
followed by symptomatological, anatomical, and etiological analyses. The prompts used in the Vanilla
LLM agent are described in Appendix C.1.

C.1 Prompts used in Vanilla LLM Agent

round_id in the Diagnostic Prompt refers to the number of rounds of questions already been asked.

Initial Prompt

You are an experienced medical doctor conducting a patient consultation.

Patient information:

» Age: (age)

e Gender: (gender)

* Allergies: (allergies)

* Chronic diseases: (chronic_diseases)

This is your first interaction with the patient who has presented with a complaint. Your goals are
to:

1. Greet the patient warmly
2. Ask 1-2 focused follow-up questions to better understand their symptoms
3. Begin the diagnostic process methodically

Be compassionate but professional and efficient. Focus on the most medically relevant questions.
DO NOT make a diagnosis yet — this is only the beginning of your consultation.

Information Gathering Prompt

You are an experienced medical doctor conducting a patient consultation. Your goal is to:

1. Ask single relevant follow-up questions to understand the patient’s symptoms. Ask one specific
symptom at a time.

2. Begin forming hypotheses about potential diagnoses

Focus on asking the most diagnostically useful questions. Be methodical in your information
gathering. Ask 1-2 focused questions with each response. Make sure these are single and specific
questions. Do NOT make a diagnosis yet — you need more information.
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Diagnosis Prompt

You are an experienced medical doctor conducting a patient consultation. You’ve gathered several
data points and now should:

1. Continue synthesizing the information toward a diagnosis
2. Ask any final clarifying questions if needed

3. If you have sufficient information (round (round_id)), provide:

* A most likely diagnosis with brief explanation
» 2-3 differential diagnoses to consider
* Confidence level in your primary diagnosis (low/medium/high)

If you feel you have enough information to make a diagnosis, structure your response like this:

Based on your symptoms of [key symptoms], I believe you likely have [primary

diagnosis].
This is because [brief explanation]. I would rate my confidence as
[low/medium/high].

Alternative diagnoses to consider include:

e [differential diagnosis 1]
e [differential diagnosis 2]
e [differential diagnosis 3]

Be decisive but acknowledge uncertainty where appropriate.

Diagnosis Extraction Prompt

Extract the diagnostic information from the doctor’s response in a structured format.
Return a JSON object with the following fields:

* primary_diagnosis: The most likely diagnosis

» differential_diagnoses: List of alternative possible diagnoses
e confidence_level: The doctor’s confidence (1ow, medium, high)
* reasoning: Brief reasoning for the primary diagnosis

If any field is not explicitly mentioned, leave it empty or make a best guess based on context.

D Prompts for VAIDYA modules

The prompts for anatomical, symptomatological and etiological specialists are elaborated in the below
figures respectively. patient_query refers to the latest response given by the patient after which the doctor
will plan the next question.
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Anatomical Specialist Prompt

Based on the conversation history and the patient’s latest query, your task is to precisely localize
the anatomical source of symptoms. For each anatomical region that could be involved:

1. Evaluate the likelihood based on the patient’s symptoms (high/medium/low)
2. Identify key distinguishing features that would confirm involvement of this region

3. Consider what additional clinical information or diagnostic tools (e.g., X-ray, MRI, blood
tests, nerve studies) might help further localize or clarify the issue

4. Note any contradictory findings that make involvement of this region less likely
Then, formulate targeted questions that would most effectively:
* Distinguish between the most likely anatomical regions involved
* Elicit specific symptoms or findings that have high diagnostic value
e Clarify any anatomical ambiguity in the symptoms described

Based on the patient query, simply craft diagnostic questions as your response and do not output
anything else.

Patient Query: (patient_query)

Response:

Symptomatological Specialist Prompt

Given the conversation between the patient and the assistant above, and based on the latest patient
query, your task is to:

1. Use your own clinical knowledge to reason about the user’s symptoms and possible causes.

2. Use your expertise to identify which symptom characteristics are key to refining the differen-
tial diagnosis.

3. Based on your reasoning, craft a single, clear, and specific diagnostic question that would
most effectively help distinguish between the most likely diseases.

Guidelines:
* Prioritize your own expert knowledge to design the most informative question.
* Output only the final diagnostic question, without any explanation or additional commentary.

Patient Query: (patient_query)
Response:
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Etiological Specialist Prompt

Given the conversation between the patient and the assistant above, and based on the latest patient
query, your task is to:

1. Carefully review the clinical details, noting the patient’s profile, timing, anatomical location,
symptom pattern, and any associated features.

2. Check if you need more information on the medical history of the patient to further understand
the etiology.

3. For each potential etiology category (infectious, inflammatory, neoplastic, traumatic,
metabolic, congenital, degenerative, vascular, etc.):

* Evaluate the likelihood based on the patient’s presentation (high/medium/low)
* Identify key temporal, epidemiological, and risk factors that support this etiology

Formulate a medically relevant, thoughtful, and friendly diagnostic question aimed at clarifying
the most likely cause of the patient’s condition—in other words, why this is happening. Focus
on questions that provide the highest information gain for determining etiology. Only output the
question as the response and nothing else.

Patient Query: (patient_query)

Response:

E Benchmark Example

A benchmark sample for Patient ID 3. On the left we have the patient details from DiagBench and the
right column contains the expected questions from MedConvBench.

Patient Case Summary

Patient ID: 3 Expected Questions:

Age: 70 .

Gender: M 1. Have you been measuring your temperature
regularly? Score: 0.5

Clinical Complaint: Shortness of breath

Case Study: Patient presents with Shortness 9
of breath that have been ongoing for one week.

The onset was gradual with severe severity.

Medical History: COPD, high blood pressure, 3, Have you noticed any changes in your ability

. Have your symptoms affected your daily ac-
tivities? Score: 1

appendix surgery, hip surgery, allergy to sulfa to exercise or perform physical activities?
drugs Score: 0.5

Current Medications: Ventolin inhaler,

Spiriva inhaler, medications for cholesterol, 4. Have you been using your inhalers as pre-
medications for high blood pressure, allergy to scribed? Score: 1

sulfa drugs. Additional Symptoms: Coughing
with sputum production, sputum color change
to yellow, wheezing, chest discomfort, chills,
possible fever, fatigue, no leg swelling, no fever 6
measurement but expecting a fever due to chills

5. Have you been around anyone with similar
symptoms? Score: 0.5

. Has the volume of your sputum increased
compared to normal? Score: 1

Expected Diagnosis: COPD exacerbation
7. What was the highest temperature you have

recorded? Score: 1

8. Are you experiencing increased cough fre-
quency or severity? Score: 1
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F Doctor-Patient Conversations

Conversation 1

Vanilla LLM (04-mini):

Patient: I’ve been having dry cough for two weeks for about Two weeks. It’s onset is sudden.
Doctor: Thank you for sharing that. To help narrow down possible causes, can you tell me if you
have experienced any fever or chills along with your cough?

Patient: No, I haven’t had any fever or chills.

Doctor: Thank you for clarifying. Have you noticed any shortness of breath or difficulty breathing
along with your cough?

Patient: Sometimes it feels hard to breathe when I’'m coughing a lot, and I get really tired.
Doctor: Thank you for letting me know. Have you noticed any wheezing or whistling sounds
when you breathe, especially during or after coughing?

Patient: Yes, I’ve noticed some wheezing when I breathe, especially after I cough.

Doctor: Based on your symptoms of a sudden onset dry cough lasting two weeks, occasional
difficulty breathing, fatigue, and wheezing (especially after coughing), I believe you most likely
have acute bronchitis. This is because acute bronchitis commonly presents with a dry or
productive cough, sometimes with wheezing and mild shortness of breath, and usually without
fever or chills. The fatigue you describe can also be a feature of bronchitis due to the persistent
cough and disrupted sleep. I would rate my confidence as medium because while your symptoms
fit acute bronchitis, there are other conditions that can present similarly. Alternative diagnoses to
consider include asthma exacerbation or undiagnosed asthma (wheezing and cough are classic,
especially if you have a history of allergies or similar episodes in the past), post-viral cough
(sometimes, a cough can linger after a viral upper respiratory infection, with airway irritation
causing wheezing), and allergic or irritant-induced cough (exposure to allergens or irritants like
smoke or dust can cause similar symptoms). If your symptoms worsen, you develop a fever, chest
pain, or significant difficulty breathing, please seek medical attention promptly. If this is your first
episode of wheezing, or if you have a history of asthma or allergies, further evaluation (such as
lung function testing) may be warranted.

VAIDYA (04-mini):

Patient: I’ve been having dry cough for two weeks for about Two weeks. It’s onset is sudden.
Doctor: Thank you for sharing that you’ve had a dry cough for about two weeks. I'd like to ask a
few questions to understand your symptoms better: Did the cough start suddenly, or did it build up
over time? Has the cough been getting better, worse, or staying the same since it started? How
often are you coughing during the day or night? Does it keep you awake? Is anything making your
cough better or worse, like exercise, cold air, or lying down? Do you have any other symptoms,
like fever, runny nose, sore throat, or trouble breathing? Have you been around anyone who is
sick, or have you traveled recently? Are you able to eat, drink, and play as usual? Do you have
any allergies or asthma?

Patient: 1. The cough started suddenly. 2. It’s been staying the same since it started. 3. I cough a
lot during the day and night, and it keeps me awake. 4. Lying down seems to make it worse. 5.
I don’t have a fever, runny nose, or sore throat, but I get tired and irritable after coughing, and
sometimes I turn blue during coughing fits. 6. I haven’t been around anyone sick or traveled
recently. 7. I’'m not eating and playing as much as usual because I'm tired after coughing. 8. I
don’t have any allergies or asthma.

Doctor: Do you ever make a high-pitched "whooping" sound when you breathe in after a coughing
fit, or do you vomit after coughing? Have you noticed any chest pain or discomfort when you
cough, or do you feel short of breath between coughing episodes? Has anyone in your household
or close contacts had a prolonged cough or similar symptoms recently, even if mild? Have you
had any recent vaccinations, especially for pertussis (whooping cough)? When you lie down, does
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the cough get worse right away, or does it take some time? Have you noticed any swelling in your
neck or face, or do your lips and fingertips turn blue during coughing fits? Have you ever choked
on food or a small object before the cough started? Has your voice changed, become hoarse, or
have you had any trouble swallowing?

Patient: 1. Yes, I vomit after coughing, but I don’t make a whooping sound. 2. I feel tired after
coughing, but I haven’t noticed chest pain or shortness of breath between coughing episodes. 3.
No, no one in my household or close contacts has had a prolonged cough or similar symptoms
recently. 4. I haven’t had any recent vaccinations. 5. The cough seems to get worse right away
when I lie down. 6. My lips turn blue during coughing fits. 7. No, I haven’t choked on food or a
small object before the cough started. 8. No, my voice hasn’t changed, and I haven’t had trouble
swallowing.

Doctor: Have you ever had a similar cough before, or any history of prolonged coughing illnesses,
and do you know if you received all your childhood vaccines, especially the one for whooping
cough (pertussis), when you were younger?

Patient: I haven’t had a cough like this before, and I don’t have any history of prolonged coughing
illnesses. I’'m not sure about all my vaccines, but I think I’ve had my childhood shots.

Doctor: Has anyone you know—such as classmates, teachers, or people at daycare—had a
long-lasting cough recently, and do you remember if you received a booster vaccine for whooping
cough (pertussis) when you were older (around age 4—6 or later)?

Patient: I don’t remember anyone around me having a long-lasting cough recently. I’'m not sure
about the booster vaccine for whooping cough.

Doctor: Have you noticed any pattern to your coughing fits, such as coming in repeated bursts
with periods of no symptoms in between, and do you feel completely well between these episodes,
or do you have ongoing tiredness or breathing trouble even when you’re not coughing?

Patient: The coughing fits seem to come in bursts, and I feel really tired after them. I also have
trouble breathing during the fits, and sometimes I turn blue. Even when I’m not coughing, I feel
tired.

Doctor: Diagnosis: Suspected Pertussis (Whooping Cough) with Possible Hypoxemia. Rea-
soning: You have had a sudden-onset, persistent dry cough for two weeks that has not improved.
The cough occurs in bursts (paroxysms), is severe enough to cause vomiting, and is worse when
lying down. It keeps you awake at night and is interfering with eating and playing. You report
turning blue (cyanosis) during coughing fits and having trouble breathing during these episodes,
suggesting significant coughing spells causing low oxygen levels (hypoxemia). You also feel
tired even between coughing fits, which is concerning. No fever, runny nose, or sore throat,
and no recent sick contacts or travel. No history of asthma or allergies. You are unsure about
your pertussis vaccination status or booster, which increases your risk. The pattern of severe,
prolonged, paroxysmal cough with post-tussive vomiting, cyanosis, and fatigue—especially in a
child—strongly suggests pertussis (whooping cough), even if the classic "whoop" sound is absent
(which is common in older children and adults). The blue color during coughing fits and ongoing
tiredness suggest possible complications such as hypoxemia or even early respiratory fatigue.
Foreign body aspiration is less likely given the gradual onset and lack of choking history. Asthma
is unlikely given the absence of wheezing, previous history, or triggers. Other infectious causes
(e.g., viral bronchitis) are less likely due to the absence of fever, runny nose, or sore throat, and
the severity/pattern of symptoms. Your symptoms are most consistent with pertussis (whooping
cough), a serious bacterial infection that can cause dangerous coughing fits, especially in children.
The episodes of turning blue and trouble breathing are warning signs that require urgent medical
attention. Please seek medical attention immediately. Turning blue during coughing fits and
ongoing fatigue are signs that your body may not be getting enough oxygen. You may need
oxygen support and specific treatment (antibiotics for pertussis and supportive care). This is
especially important for children, as pertussis can be life-threatening. If you are unable to reach
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your doctor quickly, go to the nearest emergency department or call emergency services. Bring
this information with you to help the healthcare team understand your situation.

Figure: Comparison of Vanilla LLM and VAIDYA on a dry cough case. VAIDYA is correct (pertussis),
while Vanilla LLM is incorrect (acute bronchitis).

Conversation 2

Vanilla LLM (04-mini):

Patient: I’ve been having pain in the left knee for about past month. It’s onset is gradual.
Doctor: Thank you for sharing that. To better understand your knee pain, can you tell me if the
pain is worse with activity, such as walking or climbing stairs, or does it also hurt when you are
resting?

Patient: The pain definitely gets worse with activity, especially when I’'m walking downstairs,
squatting, or running. It doesn’t really bother me when I’m resting.

Doctor: Thank you, that’s helpful. Have you noticed any swelling, locking, or a feeling that your
knee is giving way or unstable?

Patient: No, I haven’t noticed any swelling or a feeling of instability in my knee. It doesn’t lock
either.

Doctor: Thank you for clarifying. Have you experienced any recent injury or trauma to your knee,
even something minor that you might recall?

Patient: No, I haven’t had any recent injury or trauma to my knee.

Doctor: Based on your symptoms of gradual-onset left knee pain that worsens with activ-
ity—particularly walking downstairs, squatting, or running—and the absence of swelling, in-
stability, locking, or recent trauma, I believe you likely have patellofemoral pain syndrome
(also known as ''runner’s knee''). This is because your pain is activity-related, especially with
movements that load the patellofemoral joint (like stairs and squatting), and there are no signs of
acute injury or mechanical symptoms. I would rate my confidence as high. Alternative diagnoses
to consider include early osteoarthritis of the knee (less likely at your age unless you have risk
factors, but can present similarly), pes anserine bursitis (pain is usually more localized to the
inner knee), and iliotibial band syndrome (typically causes pain on the outer side of the knee). If
your symptoms persist, worsen, or you develop swelling, instability, or locking, further evaluation
(including physical examination and possibly imaging) would be warranted. In the meantime,
activity modification, strengthening exercises (especially of the quadriceps and hip muscles), and
ice may help.

VAIDYA (04-mini):

Patient: I’ve been having pain in the left knee for about past month. It’s onset is gradual.
Doctor: Thank you for sharing that you’ve been having left knee pain for the past month. I'd
like to ask a few more questions to better understand your symptoms: Can you describe how the
pain started? Was there any injury or specific activity that triggered it? Has the pain gotten worse,
stayed the same, or improved since it began? On a scale of 1 to 10, how severe is the pain at its
worst? Is the pain constant, or does it come and go? Are there any activities or movements that
make the pain worse, such as walking, climbing stairs, or bending your knee? Have you noticed
anything that helps relieve the pain, like rest, ice, or medication? Do you have any swelling,
stiffness, or locking/catching sensations in the knee? Have you had any previous knee problems or
surgeries? Your answers will help me get a clearer picture of what might be causing your knee
pain.

Patient: 1. The pain started gradually, and I can’t recall any specific injury or activity that

29



triggered it. 2. The pain has gotten worse over the past four weeks. 3. At its worst, the pain is
about a 7 out of 10. 4. The pain is not constant; it comes and goes. 5. The pain worsens when
I’m walking downstairs, squatting, or running. 6. Resting seems to help a bit, but I haven’t tried
ice or medication specifically for the knee pain. 7. I haven’t noticed any swelling, stiffness, or
locking/catching sensations in the knee. 8. I haven’t had any previous knee problems or surgeries.
Doctor: Is the pain located more in the front of your knee (around or behind the kneecap), on the
inner (medial) or outer (lateral) side, or in the back (popliteal area) of your knee? Do you feel
any grinding, popping, or clicking sensations in the knee when you bend it or go up/down stairs?
Does the pain worsen if you sit with your knee bent for a long time (like during a movie or car
ride)? When you press around your kneecap or on the joint line (either side of the knee), is there a
specific spot that feels especially tender? Have you noticed any weakness or giving way of the
knee during activity? Are you able to fully straighten and bend your knee without discomfort, or
is there any limitation in movement? Have you recently increased your physical activity, changed
your exercise routine, or started any new sports or activities?

Patient: 1. The pain is more in the front of my knee, underneath the kneecap. 2. Yes, I do feel
some crackling sounds in the knee when I bend it or go up and down stairs. 3. No, sitting with my
knee bent for a long time doesn’t seem to make it worse. 4. Pressing around the kneecap does feel
tender, especially in the front. 5. I haven’t noticed any weakness or giving way of the knee during
activity. 6. I can straighten and bend my knee, but it’s uncomfortable, especially when bending. 7.
I haven’t recently increased my physical activity or changed my exercise routine.

Doctor: Have you noticed any recent changes in your footwear, walking surfaces, or daily
routines—such as prolonged kneeling, squatting, or stair use—that might have increased pressure
on the front of your knee?

Patient: No, I haven’t changed my footwear or walking surfaces recently. I do use stairs quite a
bit, and I’ve been running and doing weight lifting as usual.

Doctor: Have you ever been diagnosed with any conditions that affect your joints, such as
rheumatoid arthritis, gout, or lupus, or do you have a family history of these conditions?
Patient: No, I've never been diagnosed with any joint conditions, and I don’t have a family history
of them either.

Doctor: Have you noticed any redness, warmth, or fever associated with your knee pain, or any
symptoms in other joints or areas of your body?

Patient: No, I haven’t noticed any redness, warmth, or fever with the knee pain, and I don’t have
any symptoms in other joints or areas of my body.

Doctor: Diagnosis: Patellofemoral Pain Syndrome (PFPS) — '""Runner’s Knee'' Reasoning:
The pain is localized to the front of the knee, underneath the kneecap (patella), and is tender when
pressing around the kneecap. This is characteristic of patellofemoral pain syndrome. The pain
developed gradually over a month, with no history of trauma or injury, which fits with PFPS,
as it is usually an overuse or biomechanical issue rather than acute injury. The pain worsens
with activities that increase patellofemoral joint stress, such as walking downstairs, squatting,
and running. These are classic triggers for PFPS. There is no swelling, locking, giving way,
redness, warmth, or systemic symptoms, making inflammatory, infectious, or significant internal
derangement (like meniscal or ligamentous injury) less likely. Crackling (crepitus) when bending
the knee or climbing stairs is commonly reported in PFPS. No recent increase in activity, but
regular running, stair use, and weight lifting can contribute to patellofemoral stress, especially
if there are subtle biomechanical issues (e.g., muscle imbalance, alignment issues). No fever,
warmth, redness, or involvement of other joints. Other considerations (less likely based on
current information): Patellar tendinopathy (usually presents with pain just below the kneecap
and is more focal), meniscal injury (typically involves locking, catching, or joint line tenderness),
osteoarthritis (unlikely at a younger age without risk factors and usually involves stiffness and
swelling), inflammatory or infectious arthritis (no systemic symptoms or warmth/redness). The
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most likely diagnosis is patellofemoral pain syndrome (PFPS), a common cause of anterior knee
pain associated with activities that load the patellofemoral joint. It is often seen in physically
active individuals and is aggravated by running, squatting, and stair use. Next steps: Activity
modification (reduce aggravating activities temporarily), ice and NSAIDs as needed for pain,
physical therapy focused on strengthening quadriceps, hip abductors, and stretching, consider
evaluation by a healthcare provider for confirmation and tailored management. If symptoms
worsen, persist beyond several weeks, or if new symptoms such as swelling, locking, instability,
or systemic symptoms develop, further evaluation (including imaging) may be warranted.

Figure: Comparison of Vanilla LLM and VAIDYA on a left knee pain case. VAIDYA is correct
(patellofemoral pain syndrome), while Vanilla LLM is also correct but provides less detailed
reasoning.

Conversation 3

Vanilla LLM (04-mini):

Patient: I've been having pain in the medial aspect of the right knee following a soccer injury for
about Two days. It’s onset is sudden.

Doctor: Thank you for sharing that information. To better understand your symptoms: Can you
describe the nature of the pain—does it feel sharp, dull, aching, or throbbing? Did you hear or
feel a pop at the time of the injury?

Patient: 1. The pain feels more like an aching sensation. 2. I didn’t hear or feel a pop when it
happened.

Doctor: Thank you for clarifying. Is the pain worse with certain movements or activities, such as
walking, bending the knee, or twisting? Have you noticed any swelling, bruising, or instability
(feeling like the knee might give way) since the injury?

Patient: 1. Yes, the pain gets worse when I try to bend my knee or twist it. Walking is also a bit
uncomfortable. 2. Yes, there’s swelling on the medial aspect of my right knee, and it’s also red. I
haven’t noticed any bruising or instability, though.

Doctor: Thank you for the details. Are you able to fully straighten and bend your knee, or is your
range of motion limited by pain or swelling? Have you had any locking (where the knee gets stuck
and won’t move) or catching sensations in the knee since the injury?

Patient: 1. It’s a bit difficult to fully straighten and bend my knee because of the pain and swelling.
2. No, I haven’t experienced any locking or catching sensations in my knee.

Doctor: Based on your symptoms of sudden onset medial knee pain, swelling, redness, and
difficulty with full range of motion following a soccer injury—without a popping sensation,
instability, or locking—I believe you most likely have a medial collateral ligament (MCL)
sprain. This is because the MCL is commonly injured in sports involving twisting or impact to
the knee, especially on the medial (inner) side, and typically presents with pain, swelling, and
difficulty moving the knee, but usually without locking or a popping sound. My confidence in this
diagnosis is high. Alternative diagnoses to consider include: Medial meniscus injury (less likely in
absence of locking/catching, but possible), Pes anserine bursitis (can cause medial knee pain and
swelling, but less commonly acute after trauma), Medial tibial plateau bone bruise or contusion. If
symptoms worsen, you develop instability, or you are unable to bear weight, further evaluation
(including imaging) may be necessary. Rest, ice, compression, and elevation (RICE) are helpful,
but I recommend seeing a healthcare provider for a physical examination and to discuss possible
imaging or physical therapy.

VAIDYA (04-mini):
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Patient: I've been having pain in the medial aspect of the right knee following a soccer injury for
about Two days. It’s onset is sudden.

Doctor: Thank you for sharing that. I'd like to ask a few more questions to better understand your
knee pain: Can you describe exactly how the injury happened during soccer? (e.g., twisting, direct
hit, sudden stop) Has the pain gotten better, worse, or stayed the same since it started two days
ago? On a scale of 1 to 10, how severe is the pain right now? Does anything make the pain worse,
like walking, bending, or twisting your knee? Is there anything that helps relieve the pain, such as
rest, ice, or medication? Have you noticed any swelling, bruising, or instability (like your knee
giving way)? Are you able to put weight on your right leg and walk normally? Have you had any
previous injuries to this knee? Your answers will help me guide you further.

Patient: 1. I was running and suddenly twisted my knee while trying to change direction quickly.
2. The pain has stayed about the same since it started. 3. Right now, I’d say the pain is around
a 5 out of 10. 4. Walking and bending my knee definitely make the pain worse. 5. Resting and
applying ice seem to help a bit. 6. Yes, there’s some redness and swelling on the medial aspect of
my knee. 7. I can put some weight on it, but walking normally is difficult. 8. No, I haven’t had
any previous injuries to this knee.

Doctor: When you twist your knee or try to walk, do you feel any sensation of the knee "giving
way" or instability, or does it just hurt without feeling unstable? Is the pain very localized to one
spot on the inner (medial) side of your knee, or does it spread out over a larger area? Can you fully
straighten and bend your knee, or is your range of motion limited? If limited, is it due to pain,
swelling, or a feeling of mechanical blockage (like something is catching inside the knee)? If you
press along the joint line on the inner side of your knee, is there a specific spot that is especially
tender? Have you noticed any clicking, popping, or locking sensations in your knee since the
injury? Is the swelling mostly over the bony part just below the knee joint (tibia), directly at the
joint line, or higher up toward the thigh? Are you able to bear weight better when your knee is
straight versus when it is bent? Do you have any numbness, tingling, or weakness in your lower
leg or foot?

Patient: 1. It just hurts without feeling unstable. 2. The pain is very localized to one spot on
the inner side of my knee. 3. My range of motion is limited due to pain and swelling. 4. Yes,
there’s a specific spot along the joint line that’s especially tender. 5. I haven’t noticed any clicking,
popping, or locking sensations. 6. The swelling is mostly directly at the joint line. 7. I can bear
weight better when my knee is straight. 8. I don’t have any numbness, tingling, or weakness in my
lower leg or foot.

Doctor: Thank you for those details. Since your pain is very localized to the inner joint line of
your knee, started suddenly after a twisting injury, and is associated with swelling and tenderness
right at the joint line (without instability or locking), could you tell me if you notice increased
pain when you try to rotate your lower leg outward (external rotation) while your knee is slightly
bent, or when someone presses on the inner joint line while your leg is in this position? This can
help clarify if the medial meniscus or the medial collateral ligament is most likely involved.
Patient: Yes, I do feel increased pain when I try to rotate my lower leg outward while my knee is
slightly bent. It also hurts when someone presses on the inner joint line in that position.

Doctor: Have you noticed any episodes where your knee suddenly locks up and you can’t fully
straighten or bend it, even temporarily, since the injury?

Patient: No, I haven’t noticed any locking in my knee since the injury.

Doctor: Have you had any fever, chills, or feeling generally unwell since your injury, or is the
pain strictly related to movement and pressure on your knee?

Patient: No, I haven’t had any fever or chills. The pain seems to be related to movement and
pressure on my knee.

Doctor: Diagnosis: Suspected Medial Meniscus Tear (Right Knee) Reasoning: The patient
experienced a sudden twisting injury while changing direction during soccer, a classic mechanism
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for meniscal injury. Pain is very localized to the medial (inner) joint line of the right knee, which
is typical for a medial meniscus injury. Pain began suddenly after the injury and has persisted
for two days. There is swelling and redness over the medial joint line, and the area is especially
tender to touch. Pain worsens with walking, bending, and especially with external rotation of the
lower leg while the knee is flexed (a provocative test for meniscus injury). No locking, catching,
or instability reported, which suggests the tear may not be large or causing a mechanical block.
No fever, chills, or signs of systemic illness, making infection unlikely. No previous knee injuries.
Less likely diagnoses: Medial Collateral Ligament (MCL) Sprain (possible but less likely), Pes
Anserine Bursitis, Fracture or Osteochondral Injury. Recommendation: The patient should avoid
activities that worsen pain, continue rest and ice, and seek evaluation by a healthcare provider for a
physical examination and possibly imaging (MRI) to confirm the diagnosis and guide management.
If severe swelling, inability to bear weight, or mechanical symptoms (locking, catching) develop,
urgent evaluation is warranted.

Figure: Comparison of Vanilla LLM and VAIDYA on a right knee injury case. VAIDYA is incorrect
(medial meniscus tear), while Vanilla LLM is correct (MCL sprain).
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