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Abstract
This study analyzes the behaviour of intelligent agents powered by Large Language Models (LLMs) in a doctor-
patient interaction scenario. Various configurations were developed and tested, where agents played specific roles
using both open-source and proprietary models, such as AI-Growth-Lab_llama-2-7b-clinical-innovation, meditron-
7b and GPT-4. The main objective was to evaluate these models’ ability to generate realistic and consistent
interactions in a clinical context. Anonymized medical records were used and a conversational interface based
on AutoGen was implemented. The results indicate that while proprietary models like GPT-4 exhibit greater
coherence and accuracy in medical reasoning, certain open-source models demonstrated promising capabilities,
achieving reasonable performance particularly with careful prompt engineering, although requiring further
optimization to match the robustness observed in proprietary counterparts. This work lays the foundation
for improving conversational agents in medical training and opens the door for future research on optimizing
open-source models for use in healthcare environments.
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1. Introduction

Large Language Models (LLMs) have experienced rapid advancements recently, enabling their ap-
plication in diverse fields, including healthcare [1]. These models, trained on vast amounts of text
data, are capable of generating human-like responses and engaging in complex interactions. In the
medical domain, AI-driven conversational agents hold significant potential to revolutionize training [2],
diagnosis support [3], and patient interaction [4].

This study focuses on developing and evaluating intelligent agents powered by LLMs to simulate
doctor-patient interactions. Originating from a collaboration between ITA and IACS, this work evaluates
the feasibility of using LLM-based agents for realistic clinical dialogue simulation. The primary goal is
to determine effective configurations and compare the performance of different LLMs in generating
realistic and coherent interactions between a virtual patient and a virtual or human doctor.

To accomplish this, we explored various LLMs, including the proprietary model GPT-4 [5], known
for its strong performance on medical benchmarks [6], and several open-source alternatives specifically
tuned or relevant for medical contexts, such as AI-Growth-Lab_llama-2-7b-clinical-innovation [7] and
meditron-7b [8]. The agents were designed to participate in simulated medical consultations, where a
virtual patient describes symptoms and a simulated or human doctor responds with diagnostic reasoning
and recommendations. Different configurations were tested to evaluate the models’ ability to simulate
realistic behaviours, maintain contextual coherence, and adapt to potentially specified emotional states
within the conversation.

Additionally, an interactive interface was developed using the AutoGen framework [9], enabling
dynamic role-based interactions between agents. The system was tested with anonymized medical
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records representing common clinical scenarios (e.g., congestive heart failure) to ground the simulations.
Our evaluation provides comparative insights into the strengths and limitations of these LLMs

for medical dialogue simulation. While proprietary models like GPT-4 demonstrated generally higher
coherence and clinical reasoning alignment, certain open-source models exhibited promising capabilities,
achieving reasonable performance with careful prompt engineering, though often requiring further
fine-tuning for consistent role adherence and nuanced responses. This research lays the groundwork for
improving AI-driven medical simulations and highlights the challenges and opportunities in optimizing
open-source LLMs for reliable use within clinical training environments. This paper details the related
work (Sec. 2), the system architecture (Sec. 3), presents our evaluation methodology and findings (Sec. 4),
and discusses implications and future directions (Sec. 5).

2. Related Work

The use of Large Language Models (LLMs) in healthcare has rapidly expanded [1]. These models have
explored for various purposes, including diagnostic assistance [3], summarizing clinical notes [10],
enhancing patient interaction [4], and notably, for training simulations for healthcare professionals [2].
Central to simulation is the management of conversational agents, leading researchers to investigate
different frameworks for managing intelligent agents in complex, role-based dialogue scenarios.

One generative agent framework is Smallville [11], which simulates believable agent behaviours
in a virtual town. Smallville enables complex multi-agent interactions. However, our analysis and
preliminary tests [12] suggested its architecture, emphasizing memory and planning over long horizons,
was less suited for the immediate, reactive dialogue flow typical of medical consultations compared to
frameworks designed specifically for conversational agent orchestration.

An alternative approach adopted in this work is AutoGen [9], a framework designed for orches-
trating multiple LLM-driven agents with distinct roles and interactive capabilities. AutoGen provides
mechanisms for defining agent roles, communication patterns, and tool usage, making it particularly
suitable for simulating multi-turn conversations like doctor-patient dialogues. Unlike Smallville’s focus
on long-term planned behaviour, AutoGen facilitates flexible conversational flows where agents react
to each other’s utterances, while still adhering to predefined personas and instructions.

Additionally, our work involved evaluating various open-source LLMs released through platforms
like Hugging Face [13], focusing on models with potential medical relevance like AI-Growth-Lab_llama-
2-7b-clinical-innovation [7] and meditron-7b [8]. These models were compared against GPT-4, a high-
performing proprietary model whose capabilities in medical knowledge and reasoning have been
documented [6]. While benchmarks like the USMLE provide one dimension of evaluation [6, 3],
assessing performance in nuanced, interactive dialogue simulation remains crucial.

Despite the growing interest in AI-driven medical agents, rigorous comparative studies focusing
specifically on the conversational fidelity and role consistency of different LLMs (open-source vs.
proprietary) in simulated clinical dialogues are still emerging.

3. AI-Driven Doctor-Patient Interaction System

The overall architecture is described in the (Sec. 3.1), the data processing pipeline (Sec. 3.2), and the
framework used for recommendation generation and evaluation (Sec. 3.3).

3.1. Architecture

The system architecture is designed to support structured doctor-patient conversations, enabling
simulations involving various configurations: two virtual agents (AI Doctor-AI Patient), a human
doctor interacting with a virtual patient, or three virtual agents AI Doctor-AI Patient-AI Nurse). The
architecture is built using the AutoGen framework [9], which facilitates multi-agent interactions and
integrates different Large Language Models (LLMs) to drive the agents’ behaviour.



3.1.1. System Components

The system consists of four main components, illustrated in Figure 1:

• Agent Manager: Orchestrates the conversation flow using AutoGen’s capabilities, ensuring that
agents adhere to their assigned roles (e.g., doctor, patient, nurse) and communication protocols.

• LLM Engine: Generates agent responses based on role-specific prompts, conversation history,
and contextual medical data. It supports multiple models, including GPT-4, AI-Growth-Lab_llama-
2-7b-clinical-innovation, meditron-7b, and mistral [14].

• Conversational Interface: Implemented with chainlit, software, providing a user-friendly chat
interface for real-time interaction and visualization of agent conversations.

• Medical Data Processor: Handles anonymized clinical source data (provided by IACS), trans-
forming them into structured patient profiles or case summaries suitable for initializing agent
interactions.

Figure 1: System Architecture Block Diagram. Illustrates the interaction between the Agent Manager
(Autogen), LLM Engine, Conversational Interface (Chainlit), and Medical Data Processor.

3.1.2. Role-Based Agent Configuration

Each agent operates based on a predefined role and behavior, defined via customized prompts. Examples
include:

• Virtual Patient: Simulates a patient with specific medical conditions, instructed to respond
based on provided case data and potentially exhibit predefined emotional states (e.g., anxious,
calm).

• Virtual Doctor: Engages in diagnostic reasoning, asks relevant questions, and suggests potential
diagnoses or next steps based on the interaction and its underlying LLM’s capabilities.

• Virtual Nurse (Optional): Can be configured to assist in patient care coordination, act as an
intermediary, or provide specific information when needed.

The Autogen framework allows flexible configuration of these roles and their interaction patterns (e.g.,
turn-taking sequences) based on the specific simulation scenario.



3.1.3. Model Selection

The system architecture, leveraging Autogen, supports flexible integration of various LLMs to power
the agents, enabling comparative evaluations. Proprietary models such as GPT-4 offer strong baseline
performance due to extensive training. Open-source models like AI-Growth-Lab_llama-2-7b-clinical-
innovation, meditron-7b, and mistral [14] are evaluated for their ability to simulate realistic medical
dialogues, particularly given potential domain-specific tuning. These models can be accessed through
API endpoints (e.g., for GPT-4) or local deployments (e.g., for open-source models using frameworks
like Ollama or vLLM), ensuring flexibility in system configuration and experimentation.

3.2. Pipeline

The interaction pipeline follows a structured sequence to ensure coherence and traceability in the
simulated conversations.

3.2.1. Data Processing

The system processes anonymized clinical data sourced from IACS’s medical data infrastructure. This
data is prepared into three primary formats for agent initialization:

• Full medical history: Provides comprehensive background, potentially used for grounding
more complex simulations (though less frequently used in prompt due to length limitations).

• Summarized patient profiles: Concise summaries, often automatically generated (e.g., using
another LLM pass), highlighting key symptoms, history, and demographics for initializing the
patient agent’s persona.

• Clinical case questionnaires: Structured Question-Answer formats representing key facts or
expected responses, used to constrain or guide the patient agent’s replies in specific scenarios.

3.2.2. Interaction Workflow

The conversation process typically follows four main stages:

1. Patient Initialization: A virtual patient agent is instantiated, assigned a medical condition
(based on the processed data) and potentially an initial emotional state.

2. Doctor-Patient Conversation: The doctor agent (human or AI) interacts with the patient agent,
asking questions and gathering information. The virtual patient responds based on its persona,
instructions, and the underlying LLM’s generation capabilities.

3. Decision Making / Recommendation: The virtual doctor agent synthesizes information and
may propose diagnostic hypotheses, suggest further tests, or outline potential treatment directions.
In multi-agent setups, the virtual nurse may intervene according to predefined rules.

4. Logging and Analysis Output: The entire conversation transcript, including agent roles and
timestamps, is logged. Key interaction points or generated recommendations are flagged for
subsequent evaluation (detailed in Section 4).

This pipeline ensures that conversations are structured and reproducible, facilitating the analysis of AI
agent behaviour in simulated medical interactions for training or research purposes.

3.3. Recommendation Generation and Evaluation Framework

This section outlines the framework within our system for (Sec. 3.3.1) generating medical recommenda-
tions by the virtual doctor agent and (Sec. 3.3.2) evaluating the quality of these recommendations and
the associated patient agent reactions. The goal is to assess the coherence, medical plausibility, and
contextual appropriateness of the simulated interaction outputs.



3.3.1. Generation of Medical Recommendations

The virtual doctor agent, powered by its configured LLM, generates medical recommendations dynami-
cally within the conversation based on the patient’s reported symptoms, the ongoing dialogue, and
its internal knowledge derived from training data. These recommendations can include diagnostic
hypotheses, treatment suggestions, referrals to specialists, or suggestions for further medical tests.
Crucially, the agent simulates the reasoning process of a medical professional rather than performing
actual clinical decision-making.

The generation process is guided by the agent’s prompt, which typically instructs it to follow a logical
flow: gather patient information, potentially form differential diagnoses (implicitly or explicitly), and
then propose next steps or recommendations based on the synthesized information.

The effectiveness of this recommendation generation depends on the LLM’s ability to produce logical,
medically plausible, and contextually appropriate responses while adhering to its assigned role and
avoiding clinically unsafe or nonsensical suggestions.

3.3.2. Evaluation of Recommendation Quality and Patient Reaction

The evaluation framework assesses the generated recommendations and patient reactions along several
dimensions, serving as the basis for the results presented in Section 4.

Recommendation Quality: This involves evaluating whether the doctor agent’s recommendations
are:

• Clinically Plausible: Consistent with general medical knowledge for the presented symptoms,
avoiding major contradictions or harmful suggestions.

• Contextually Relevant: Appropriate given the specific information exchanged during the
dialogue.

• Coherent: Logically consistent with the preceding conversation turns.

This is assessed qualitatively using expert human raters who applied a structured rubric focusing on
clinical plausibility, contextual relevance, coherence, and the role-consistency and interactional plausi-
bility of the patient agent’s reactions, with additional preliminary feedback from medical professionals.

Patient Agent Reaction: We analyze the virtual patient agent’s response to the doctor’s recommen-
dations. Given that the patient agent is also LLM-driven and guided by its persona (including potential
emotional states), we evaluate if its reaction is:

• Role-Consistent: Aligns with the defined patient profile and emotional state.
• Interactionally Plausible: Represents a believable human-like reaction (e.g., seeking clarifica-

tion, expressing understanding or concern) in the context of the recommendation.

This provides insight into the LLMs’ ability to handle interaction dynamics.
The evaluation methodology (detailed in Section 4) applies these criteria across multiple simulated

cases and different LLM configurations (both AI-AI and Human-AI setups) to compare performance
systematically.

This framework enables a structured assessment of key interaction aspects, providing quantitative
and qualitative data (see Section 4) to compare LLM behaviours and guide future improvements in
AI-based medical simulation.

4. Evaluation

The evaluation phase of this study was focused on assessing the effectiveness, accuracy, and realism
of the AI-driven doctor-patient interaction system described previously. Several experiments were
conducted to analyze the performance of different language models in simulated medical conversations,
the consistency of agent behaviours, and the system’s ability to generate plausible and context-aware



medical recommendations. The evaluation process considered multiple factors, including the nature
of the input data, model performance, experimental settings, and the overall quality of AI-generated
recommendations within the simulated clinical context.

The dataset used in the experiments consisted of anonymized clinical records, primarily focusing on
congestive heart failure. These records served as a realistic foundation for testing the AI agents’ ability
to simulate authentic medical interactions. The data was pre-processed to extract relevant information
for agent initialization. Additionally, summarization techniques were applied to condense medical
histories, ensuring that the AI models received structured and focused inputs, primarily through the
summarized patient profile format mentioned in Section 3.2.1.

Two main experimental scenarios were employed: The first scenario involved a human user (acting as
a doctor) interacting with an AI patient agent via the Chainlit interface, aimed at assessing the patient
agent’s interactive realism. The second scenario focused on AI-to-AI interactions, where both the doctor
and patient roles were played by LLM-driven agents managed by Autogen, designed to evaluate the
models’ ability to maintain coherent dialogue and role consistency over multiple turns. Throughout
these experiments, different LLMs were tested, including GPT-4, AI-Growth-Lab_llama-2-7b-clinical-
innovation, meditron-7b, and mistral. The generated interactions for each model were qualitatively
analyzed based on criteria including apparent clinical accuracy, logical consistency, adaptability to the
simulated context, and emotional responsiveness, where applicable.

Qualitative analysis of the results revealed observable differences in model performance. GPT-4
generally produced more coherent and contextually appropriate responses compared to the tested
open-source models, often demonstrating a clearer link between symptoms and potential diagnoses
while maintaining a structured conversational flow. AI-Growth-Lab_llama-2-7b-clinical-innovation
demonstrated reasonable capacity for understanding the medical context but exhibited occasional
inconsistencies, particularly in longer multi-turn interactions. Meditron-7b and mistral, while capable of
processing medical terminology, appeared to struggle more frequently to maintain contextual accuracy
and often generated generic rather than case-specific recommendations in comparison. Another notable
observation was the increased difficulty observed in the multi-agent scenarios if a nurse agent is
included, where role confusion and inconsistent responses appeared more frequently across models
when more than two agents interacted.

To further assess system performance, a subjective evaluation analysis was undertaken, focusing
on three key aspects derived from the interactions: clinical plausibility, consistency/coherence, and
user acceptance. Clinical plausibility was considered by qualitatively assessing whether AI-generated
recommendations aligned with general medical knowledge. Consistency and coherence were evaluated
by examining the AI’s ability to maintain logical continuity across multiple conversation turns without
obvious contradictions. Finally, aspects related to user acceptance were gauged via preliminary feedback
from a small group of medical professionals and trainees, who provided comments on the perceived
realism and potential utility of the interactions.

In Table 1 an excerpt is displayed an excerpt from a test. In this AI-AI scenario, two virtual agents
(doctor and patient) utilized the AI-Growth-Lab_llama-2-7b-clinical-innovation model. The patient
information used the summary style, and the virtual doctor was prompted with instructions intended to
evoke a ’lack of seriousness’ persona. As highlighted in the image, the conversation progresses, and the
doctor’s response marked in blue ("Of course, my friend...") illustrates the model adopting the prompted
informal persona, which serves as an example of behaviour control evaluated during the study. On the
other hand, in Table 2, a second excerpt using GPT-4 is displayed in an AI-AI-AI scenario with three
virtual agents (doctor, patient, and nurse). In this second excerpt, the roles are correctly assigned by the
virtual agents and the agent manager, as reflected in the behavior displayed in the chat interactions.

The evaluation process highlighted both the potential and the current limitations of using LLMs for
simulating medical interactions via this system. While the experiments demonstrated the feasibility
of generating doctor-patient interactions using different models, challenges persist for improved con-
textual awareness, convincing emotional portrayal, and consistent generation of clinically plausible
recommendations. The analysis suggests that future work should address fine-tuning approaches, refin-
ing prompt engineering techniques, and potentially incorporating more structured domain knowledge



Table 1
Example interaction excerpt 1 using AI-Growth-Lab_llama-2-7b-clinical-innovation for both doctor and
patient agents. The highlighted text shows the doctor agent adopting a prompted informal persona.

Speaker Message
Patient Oh, thank goodness! I’m so glad to hear that my blood pressure is stable, and I’ll

be sure to drink moderately from now on. My wife says I’ve been drinking too
much water lately, and she’s worried that I might overhydrate or even start having
electrolyte imbalances. I don’t want that to happen, so I’ll try to drink more smartly.

Doctor Excellent, I’m glad you understand the importance of drinking water in moderation.
Now, let me ask you something else. Have you ever been diagnosed with congestive
heart failure?

Patient Congestive heart failure? I’m not sure, Doc. You see, lately, I’ve been feeling short of
breath a lot, especially during exercise or when I exert myself physically. My doctor
in Teruel has told me that I have chronic heart failure, but he said nothing about
congestive heart failure. Can you explain what it means?

Doctor Certainly. Congestive heart failure (CHF) is a condition in which the heart is unable
to pump blood effectively, causing fluid buildup in the body. It can lead to shortness
of breath, fatigue, swelling in the legs, and weight gain. Congestive heart failure
is a more advanced stage of heart failure, which means that the heart has lost its
pumping power and is unable to deliver adequate blood flow to the body.

Patient Oh, I see. So that’s why I’ve been feeling so short of breath lately. It’s a good thing
I came here to see you, Doc, because I had no idea that my heart was in such bad
shape. I promise to take my treatment seriously and do everything you say to help
me feel better. Can you please tell me more about my condition and what you plan
to do to help me?

Doctor Of course, my friend. I’m glad you’re taking this seriously. Based on your medical
history, it seems that you have advanced heart failure, which means that your heart is
incapable of pumping blood effectively throughout your body. We need to develop a
treatment plan that will help alleviate your symptoms and slow down the progression
of your condition.

Patient Okay, I see. So you’re going to develop a treatment plan to help me feel better. Great!
What kind of treatment do you think would be best for me?

or feedback mechanisms to enhance reliability for training applications.

5. Conclusions and Future Work

This study explored the potential of AI-driven intelligent agents in simulated medical consultations,
focusing on their ability to simulate realistic doctor-patient interactions using the Autogen framework
and comparing different LLMs. The evaluation indicated that while agents powered by models like GPT-4,
AI-Growth-Lab_llama-2-7b-clinical-innovation, meditron-7b, and mistral can generate medically relevant
dialogue, performance varies notably. GPT-4 generally exhibited greater coherence and consistency
in generating plausible responses, whereas the tested open-source models, exemplified by AI-Growth-
Lab_llama-2-7b-clinical-innovation, while promising, showed more variability, particularly regarding
consistency in longer dialogues and in multi-agent settings. The findings suggest that LLM-based
simulation holds potential for medical training and related applications, but achieving consistent
reliability requires further development.

One of the main challenges observed during evaluation was variability in model performance when
handling multi-turn medical dialogues. The tested open-source models sometimes showed incon-
sistencies in role adherence and in consistently portraying specified emotional states. Additionally,
multi-agent interactions introduced challenges related to role confusion, where agents sometimes
appeared to deviate from their assigned identities. These issues highlight the need for continued work
on prompt engineering, consideration of model fine-tuning strategies, and potentially integrating more
explicit mechanisms for maintaining dialogue state and role clarity.



Table 2
Example interaction excerpt 2 using GPT-4 for the three participating agents.

Speaker Message
Doctor I’m Dr. Smith, your attending cardiologist for today. Could you tell me about your

medical history? Have you ever been diagnosed with congestive heart failure or do
you have any family history of it?

Patient No, never been diagnosed with that. Got no family history either. I’ve been having
trouble with my left leg though, real bad pain, can’t walk right. Got me scared, Doc.

Doctor I understand your concern. Let’s take a closer look at this. In terms of heart health,
congestive heart failure can cause swelling in the legs, resulting from fluid accumu-
lation. Are you experiencing any other symptoms like shortness of breath, fatigue,
rapid heart rate, persistent cough or wheezing, or loss of appetite?

Patient Well, Doc, now that you mention it, I’ve been feeling kind of tired lately. Can’t say
I’ve noticed anything else strange though, just the leg mainly.

Doctor Thank you for letting me know. The combination of pain and swelling in your leg
along with fatigue could be signs related to heart health but these symptoms can
also arise from other conditions. To ensure we have a complete picture, I am going
to order some tests including a blood test and echocardiogram right away which
will help me determine the health of your heart. Please wait for a moment while the
nurse gets those arranged.

Nurse Sure, Doctor. I’ll arrange for the patient’s blood test and echocardiogram right away.
Patient Thanks, nurse. I ain’t never liked tests, but I know they gotta be done. I’m just hoping

to get all this sorted soon.
Nurse I understand your concerns. Rest assured, these tests are crucial in helping us

understand your condition and how to best address it. We will do our best to make
the process as comfortable and easy as possible for you. Once the test results are
available, the doctor will discuss the next steps with you.

A key area for future work is the further investigation and potential fine-tuning of open-source models
specifically for clinical dialogue simulation. Techniques involving high-quality medical dialogue data or
reinforcement learning with clinician feedback could enhance accuracy and contextual understanding.
Additionally, further experiments are needed to optimize the interaction protocols for multiple agents
within Autogen, ensuring better coordination in complex scenarios involving doctors, patients, and
potentially nurses or medical assistants.

Another promising direction is the development of adaptive feedback mechanisms that allow the
simulation environment to refine its behaviour based on user input during interaction. Furthermore,
implementing more sophisticated emotion simulation models could enhance patient-agent interactions,
making them potentially more realistic and engaging for medical training. From an ethical perspective,
this study underscores the importance of addressing potential biases, transparency, and patient privacy
when using AI in medical settings. Ensuring fairness and avoiding the propagation of biases present
in training data is crucial. Moreover, patient data privacy is paramount, requiring strict adherence to
anonymization techniques and data protection regulations. Transparency is important, users understand
the capabilities and limitations.
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