“Mixture of Doctors”: an agentic-RAG system for
self-management of chronic diseases

Luca Samore
luca.samore@studio.unibo.it

Lucia Castellucci
lucia.castellucci2@studio.unibo.it

Roberto Mitugno
roberto.mitugno@studio.unibo.it

July 2025

Supporting patients in the self-management of chronic diseases requires
continuous, personalized guidance, a task for which LLM-powered chatbots
show immense promise. However, their deployment is contingent on over-
coming a dual challenge: the inherent risk of LLM “hallucinations”, which
undermines trust, and the architectural complexity of building a system that
can manage multiple medical domains securely and reliably. This report in-
troduces “Mixture of Doctors”, an agentic-RAG system designed to address
these challenges in tandem. The former is mitigated through a Retrieval-
Augmented Generation (RAG) flow, where specialized “Doctor” components,
each an expert on a specific chronic disease, ground their responses in cu-
rated knowledge bases to ensure factual accuracy. The latter is addressed by
a robust, decoupled Orchestrator-worker architecture that leverages asyn-
chronous messaging for resilience and open-source technologies for data pri-
vacy. The system’s core is an agentic Orchestrator that dynamically analyzes
user queries, decomposes complex, cross-domain questions, and routes them
to the appropriate specialists. The resulting framework demonstrates a vi-
able path toward creating trustworthy and scalable conversational Al for
personalized chronic care.

1 Introduction

Chronic diseases are known to have long-lasting ramifications, extending over an individ-
ual’s entire lifespan, necessitating ongoing management by both patients and healthcare
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practitioners. The enduring nature of these conditions significantly impacts individu-
als’ health related quality of life and generates substantial healthcare costs due to dis-
ability, recurrent hospitalizations and treatment measures [I]. In this context, patient
self-management is demonstrated to play a central role in patient care, as it not only
contributes to improve physical and psychological health outcomes but also alleviates
the strain on healthcare resources [2]. In recent years, chatbots are emerging as a pow-
erful tool for supporting patients in managing their chronic conditions. The goal is to
provide timely, accurate, and empathetic guidance, including personalized motivational
messages that [3] (i) sustain patient engagement in self-management behaviors, (ii) en-
hance awareness of adherence and performance relative to clinical recommendations, and
(iii) foster motivation, thereby potentially promoting healthier lifestyle choices.

Given their ability for interpreting and generating human-like text, Large Language
Models (LLMs) have shown potential in improving chatbot-based systems in healthcare.
However, despite their extensive contextual understanding and robust question answer-
ing abilities, these models face significant challenges when applied in medical settings.
One of the most pressing concerns is the phenomenon of hallucinations, i.e. the gen-
eration of plausible-sounding but factually incorrect or misleading information. This
limitation becomes particularly critical in domains with precise and difficult real-world
questions, especially in fields such as medicine where high and complex reasoning is re-
quired. Moreover, in the absence of a healthcare professional mediating the exchange,
ensuring the reliability and safety of chatbot-delivered information becomes paramount.
Another critical challenge to be addressed concerns the protection of sensitive patient in-
formation, as patients interacting with the chatbot are likely to disclose personal medical
data. This need arises not only from ethical and practical considerations, but also from
the necessity to comply with established legal frameworks, such as the Health Insur-
ance Portability and Accountability Act (HIPAA) [4] and the General Data Protection
Regulation (GDPR) [5].

2 Concept

To address the aforementioned challenges, we propose an agentic workflow that lever-
ages Retrieval-Augmented Generation (RAG) to enhance the accuracy and contextual
relevance of responses generated by Large Language Models. The system is composed
of multiple specialized “doctors”, each focused on a specific chronic condition, and is
accessible through a command-line interface (CLI). By exploiting the RAG technique,
each “doctor” dynamically retrieves relevant information from an external source and in-
corporates it into the generative process, thereby ensuring outputs that are more reliable
and up-to-date. Cross-domain queries are also supported by carefully analyzing user in-
put, identifying the relevant chronic conditions and intelligently routing the query to the
appropriate set of specialists. The individual generated responses are then aggregated
and synthesized to produce a cohesive final answer. To meet data privacy needs, open-
source Large Language Models are adopted to avoid reliance on proprietary systems,
while user queries and corresponding responses are securely retained in locally deployed



data storage. Additionally, a single-user model is implemented: all users interact with
the system in the same way, with no role-based differentiation.

Generally speaking, such a system could serve multiple purposes. Indeed, the body of
research focusing on LLMs applications has grown significantly in recent years, reflecting
the increasing interest within the scientific community working on artificial intelligence
applied to medicine. Some possible applications include [6]:

e Patient Care: LLM-based systems can enhance patient care by assisting clinicians
in decision-making, detecting inconsistencies, and summarizing complex medical
information. They also have the potential to empower patients through accessible,
empathetic dialogue and personalized advice, ultimately supporting more informed
and compassionate care.

e Research: LLMs can automate tasks such as data extraction, summarization,
and literature review, helping researchers navigate and synthesize vast scientific
outputs. While they may foster new insights and democratize knowledge, concerns
about accuracy and reproducibility require careful oversight.

e Education: LLMs can function as adaptable tutoring tools, providing tailored
explanations, simulations, and feedback. Their strong exam performance high-
lights their potential as study aids, but they must be used responsibly to avoid
diminishing students’ critical thinking and reasoning skills.

In this project, we concentrate our attention primarily on people living with chronic
conditions. Among the wide spectrum of possible diseases, we have selected three well-
known conditions as case studies: diabetes, multiple sclerosis and hypertension. This
choice is deliberate, as these conditions represent a diverse range of self-management
challenges, allowing for a comprehensive evaluation of our system’s capabilities. Impor-
tantly, recent research has already begun to map the potential and pitfalls of LLMs in
these specific areas [7, [8, [3], establishing a timely and relevant context for our contribu-
tion.

3 Motivation

A primary challenge in deploying Large Language Models (LLMs) for medical applica-
tions is mitigating the risk of hallucinations. To ensure our system provides reliable and
safe guidance, we considered three primary mitigation strategies.

The first, prompt engineering, involves carefully crafting inputs to guide the model’s
output. While useful, this approach is fundamentally constrained by the model’s static,
internal knowledge base, which may lack the most current or specialized medical infor-
mation and is prone to generating outdated advice [9].

A more direct approach, fine-tuning, adapts a pre-trained model to a specific domain
by continuing the training process on a custom dataset. However, this strategy presents
significant practical barriers. It is computationally expensive, demanding substantial



hardware resources and time for training. Even with Parameter-Efficient Fine-Tuning
(PEFT) techniques like LoRA [10], which reduce the computational load by updating
only a subset of model parameters, the process remains resource-intensive. Furthermore,
fine-tuning requires the meticulous construction of large, high-quality, domain-specific
datasets, a non-trivial undertaking in itself [11]. This approach also lacks scalability:
incorporating new medical knowledge or expanding to new diseases necessitates a com-
plete, costly retraining cycle. Finally, the fine-tuning process carries the inherent risk
of catastrophic forgetting, where the model’s performance on previously learned general
tasks degrades as it specializes [12].

To circumvent these limitations, we adopt a Retrieval-Augmented Generation (RAG)
architecture. RAG enhances the LLM by enabling it to dynamically retrieve relevant
information from a curated, external knowledge base at inference time. This method
effectively mitigates hallucinations by grounding the model’s responses in verified, up-to-
date sources, ensuring accuracy without altering the model’s core weights [13] 14]. Unlike
fine-tuning, RAG is highly scalable: the knowledge base can be updated or expanded
with new information independently and instantly, without the need for model retraining.
This makes RAG a more robust, flexible, and efficient solution for our use case.

Alongside accuracy, a foundational requirement for our system is ensuring user data
privacy. Proprietary, closed-source models typically process data on third-party servers,
posing unacceptable privacy risks for sensitive health information. Therefore, we ex-
clusively utilize open-source (or more accurately, open-weight) LLMs. This approach
allows for local deployment, ensuring that all user interactions and personal data remain
within a secure, controlled environment, thereby complying with stringent data privacy
standards.

4 Requirements

4.1 Functional Requirements

ID | Requirement Description Acceptance Criteria

F1 | Query Submission The system shall allow The user can input a
users to submit natural | question via CLI and
language queries related | receive a response.

to chronic diseases.

F2 | Response Generation The system shall The response is
generate a response, contextually relevant
possibly using RAG and may include
technique. information retrieved

from the knowledge
base.




ID | Requirement Description Acceptance Criteria
F3 | Disease-Specific Doctors | The system shall route Queries about different
queries to the diseases are handled by
appropriate doctor different specialized
based on the disease doctors.
topic.

F4 | Query Logging The system shall store A log file or database
all user queries and entry is created for each
corresponding responses | interaction.
for future analyses.

F5 | CLI Interaction The system shall The user can interact
provide a command-line | with the system entirely
interface for user through the CLI.
interaction.

F6 | Conversation The system shall store The user can access

Persistance user conversation to previous questions and
allow retrieval of past responses upon
interactions in future returning to the system.
sessions

F7 | User Identification The system is able to The user is recognized

distinguish different
users.

and all its information is
retrieved upon returning
to the system.

4.2 Non-Functional Requirements

ID | Requirement Description Acceptance Criteria

NF1 | Privacy Compliance The system shall No personal data is
comply with GDPR stored unless explicitly
and other relevant data | authorized; data is
privacy regulations. anonymized.

NF2 | Availability The system shall be System uptime is

available for use at least
99% of the time.

monitored and meets

the threshold.




ID | Requirement

Description

Acceptance Criteria

NF3 | Scalability

The system shall be
designed to support the
addition of new
disease-specific doctors.

New doctors can be
added without
modifying the core
architecture.

NF4 | Usability

The CLI shall be
intuitive and require
minimal training.

Users can complete
basic tasks without
consulting
documentation.

NF5 | Performance

The system shall return
responses within 5
seconds for 95% of
queries.

Response times are
logged and meet the
performance target.

4.3 Implementation Requirements

ID | Requirement

Description

Acceptance Criteria

I1 | Use of open-source

The system shall use

All deployed models are

LLMs open-source LLMs to open-source and locally
ensure data privacy and | hosted.
cost control.
5 Glossary
Term Synonymous Definition
Doctor RAG Module, Expert, A system module that
Specialist delivers accurate
responses to user queries
by referencing a
knowledge base.
Conversation Chat Sequence of
question-answer pairs
between users and
chatbot.




6 Design

6.1 Architecture

The agentic workflow is built upon an Orchestrator-workers architecture, as illustrated
in Figure |1l This model comprises a central coordinating component (the Orchestrator)
and a set of specialized, independent workers.

The workflow is initiated when the Orchestrator receives a user query. In this phase,
it exhibits agentic-like behavior: it reasons about the user’s needs, decomposes the high-
level request into specific sub-tasks, and delegates them to the appropriate workers.
These workers, which we refer to as “Doctors” are specialized modules, each equipped
with a dedicated knowledge base for a single chronic condition. Upon receiving a task
from the Orchestrator, each Doctor utilizes a Retrieval-Augmented Generation pipeline
to generate a response grounded in its specific domain of expertise. For cross-disease
queries involving two or more conditions, the Orchestrator routes the request to all rele-
vant Doctors. The resulting set of responses is then passed to a Synthesizer component,
which aggregates and fuses them into a single, cohesive answer.

user query

Orchestrator

final response

Figure 1: High-level architecture of the agentic workflow.

This orchestrated approach was motivated by several key advantages:

e Scalability: support for new medical conditions can be implemented by simply
adding new, self-contained Doctor modules without altering the core system logic.



e Dynamic Task Handling: this workflow is well-suited for complex tasks where
the required sequence of sub-tasks cannot be predetermined. The Orchestrator’s
ability to dynamically plan and delegate makes the system adaptive to diverse and
unpredictable user inquiries.

e Modularity and Maintainability: by isolating expertise into distinct modules,
we ensure that the system is robust and easy to maintain. Updates to one knowl-
edge domain do not impact the stability of others.

The name “Mixture of Doctors” was chosen as it conceptually mirrors the popular
Mixture of Experts (MoE) architecture used in LLMs with hundreds of billions of pa-
rameters, where distinct “expert” models are employed to handle different subsets of a
problem space [15].

6.2 Infrastructure

The system’s infrastructure is implemented as a distributed architecture composed of
several interconnected services. User interactions originate from a command-line inter-
face client, with all requests directed to a central API Gateway that serves as the single
entry point. The gateway routes traffic based on the request’s purpose: new medical
queries are forwarded to the Orchestrator’s REST API, while requests for past interac-
tions are sent to a dedicated Chat History API. The core response generation workflow,
involving the Orchestrator, the specialized Doctor components, and the Synthesizer,
leverages a message broker for asynchronous communication. Service discovery within
this distributed environment is managed via DNS, enabling components to reliably lo-
cate one another through their service names. Each Doctor is coupled with a dedicated
vector database, which acts as its knowledge base for the Retrieval-Augmented Gen-
eration process. For all natural language processing tasks, the workflow components
make calls to a remote LLM cluster. A separate database is utilized to persist user
conversation logs, and a caching layer stores recently generated responses to optimize
performance. Regarding the deployment topology, all primary services—including the
gateway, workflow components, and databases—reside within a common network. The
LLM cluster, however, is deployed on an isolated network to separate its computational
workload.

6.3 Modelling

6.3.1 Domain Entities

Entity Description

User An entity representing the patient interacting with the system.

Query A request for information submitted by a User.




Entity Description

Response | A system-generated answer corresponding to a User’s Query.

Session An entity that stores the context and history of a User’s interaction.

6.3.2 Mapping of Entities to Infrastructural Components

Infrastructural Component Role

Database Persists the state of User and Session
(chat history) entities.

Message Broker & Cache Handle the transient flow of Query and
Response objects.

Processing Modules Orchestrator, Doctor and Synthesizer
components are responsible for executing
the core domain logic related to query
processing and response generation.

6.3.3 Message Types and System State
Inter-component communication is achieved through two message patterns:

e Commands: imperative messages that instruct a component to perform a task
(e.g., a request to the Orchestrator to process a query).

e Queries: request-response messages for retrieving data (e.g., a request to the Chat
History API for a user’s past conversations).

The complete state of the system comprehends all data related to its entities, including
persistent user profiles, full chat histories, and logs of all past and current queries and
responses.

6.4 Behaviour
6.4.1 Orchestrator

The Orchestrator serves as the central entry point and core component of the entire work-
flow. It is responsible for ingesting user queries, determining the appropriate execution
path, and ultimately formulating the final response. Its primary duties include delegat-
ing queries to one or more specialized RAG modules (i.e., Doctors) when necessary or,
alternatively, responding directly to the user for queries that are out-of-scope or do not
pertain to the supported chronic conditions. In cases involving multiple RAG modules,
the Orchestrator is also tasked with decomposing the main query into domain-specific
sub-queries.
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Figure 2: Radiography of the Orchestrator entity.

As shown in Figure 2, the Orchestrator is designed as an augmented Large Language
Model and comprises four key elements:

¢ A planning module, which contains the core logic that dictates the Orchestrator’s
behavior.

e A core LLM used for reasoning and response generation.

e A set of available tools, which in this architecture are the specialized RAG mod-
ules. Each tool is identified by the name of the disease.

e A long-term memory, implemented as a database that stores the complete user
chat history (queries and responses).

When the Orchestrator receives a query, its planning module executes a two-phase
decision-making process, inspired by the Adaptive-RAG framework [16]:

1. Phase 1: Query Classification. The initial phase analyzes the user’s query to
determine its complexity, classifying it as easy, medium, or hard. Easy queries are
typically simple conversational turns or out-of-domain questions. Medium queries
relate to a single supported chronic condition. Hard queries are cross-domain,
touching upon multiple conditions.

2. Phase 2: Orchestration. The second phase uses the complexity classification to
select an execution strategy:
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e casy: the Orchestrator bypasses the RAG tools and generates a direct re-
sponse.

e medium: the query is routed to the single, relevant RAG module.

e hard: the query is decomposed into k sub-queries, each dispatched to its
corresponding RAG module.

Rather than implementing this classification and routing logic with hard-coded rules,
we leverage an LLM to make these decisions, giving the Orchestrator its agentic capabil-
ities. This is achieved through prompt engineering: the LLM is instructed to analyze the
query and return its decision in a predefined JSON schema. This structured output is
then programmatically parsed by the system to either invoke the appropriate tool(s) or
formulate a direct answer. This approach effectively implements a form of tool-calling,
where the LLM decides which function to execute. To maintain conversational context,
the Orchestrator is endowed with long-term memory, implemented as a database that
persists the entire chat history for each user. Prior to invoking the LLM for any answer
generation task, the full conversation history is retrieved and appended to the prompt.
This ensures that all interactions are contextually aware, enabling the system to handle
follow-up questions and maintain a coherent dialogue.

6.4.2 Doctor

Each Doctor component is conceptualized as a retrieval-augmented Large Language
Model, specialized in a single chronic disease. It operates as a specialist worker, re-
ceiving tasks from the Orchestrator and generating evidence-based responses through
a Retrieval-Augmented Generation (RAG) pipeline. The destination of its generated
output is contingent on the query’s complexity: for a medium-complexity query, the re-
sponse is finalized for the user, whereas for a hard (sub-)query, the response is channeled
to the Synthesizer for further processing.

The internal architecture of a Doctor, represented in Figure |3 implements a standard
RAG pipeline. This architecture is composed of two primary elements: a disease-specific
vector store, which serves as the knowledge base, and a generator module. The
generator itself consists of a retriever responsible for fetching relevant information and
a core LLM for generating the final text.

The operational flow begins with a preliminary ingestion phase, where the vector
store is populated with embedded text chunks from a curated document corpus; for
this case study, documents are sourced from PubMed. At runtime, when a query is
received, the retriever performs a similarity search against the vector store to identify
the top-k most relevant document chunks. These chunks are then combined with the
original query to create an augmented prompt, which is passed to the LLM to produce a
grounded, context-aware response. It is important to note that this retrieval process is
unimodal, operating exclusively on textual embeddings and not supporting multi-modal
information from sources such as images or audio files.

11
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6.4.3 Synthesizer

The Synthesizer (Figure [4]) is a specialized Large Language Model tasked with aggregat-
ing multiple responses from the RAG modules into a single, comprehensive answer. Its
purpose is to perform a lossless synthesis of information, integrating the distinct outputs
from each specialist Doctor into a unified response for the user.

RAG module answer 1

RAG module answer 2

Final ,Qes'pnus’e

RAG modufe answer n

Figure 4: Radiography of the Synthesizer entity.
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Two primary architectural options were evaluated for its implementation. The first
was to embed the Synthesizer directly within the Orchestrator as an internal set of
functions. This would simplify deployment, as both components would share a single
unit. However, this approach creates tight coupling, making the Synthesizer’s availabil-
ity entirely dependent on the Orchestrator’s operational state. The second option was
to implement it as a standalone service, with its own deployment unit and dedicated
server. This service-oriented approach decouples the Synthesizer from the Orchestra-
tor, enhancing system resilience and modularity. Despite the increased management
complexity associated with an additional service, we selected this latter approach. The
benefits of architectural decoupling and improved robustness were deemed to outweigh
the simplicity of an embedded design.

6.5 Interaction

The communication between system components is governed by distinct interaction pat-
terns. For easy queries, the system employs a synchronous request-response paradigm.
As shown in Figure [5] the user submits a query via the CLI and blocks while awaiting a
response. The Orchestrator receives the request, issues a synchronous call to the LLM
cluster for reasoning, and queries the Chat History API to retrieve the conversational
context. Upon generating the final answer, it is sent back to the client. This synchronous
model is well-suited for these simple interactions, as they mirror a direct question-answer
flow where the user expects an immediate reply.

In contrast, for medium-complexity queries, the interaction shifts to an asynchronous
publish-subscribe mechanism. The Orchestrator publishes the query to a dedicated event
queue and can immediately proceed to other tasks. As illustrated in Figure [6] the rele-
vant Doctor component, acting as a subscriber, consumes this message asynchronously
and initiates the RAG process. In this flow, the Doctor is responsible for fetching the
chat history itself before generating its response. This asynchronous pattern extends
to hard queries (Figure , where the individual responses from each RAG module are
themselves published to another event queue to be consumed asynchronously by the
Synthesizer.

The adoption of an asynchronous model for complex queries was a deliberate archi-
tectural choice over a purely synchronous alternative. A synchronous implementation
would introduce significant points of failure and tight coupling. For instance, if the
Orchestrator were to fail while a Doctor is processing a lengthy RAG request, the com-
munication channel for returning the response to the client would be severed. In this
case, implementing retry logic would be impractical due to the high latency associated
with re-generating RAG responses. A similar issue would arise in the communication
between the Orchestrator and the Synthesizer. On the other hand, a publish-subscribe
model offers several compelling advantages for this architecture:

e Durability: in the event of transient component failure, messages persist within

the broker. This ensures no data loss and enables processing to resume once the
service is restored, guaranteeing eventual consistency.
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e Decoupling: it promotes loose coupling between system components. The Or-
chestrator (producer) does not need to be aware of the state, location, or even the
existence of the specific Doctors (consumers), which enhances modularity.

e Improved responsiveness: the Orchestrator’s throughput is increased, as it
is not blocked while waiting for long-running RAG processes to complete. It can
publish a task and immediately become available to handle new incoming requests.

A final, unifying element across all three interaction patterns is the mechanism for
delivering the final response. Regardless of query complexity, the answer is streamed
to the user as a sequence of tokens. However, this stream is not transmitted directly
from the generating component to the client. For medium and hard queries, the asyn-
chronous, decoupled nature of the architecture means that the RAG modules and the
Synthesizer have no knowledge of the end-user’s identity or session details, making a di-
rect communication channel impossible. To address this challenge, we have introduced
an intermediary caching layer engineered to support streaming data. Following query
submission, the client initiates a listener on a unique cache key. The component respon-
sible for the final answer—be it the Orchestrator, a Doctor, or the Synthesizer—then
publishes the token stream to this designated key, enabling the client to consume the
response as it is being generated.

Orchestrator LLM Chat History

sendQuery(query)

User

classifyQuery(query)

Query EASY

fetchConversationHistory (user)

Chat history context

%

generateAnswer(prompt)

Response

Figure 5: UML sequence diagram of an easy query path.
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6.6 Availability

The primary objective of the system’s design is to ensure high availability, maximizing
the probability that a user receives a timely and relevant response to their query. As a
real-time conversational system, perceived uptime is paramount; long delays or outright
failures severely degrade the user experience. The strategy to achieve this hinges on elim-
inating single points of failure within the critical request path. The core components of
this path, the API Gateway and the Orchestrator, are therefore designed with resilience
in mind. Since both services are designed as stateless entities, they are amenable to
horizontal scaling. By deploying multiple, identical replicas of these components behind
a load balancing layer, the system can distribute incoming traffic (e.g., following a round
robin policy) and maintain operational continuity even if one or more replicas become
unavailable. If a replica of either service fails, the load balancer automatically reroutes
subsequent requests to a healthy instance, a process that is entirely transparent to the
end-user.

6.7 Fault-Tolerance

To achieve the high availability goals, the system incorporates fault-tolerance mecha-
nisms tailored to the nature of its components. A distinction is made between stateless
and stateful services. Stateless components, such as the Orchestrator, the Doctor’s gen-
erator module, and the Synthesizer, are replicated horizontally. The failure of any single
replica is non-critical, as its workload can be immediately assumed by another identical
instance without loss of system state.

Managing stateful components—namely the document database for chat histories and
the vector databases for RAG—presents a more complex challenge. For these services,
fault-tolerance is achieved through data replication using a leader-follower model. In this
configuration, one replica is designated as the leader, which is responsible for handling
all write operations. These writes are then propagated to a set of follower replicas.
While read operations can be served by any replica, this model ensures that the system
can withstand the failure of a database node. If a follower fails, it is simply replaced.
If the leader fails, the system undergoes a failover process where one of the followers is
promoted to become the new leader.

A final challenge exists in the user-facing response delivery. The client listens on a
cache for a token stream that may never be published due to a producer failure. To
address this, the client implements a retry mechanism with a timeout. Upon initiating
a listener, a timer starts. If the timer expires before a response is received, the client
retries listening a configurable number of times. If all attempts fail, the client concludes
that a non-recoverable error has occurred upstream and resubmits the original query to
the system, thus ensuring the user’s request is not permanently lost and prioritizing the
user’s interaction over strict system state guarantees.

16



6.8 Data and Consistency Issues

The system is architected as an AP system under the CAP theorem, prioritizing avail-
ability and partition tolerance over strong consistency. This choice is justified by the
application’s conversational nature, where receiving a timely response—even if based on
momentarily stale data—is preferable to experiencing an error. For instance, if a vector
store replica is temporarily unavailable, it is more acceptable for a Doctor to generate a
response using only the LLM than to fail the entire query.

Consistency is managed differently across data types. For user-facing chat histories,
eventual consistency is the target. A leader-follower replication model may introduce a
minor lag, meaning a user’s most recent message might not be immediately visible upon
a read-from-follower operation, but the data is guaranteed to be persisted on the leader
and will propagate. This trade-off is acceptable as it prevents read operations from
failing. For the RAG knowledge bases, consistency is primarily a concern during data
ingestion, which is an offline or background process; at query time, the system performs
read-only operations, making real-time consistency less critical.

7 Implementation

7.1 Infrastructure Components

The system’s foundation is built upon a set of scalable infrastructure technologies. These
components are not business-logic services themselves but provide the essential ground-
work for communication, data storage, and computation.

¢ NGINX Reverse Proxy. NGINX serves as a high-performance reverse proxy
and the single gateway for all incoming traffic. It simplifies network topology,
enhances security through SSL/TLS termination, and routes requests to the ap-
propriate internal service based on the request path.

e Redis Streams. Server-to-client communication is facilitated by Redis Streams.
This append-only log data structure within Redis is ideal for publishing real-time
response fragments, allowing for token-by-token answer generation in a chatbot
application. The choice of Redis was specifically driven by its inherent support for
stream data types, which is crucial for guaranteeing real-time writing of continuous
response segments. The benefits of an in-memory database, such as extremely low
latency for read and write operations, are also leveraged here.

e Qdrant Vector Database. The core of the Retrieval-Augmented Generation
capability is powered by Qdrant. This specialized vector database stores, indexes,
and searches high-dimensional vector embeddings, crucial for finding semantically
similar document chunks based on user queries. When used in distributed mode,
it employs the Raft consensus algorithm for leader election and ensuring data
consistency.

17



e MongoDB. It serves as the persistence layer for storing conversation histories. Its
flexible data model, using JSON-like documents, is well suited for varying lengths
and structures of conversational data. The choice of a document database over
a relational one was driven by the inherent flexibility it offers, avoiding the need
for a rigid schema upfront. Document databases excel in handling evolving data
structures, which is a significant advantage for storing dynamic conversation histo-
ries [I7]. MongoDB also utilizes a leader-follower model for replication, enhancing
data availability and fault tolerance.

e Groq API. Language model inference is provided by Groq, specifically leveraging
Llama 3.3 70B model for reasoning and generative tasks, such as query reformula-
tion, answer generation, and answer summarization. This service offers access to
high-performance LLMs optimized for low-latency responses.

e Python. Python is extensively used throughout the system, leveraging numerous
libraries to streamline development. Key frameworks include FastAPI for building
APIs, Pydantic for data validation and Typer for creating command-line interfaces.

e Docker. Docker is utilized for containerization, ensuring consistent environments
across development and deployment. The system employs Docker Swarm for or-
chestration, managing the deployment and scaling of services, and handling load
balancing across service replicas.

e Apache Kafka. For asynchronous communication, the system relies on Apache
Kafka. This distributed event streaming platform provides high-throughput and
fault-tolerant messaging, enabling durable and decoupled communication between
services. A detailed explanation of what features of the technology were used
follows in the subsection below.

7.1.1 Kafka Integration for Scalable and Resilient Messaging

A fundamental feature utilized in this project is the consumer group. Services that
consume messages from a specific topic are organized into a single consumer group. This
configuration allows for the horizontal scaling of these services. Kafka distributes the
topic partitions among all active consumer instances within the same group, ensuring
that each message is delivered to only one consumer. This mechanism effectively bal-
ances the processing load across all available replicas of a service, preventing message
duplication and allowing the system to handle a higher throughput by simply deploy-
ing additional consumer instances.

To guarantee reliable message processing, the system was designed to handle message
acknowledgment manually rather than relying on Kafka’s default auto-commit behav-
ior: the enable.auto.commit configuration is disabled, and offsets are committed
explicitly only after a message has been successfully processed in its entirety.

This manual offset control is crucial for achieving fault tolerance. If a consumer in-
stance fails or encounters an error midway through processing, it will not have committed
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the offset for that message. As a result, the message remains in the topic partition and
is automatically reassigned by the Kafka broker to another healthy consumer instance
within the same group. This ensures “at-least-once” delivery semantics, providing a
guarantee that no messages are lost due to application-level failures and maintaining
data integrity across the system.

7.2 Components and Interaction Implementation

This section provides a detailed overview of the implementation of the system. It cov-
ers the individual components, their underlying technologies, and the communication
protocols that enable their interaction within the services architecture.

7.2.1 Frontend Component

The frontend component, implemented as a Python Command-Line Interface (CLI),
serves as the primary user interface for the system. Its core responsibility is to capture
user input and initiate the agentic workflow. This is achieved by sending the user’s
query as an HTTP POST request to the NGINX reverse proxy, which routes it to the
Orchestrator. While the backend processes the request, the CLI subscribes to a dedicated
Redis Stream to asynchronously receive the token-by-token response, leveraging the
Redis client library and the RESP/TCP protocol. Additionally, the CLI handles the
retrieval of past interactions by making direct HIT'TP GET requests to the Chat History
service’s REST API. All data payloads exchanged throughout these interactions are
consistently formatted as JSON.

7.2.2 Chat History Component

The Chat History component is a dedicated service responsible for storing and retrieving
conversation histories. It serves as a single source of truth for conversational context,
queried directly by the frontend and other backend services. The service is implemented
using the Fast API framework. For data persistence, it connects to a MongoDB database.
Regarding communication protocols, the Chat History component exposes a REST API,
which is accessible directly by other services within the container network. All inter-
actions—whether a POST request to save a message or a GET request to retrieve a
conversation—happen through this API. As with the rest of the system, all data pay-
loads exchanged with the Chat History service are formatted as JSON.

7.2.3 Orchestrator Component

The Orchestrator serves as the central coordination hub, initiating the agentic workflow
upon receiving a user’s query from the frontend via the NGINX proxy. Its first action
is to perform a preliminary analysis through an LLM inference call via the Groq API,
which classifies the query’s complexity and determines the appropriate execution path.
The subsequent actions are dictated by this classification.
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For easy queries (Figure , the Orchestrator then proceeds to retrieve the full conver-
sational context from the Chat History service’s REST API. This history is combined
with the query to formulate a final prompt, which is used to generate a response that
is streamed directly to the frontend via Redis (RESP/TCP). Conversely, for medium
and hard queries (Figures |§| and , it acts as a Kafka producer, publishing the original
query and its metadata to the relevant RAG modules using Kafka’s binary protocol.
Interoperability across all interactions is ensured by formatting data payloads as JSON.

HITP POST ( Y HIP Py MongsDB Wire Protocol
Client NGINX Chat History
J ( ) 17 Recponce

RESPITCP

§

'
RESPITCP 1 i HTTPS/REST APT
Redis Stream Orchas Orche: o ! LLM Cluster
i Replica #1 Replica #2 Replica #N h (Groq)
1
|

Figure 8: Implementation schema of easy query.

7.2.4 RAG Module Component

A RAG module component includes a Kafka consumer to receive (sub-)queries from the
Orchestrator, a Kafka producer for cases requiring summarization, and a Redis publisher
for direct responses. It integrates with the Qdrant API for medical knowledge retrieval
and the Groq API for LLM inference.

The communication protocols are determined by the workflow. The module receives
(sub-)queries from the Orchestrator via a Kafka topic using the TCP binary protocol
and retrieves conversational context via a direct request to the Chat History service’s
REST API. Depending on the scenario, if multiple RAG modules are involved, it sends
its generated content to the Synthesizer via a Kafka topic (Figure . If the module is
solely responsible for the answer, it publishes its complete intermediate response directly
to the frontend via Redis Stream using RESP/TCP (Figure [J). For data retrieval and
inference, it interacts with the Qdrant and Groq APIs via HTTPS (REST). All data is
exchanged in JSON format.
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Figure 9: Implementation schema of medium query.

7.2.5 Synthesizer Component

The Synthesizer component aggregates responses from the RAG modules to formulate
a comprehensive final answer The component is built as a Python-based service. It
features a Kafka consumer and an integration with the Groq API. A Redis publisher
streams the final response to the frontend. Its communication patterns are streamlined.
It subscribes to messages from the RAG modules via Apache Kafka’s binary TCP pro-
tocol. It then makes HT'TP calls to Groq cloud services for the final inference step. The
final answer is published to the frontend via Redis Streams over RESP/TCP. The data
format used is JSON.
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Figure 10: Implementation schema of hard query.

8 Validation

8.1 Automatic Testing

The system’s automated validation is centered on a Continuous Integration (CI) pipeline
implemented with GitHub Actions. This pipeline automates static code analysis (Ruff),
type checking (Pyright), and the execution of two distinct levels of testing for each
module

e Unit Tests. These verify individual components in complete isolation. All ex-
ternal dependencies, such as databases and external APIs, are mocked to ensure
deterministic and repeatable outcomes.

e Integration Tests. These validate inter-service communication using a hybrid
approach. Core services are instantiated as real instances, while their collaborators
are replaced with mocks at defined boundaries. This strategy allows for the precise
validation of communication protocols and data formats without the overhead of
a full-system deployment.

End-to-end testing was deliberately omitted from the current strategy to avoid the
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complexity and non-determinism of a full production-like environment, prioritizing main-
tainable and precise tests instead.

8.2 Acceptance Testing

Acceptance testing was performed manually to evaluate the system’s emergent properties
under realistic clinical query conditions, as these behaviors cannot be reliably validated
through automated means. The evaluation focused on the end-to-end user experience,
from query submission to the final streamed response. Key qualitative aspects were
assessed, including:

e The coherence of responses generated by the language models.
e The relevance of information retrieved by the RAG modules.
e The quality of the final synthesized answer in cross-domain queries.

This manual approach was necessary to assess the nuanced, non-deterministic out-
puts of the generative models and to provide the domain-specific expertise required for
validating medical accuracy.

9 Deployment

The deployment procedure leverages Docker Swarm to orchestrate the containerized
services described in the release strategy. Docker Swarm manages the entire lifecycle
of the application stack, including service discovery, scaling, and networking across the
nodes.

9.1 Deployment

The deployment process requires a host machine with Docker correctly installed and
configured. The procedure is initiated as follows:

1. The process begins by cloning the project’s Git repository:
git clone https://github.com/LucaSamore/Mixture-of-Doctors
2. Next, the environment is configured by creating a setup_envs.sh file from the

provided setup_envs.example.sh template, populating it with the necessary en-
vironment variables.

3. The environment variables are sourced by executing the script:

./scripts/setup_envs.sh
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4. Once the environment is configured, the entire system is deployed by executing a
single automated script from the project’s root directory:

./scripts/deploy.sh

Upon execution, this script automatically builds the Docker images for all services
(Orchestrator, RAG modules, Chat History, Synthesizer, etc.) and launches them as a
coordinated stack of containers. The Command-Line Interface (CLI) then becomes active
in the terminal, allowing for direct interaction with the system. Optionally, to enable
immediate inference capability upon deployment, the --ingest flag can be appended to
populate the vector stores of the RAG modules with the domain-specific corpora:

./scripts/deploy.sh --ingest

9.2 Redeployment

Individual services can be selectively redeployed without impacting the rest of the sys-
tem. This is achieved through the following script:

./scripts/redeploy.sh --<service-name>
Available service names include:

e —-orchestrator

e —-synthesizer

e —-chat-history

e —-rag-module

e —-nginx

e ——cli

e --all (redeploys all application services without affecting databases and message
brokers)

9.3 Undeployment

A controlled shutdown and complete environment cleanup are facilitated via the unde-
ployment script:

./scripts/undeploy.sh
This script supports two flags to customize the cleanup process:

e —-volumes: removes all persistent data volumes, including databases and message
queues.

e —-points: clears the vector embeddings used by the RAG modules, resetting the
knowledge base without altering configuration files.
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10 User Guide

Once the deployment process is complete successfully, the user is presented with an
interactive command-line interface, as shown in Figure [I1} The CLI allows users to
interact with the system through a dedicated Read-Eval-Print-Loop (REPL) interface.
Users can issue commands using the mod prefix, or type help for a list of available options

(Figure [12).

cee lucasamore — docker exec -it mod-cli bash — 80x24

(root@0270680c1da9: /app# python -m cli.client ——repl

MIXTURE OF DOCTORS (MOD)
REPL Interface

Type 'mod' commands directly (e.g., 'mod ——help', 'mod new username')
Type 'help' to see available commands
Type 'quit' or 'exit' to exit the REPL

Mixture-of-Doctors> [

Figure 11: Mixture of Doctors command-line interface.

d-cli bash — 80x24

Type 'mod' commands directly (e.g., 'mod ——help', 'mod new username')
Type 'help' to see available commands
Type 'quit' or 'exit' to exit the REPL

[Mixture-of-Doctors> help

Available commands:
mod [options] Execute a MOD CLI command
help Show this help message
quit, exit Exit the REPL

Examples:
mod ——help Show MOD CLI help
mod new johndoe Create a new chat session for johndoe
mod chat johndoe Start or restore a chat session
mod ask "How are you?" Ask a question to the virtual doctor
mod quit Close the current chat session

Mixture-of-Doctors> [

Figure 12: Output of the help command.
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To begin using the system, users must first establish a session. The mod new command
creates a chat session for a specified username, initializing the authentication context
and displaying a welcome message along with the available commands (Figure . This
process establishes the foundation for all subsequent interactions with the virtual doctor
system.

cee lucasamore — docker exec -it mod-cli bash — 80x24

(root@0270680c1da9: /app# python -m cli.client ——repl

MIXTURE OF DOCTORS (MOD)
REPL Interface

Type 'mod' commands directly (e.g., 'mod ——help', 'mod new username')
Type 'help' to see available commands
Type 'quit' or 'exit' to exit the REPL

(Mixture-of-Doctors> mod new Robbi
Welcome, Robbi! A new chat session has been created for you.

Available commands:
— ask "your question" : Ask a question to the virtual doctor
- quit : End the current chat session

For more options, type 'mod ——help'
Mixture-of-Doctors> [

Figure 13: Create a new chat session with mod new <username> command.

For users returning to continue previous consultations, the mod restore command
loads existing chat history and resumes the session context. This functionality displays
the complete conversation history in chronological order, allowing users to review their
previous interactions before proceeding with new questions (Figure .

The mod chat command provides automated session management by determining
whether to create a new session or restore an existing one based on the current sys-
tem state. This command streamlines the user experience by eliminating the need to
manually select between new and restore operations (Figure . Once a session is es-
tablished, users can ask questions to the chatbot using the mod ask command (Figure
16]). By default, all interactions are automatically saved to the chat history to maintain
consultation continuity. For temporary consultations that should not be stored in the
persistent chat history, the mod ask command supports the -—oneshot flag. This mode
processes the query and provides a response without updating the stored conversation
history, useful for preliminary inquiries or privacy-sensitive questions.

The system provides two distinct methods for termination: exiting the interactive
REPL and ending a user session. To simply exit the REPL interface, users can execute
either the quit or exit command, both of which gracefully close the interactive shell.
Proper session termination, which includes the cleanup of temporary authentication
files, is facilitated by the mod quit command. Upon successful execution, the system
concludes the session and provides a confirmation message.
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ocee lucasamore — docker exec -it mod-cli bash — 90x32

Type 'quit' or 'exit' to exit the REPL
[Mixture—of-Doctors> mod restore Robbi
Chat History

Robbi: Hello! Can you introduce yourself?

Virtual Doctor: Hello, I'm delighted to introduce myself. I am a specialized medical AI as
sistant, and my primary focus is on chronic diseases. I have been designed to provide comp
rehensive and accurate information on a wide range of medical conditions, including their
symptoms, causes, treatments, management strategies, and prognoses. My knowledge is based
on the latest medical research and understanding, and I strive to present complex concepts
in a clear and accessible manner.

As a chronic disease specialist, I can offer information and insights on conditions such a
s diabetes, heart disease, chronic obstructive pulmonary disease (COPD), arthritis, and ma

ny others. My goal is to educate and inform individuals about these conditions, helping th
em understand their health and make informed decisions in collaboration with their healthc
are providers.

Please note that while I can provide valuable information, it should not be considered a s
ubstitute for professional medical advice. It's essential to consult with a qualified heal

thcare professional for personalized guidance and care. If you have any specific questions
or concerns about chronic diseases, I'm here to help. How can I assist you today?

Available commands:
— ask "your questio : Ask a question to the virtual doctor
- quit : End the current chat session

For more options, type 'mod —-help
Mixture-of-Doctors>

Figure 14: Restore an existing session with mod restore <username> command.

cee lucasamore — docker exec -it mod-cli bash — 80x24

[root@d5eac6215428: /app# python —-m cli.client ——repl

MIXTURE OF DOCTORS (MOD)
REPL Interface

Type 'mod' commands directly (e.g., 'mod ——help', 'mod new username')
Type 'help' to see available commands
Type 'quit' or 'exit' to exit the REPL

[Mixture-of-Doctors> mod chat Lucia
Welcome, Lucia! A new chat session has been created for you.

Available commands:
— ask "your question" Ask a question to the virtual doctor
- quit End the current chat session

For more options, type 'mod ——help'
Mixture-of-Doctors>

Figure 15: Use mod chat <username> command for automatic session management.
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cee lucasamore — docker exec -it mod-cli bash — 80x24

Luca: Hello! Can you introduce yourself?

Virtual Doctor: Hello, I'd be happy to introduce myself again. I am a medical AI
assistant, specializing in chronic diseases. My primary function is to provide
accurate, up-to-date, and comprehensive information on various medical condition
s, focusing on chronic diseases, their symptoms, causes, treatments, management

strategies, and prognoses.

I have been trained on a vast amount of medical literature, research, and data,

ensuring that my knowledge is current and aligned with the latest advancements i

n the field of chronic disease management. I can offer information on diagnostic
s, medications, lifestyle changes, and other relevant topics to help individuals
understand and navigate their health conditions.

Please note that while I can provide valuable insights and information, my respo
nses should not be considered a substitute for professional medical advice. It's

essential to consult with a healthcare professional for personalized guidance a
nd care, especially in cases of medical emergencies or when making decisions abo
ut your health.

I'm here to help answer your questions, provide educational content, and support
you in understanding chronic diseases. If you have any specific questions or to
pics you'd like to discuss, feel free to ask, and I'll do my best to assist you.

Figure 16: Example of consultation with mod ask "<question>" command.

11 Conclusions

This report presented “Mixture of Doctors”, an agentic-RAG system designed to deliver
reliable support for chronic disease self-management. By combining a distributed ar-
chitecture of specialized, retrieval-augmented “Doctors” with an agentic Orchestrator,
our work addresses the critical challenges of LLM hallucinations and data privacy. The
resulting proof-of-concept demonstrates a scalable and resilient framework for building
trustworthy, multi-domain conversational Al in sensitive fields like healthcare.

11.1 Limitations and Future Challenges

While the current implementation provides a strong foundational framework, we have
identified several limitations and avenues for future work that are critical for enhancing
its capabilities and overcoming its current constraints.

11.1.1 Current Limitations

e Finite Conversational Memory. The system’s long-term memory is constrained
by the context window of the underlying LLM. For extended conversations, the
current approach of prepending the entire chat history is not scalable. As a tem-
porary measure, the system would need to initiate a new session once the limit is
reached, but more sophisticated context summarization or memory management
techniques are required for a seamless user experience.

e Standard RAG Implementation. The current architecture employs a tradi-
tional, single-pass RAG pipeline. This approach, while effective, may be insuffi-
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cient for highly complex queries that require multi-step reasoning or the synthesis
of information from disparate document chunks.

e Minimal Security. The current prototype operates without a formal authen-
tication or authorization layer, making it suitable only for single-user, trusted
environments. It also lacks robust safeguards against prompt injection attacks,
where a user could craft inputs to bypass the Orchestrator’s intended logic.

11.1.2 Future Work and Enhancements

e Advanced User Interface. A primary next step is to develop a full-fledged
graphical user interface (e.g., a web or mobile application) to replace the current
CLI, significantly enhancing system accessibility and user experience.

e Comprehensive Security Framework. The transition to a multi-user interface
necessitates a robust security framework. This would involve introducing a dedi-
cated authentication service responsible for managing user credentials and issuing
access tokens (e.g., JSON Web Tokens). The existing API Gateway (NGINX)
would then be configured to act as an enforcement point, routing login requests to
this new service and validating tokens on all subsequent requests to the Orches-
trator. Implementing this layer of authentication and authorization is essential to
ensure that only authenticated users can access the system’s core functionalities.

e Rigorous RAG Evaluation. A quantitative evaluation of the RAG pipeline’s
output is necessary. This would involve using established metrics like faithful-
ness, answer relevance, and context recall to objectively measure the quality and
accuracy of the generated responses.

e GraphRAG Migration. Transitioning from a standard vector-based retrieval
to a GraphRAG [I§] approach could unlock more sophisticated reasoning capa-
bilities. By representing knowledge as a graph, the system could leverage explicit
relationships between medical concepts to answer more nuanced questions.

e Multi-Agent System. The natural evolution of this architecture is to transform
the Doctor modules into specialized agents, each equipped with its own internal
state and reasoning loop (e.g., a ReAct cycle [19]). Instead of returning a simple
text response, a Doctor-agent would communicate its findings to the Orchestrator
via a structured object. This object could contain not only the generated answer
but also metadata such as confidence scores or identified knowledge gaps. By doing
so, the Orchestrator would receive richer, structured feedback from its workers,
enabling it to generate more nuanced and reliable final answers.

e Automated Ingestion Pipeline. Establishing an automated data ingestion
pipeline is crucial for keeping the Doctors’ knowledge bases current with the latest
medical research, ensuring the system’s long-term reliability and relevance.
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12 Self-evaluation

12.1 Luca Samore

My primary responsibility within Mixture of Doctors was to define and oversee its tech-
nical and architectural vision, and I am immensely proud of the final system we have
produced. This role allowed me to drive the key design decisions, particularly in shaping
the system’s strategies for availability, consistency, and fault-tolerance, which I believe
are fundamental to its success. On the implementation side, my efforts were directed
towards developing the core Orchestrator component and configuring the essential in-
frastructure, including the containerized deployment managed with Docker and Docker
Swarm. This also involved leading the selection of the underlying technologies used
throughout the project. A potential weakness is that, in focusing on architectural ro-
bustness, some finer-grained implementation details could be further optimized. Finally,
I would like to extend my sincere gratitude to my teammates, Lucia and Roberto, for
their unwavering commitment and patience throughout this journey.

12.2 Lucia Castellucci

My contribution to Mixture of Doctors focused on developing the foundational infras-
tructure and the Retrieval-Augmented Generation (RAG) module, which represents the
system’s functional core. I designed and implemented the entire RAG pipeline, manag-
ing the medical data lifecycle from ingestion and pre-processing to indexing in a vector
database. This included developing components for semantic text chunking and em-
bedding generation, establishing a modular architecture. Concurrently, I established
the project’s technical foundations by configuring the development environment and its
dependencies. I also developed the command-line interface (CLI), a tool that proved
essential for testing and debugging the end-to-end flow in the initial stages. The RAG
pipeline and the infrastructural foundations I helped create represent a solid and func-
tional starting point. However, I recognize that there is room for improvement. Looking
ahead, it will be important to continue iterating on the system’s components, particularly
the RAG module, to progressively refine its relevance and accuracy, thereby increasing
the overall effectiveness of the solution.

12.3 Roberto Mitugno

In the Mixture of Doctors project, I managed the implementation of the conversational
memory and synthesis components: the Chat History service and the Synthesizer. For
the first, I developed an asynchronous API with FastAPI, combined with a MongoDB
cluster in set replication to ensure high availability and fault tolerance. I introduced
atomic transactions for each write operation, preventing inconsistent states during fail-
ures. The Synthesizer, on the other hand, was designed as a Kafka consumer with manual
offset management, ensuring no messages are lost before processing is complete. The
components 1 developed constitute a solid foundation for the system’s functionalities.
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However, I am aware of current limitations, which represent important areas for im-
provement. The Chat History mechanism, while robust, is not scalable in the long term
due to the context window limitations of the LLM. Similarly, the Synthesizer could be
enhanced to more effectively manage potential contradictions in aggregated responses,
a necessary step to further increase the quality and reliability of the system.
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