
Multi-Turn LLM Systems for Diagnostic Decision-Making: 
Considerations, Biases, and Challenges

Objectives/Aims
● The study aims to determine the most and least important information in each 

of the modular parts of the LLM-MAS. 
● The results help to create novel architectures for use in clinical cases. By 

modeling real world workflows, the AI can significantly boost its accuracy, 
efficiency, and communicability. 

● The research can be applied to MAS in other domains, and prove which 
information is most valuable to an AI team. 

● Evaluate how multi-turn interactions introduce or exacerbate demographic and 
social biases in diagnostic reasoning, and identify which elements most 
strongly contribute to those inequalities. 

Introduction/Background
● LLM-MAS simulates cooperation with agent roles such as: doctors, patients, 

test-providers, experts, and evaluators. Each agent takes roles in questioning, 
analyzing, and diagnosing with multi-turn dialogue.

● The study uses GPT 4.1 under the Agent Clinic Framework to evaluate 
architecture, information access, and social biases to understand the critical 
components of the system. 

● We evaluate how these systems respond to challenges that human medical teams 
face, such as limited patient-information and limited dialogue length.  

● We further examine how multi-turn interactions can amplify or suppress 
emerging biases, highlighting safety considerations for real-world usage. 

Methods
● The AgentClinic benchmark was used to test how effective LLM-MAS are in 

diagnostic reasoning. The framework simulates multi-turn clinical dialogues 
among agents to study how information is gathered, interpreted, and confirmed 
under incomplete data and time limits, using GPT-4.1.

● Agent Roles: 
- Doctor: Interact and provide Diagnosis
- Patient: Answer doctor questions and provide background
- Specialist: Consult with doctor and assist diagnosis with its expertise
- Measurement: Supply the results to requested medical tests
- Moderator: Determine if the doctor reached a proper diagnosis 
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Limitations
● MedQA is the only dataset we used for our experiments.  
● All experiments were run only using GPT-4.1. 
● Only 150 scenarios were run for each experiment. 
● 4 architecture types were investigated, covering a small subset of possible 

multi-agent reasoning structures. 
● The metrics measured offer limited insight into error propagation, and 

adaptability over extended dialogues. 
● The simulated interactions cannot capture patient variability, clinical noise, or the 

unpredictability of human dialogue. 

Conclusions
● The design of coordination strategies and information flow is essential for 

achieving reliable multi-turn reasoning, particularly in scenarios where the 
number of interactions is limited and data is incomplete.  

● Architecture proved to be crucial, showing that diverse reasoning and 
adaptive roles improve diagnostic metrics. In specific, the Adversarial and 
Dynamic architectures showed the most improvement.

● Fairness studies revealed persistent biases, particularly between genders and 
lifestyle subgroups, indicating that cooperative reasoning in LLMs does not 
fully mitigate the negative effects of bias. 

Future Directions
● Expand beyond the MedQA dataset and run more scenarios for each experiment 

to maximize representativeness. 
● Evaluate the behavior of multiple LLM families beyond the GPT family. 
● Include more architectures, expanding beyond the four investigated in this 

experiment. 
● Investigate reinforcement learning for sparse-reward environments. 
● Design richer multi-turn evaluation paradigms to study agent coordination, and 

performance degradation over extended interactions.
● Understand how biases may affect certain architectures in particular. 
● Analyze how different architectural patterns interact with demographic bias to 

identify configurations that mitigate or exaggerate disparities. 
● Consider computational cost metrics and statistical significance for our 

variables.  

Acknowledgements
● Thank you to Algoverse AI Research for their collaboration. 

References

Table 1: Doctor Agent under various 
modes of patient information access

Table 2: Measurement Agent under various modes of patient information access

Table 4: Doctor specialist consultation 
under various length constraints 

Table 6: Various architectures to model clinical workflow

Figure 2: Doctor-specialist turn 
length accuracies by top-K

Figure 1: Doctor-patient turn 
length accuracies by top-K

Figure 11:
Adversarial Agent Interaction 

Workflow

Figure 12:
Dynamic Agent Interaction 

Workflow


