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Abstract

The integration of Big Data and Artificial Intelligence in healthcare offers significant potential to address the
growing need for supporting clinical medical consultation systems. However, many existing solutions struggle to
effectively utilize unstructured medical data and provide contextually relevant responses to user queries. This
paper addresses this gap by presenting the architecture of an Al-driven medical chatbot based on Retrieval-
Augmented Generation. The system leverages data from Italian medical forums and encyclopedias to offer
preliminary diagnoses and treatment suggestions. Our approach integrates a retrieval mechanism with a large
language model, enhanced by query expansion techniques for improving retrieval accuracy and reranking
methods to prioritize the most relevant information. The effectiveness of the system is demonstrated through
both qualitative and quantitative evaluations, showcasing improvements in user experience and response precision.
We publicly release our code on GitHub: https://github.com/PRAISELab-PicusLab/RAGMedicalChatbot.
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1. Introduction

The advent of artificial intelligence (AI) and Big Data has profoundly transformed the healthcare
landscape, offering new ways to process and analyze large amounts of unstructured data from medical
forums, research papers, and medical records. However, current Al systems, in particular large language
models (LLMs), have significant limitations, including the risk of generating hallucinated or inaccurate
information, which undermines their reliability, or the problems of interoperability and transparency
that are crucial in critical sectors such as healthcare [1].

This paper introduces a medical chatbot system that leverages retrieval-augmented generation (RAG)
techniques to address these shortcomings. By integrating natural language processing (NLP) with
RAG, the chatbot generates personalized responses based on user-reported symptoms while retrieving
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relevant, verified medical data from external sources. This dual approach not only enhances response
accuracy but also grounds the system’s outputs in factual content, significantly reducing the risk of
misinformation [2]. In particular, the system incorporates trusted Italian medical knowledge bases such
as Medicltalia' and the Humanitas? encyclopedia. Despite the promising results of RAG-based solutions
in various domains [3], their use in the Italian medical context remains underexplored. Moreover, most
existing systems fail to integrate domain-specific retrieval with language generation while maintaining
traceability and source citation, especially in non-English clinical data. By addressing these gaps,
the proposed chatbot not only delivers preliminary diagnostic suggestions but also provides explicit
references to authoritative medical sources, thereby enhancing both transparency and user confidence.

The system offers practical benefits for both patients and healthcare professionals. Patients gain
immediate access to reliable, tailored medical insights, while doctors can use the chatbot as a preliminary
assessment tool to streamline decision-making process [4]. By reducing diagnostic errors and improving
healthcare efficiency, this approach demonstrates the potential of Al to personalize healthcare delivery
and support informed medical decisions.

2. Related Work

Large Language Models (LLMs) have shown significant versatility across various domains, including
legal document retrieval [5], knowledge graph construction from geopolitical corpora [6], and agent-
based simulations with generative reasoning capabilities [7]. Recent advancements have extended LLM-
based generative agents to applications in social simulation and decision support, such as modeling the
Friendship Paradox in online social networks [8], detecting insider threats through agent coordination
[9], and supporting fact-checking via diverse and structured agent collectives [10].

In the biomedical domain, LLM integration has yielded systems like PIE-Med [11], which combines
generative reasoning with graph inference to deliver explainable and interpretable medical recommen-
dations. Other approaches have leveraged medical entity recognition and generative summarization to
improve the accessibility and structure of clinical records [12]. Complementary to LLM-based solutions,
diversity-aware recommender mechanisms have been proposed to mitigate over-specialization and
promote exploratory recommendations in health-related contexts [13].

Retrieval-Augmented Generation (RAG) has emerged as a promising paradigm for improving factual
grounding in healthcare NLP systems by integrating external retrieval with generative models. However,
challenges related to domain specificity, hallucination, and contextual accuracy remain prominent. Gen-
eral limitations of RAG—including grounding instability—are analyzed in [14], while the hallucination
risks of healthcare-focused chatbots are specifically examined in [15]. Addressing these issues, the
present study focuses on Italian clinical discourse, incorporating domain-adapted retrieval and semantic
query expansion to improve factual accuracy and linguistic appropriateness.

Several works have explored architectural strategies to overcome RAG limitations. Clinical data
extraction from electronic health records (EHRs) has been attempted using RAG pipelines, though
limited domain integration remains a bottleneck [16]. Reranking-based refinement methods have been
introduced to enhance answer precision [17], though performance in open-ended clinical settings
continues to face constraints. Contextual retrieval mechanisms have also been explored to narrow the
relevance gap, yet scalability remains a concern [18].

Multilingual adaptability constitutes a critical research axis in medical NLP. Results from [19] demon-
strate that language-specific fine-tuning and data augmentation significantly enhance disorder identifi-
cation performance in non-English clinical corpora. These findings support the relevance of localization
strategies, as adopted in this work.

In summary, although prior research has advanced the integration of LLMs and RAG in clinical
applications, key challenges persist around scalability, reliability, and language adaptation. This study
addresses these limitations by combining semantic query expansion, source-linked summarization, and
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Figure 1: The workflow outlines the key stages of the Italian Medical Assistant. In the Query Expansion phase,
the user’s initial question is expanded with synonyms and related terms to improve the retrieval of relevant
documents. During Retrieval, documents are initially collected and preprocessed from medical forums and
medical encyclopedias, then selected and compared with the query using embedding models. In the Reranking
phase, documents are reordered based on relevance using the BM25 algorithm. In Summarization, the selected
documents are synthesized to produce concise responses. Finally, in the answer, the summaries are integrated
to produce a comprehensive response, accompanied by source citations to ensure accuracy and reliability.

reranking to support trustworthy and context-aware response generation in Italian-language clinical
scenarios.

3. Methodology

The medical chatbot developed in this project utilizes RAG and consists of several key components:
starting from data collection of Italian medical forums and Italian encyclopedia, to the generation of
responses based on contextually relevant information retrieved from a knowledge base. As shown
in Figure 1 the system architecture consists of five main phases: (1) query expansion, (2) document
retrieval, (3) reranking, (4) summarization, and (5) response generation. The Figure shows how the
user query is first expanded with synonyms to improve recall. Relevant documents are retrieved from
a vector database using cosine similarity and reranked via the BM25 algorithm. These documents are
then summarized and used to construct the final diagnostic prompt, ensuring contextual relevance and
citation transparency.

3.1. Data Collection and Preprocessing

The system collects data from Italian medical forums such as Medicltalia, where users post health-
related questions and licensed doctors provide responses, as well as from the Italian certified medical
encyclopedia Humanitas. This unstructured data was collected via scraping for research purposes only.
To ensure transparency and traceability, each extracted Question/Answer pair includes its original
source URL. The collected data is systematically categorized and transformed into a chatbot-compatible
format using an ETL (Extract, Transform, Load) pipeline, designed for scalable management of large
text corpora typical of Big Data environments. Subsequently, forum interactions are structured into
a Question/Answer format. Long questions are segmented into smaller units to enhance processing



efficiency. This organization enables the creation of embeddings, which are essential for the retrieval of
relevant content and the generation of accurate responses. Finally, document embeddings are generated
and stored in a vector database to optimize real-time retrieval during response generation.

3.2. Retrieval-Augmented Generation (RAG)

The RAG technique integrates document retrieval with language generation. User queries are first
transformed into embeddings. To optimize the retrieval process, we evaluated several embedding
strategies, such as embedding the concatenated string of both the question and the answer (the entire
forum post) versus embedding only the user’s question.

We ultimately chose to embed only the question to minimize context loss, which can occur when
using concatenated strings that may be too long, include technical jargon from doctors’ responses,
or contain irrelevant information in the answers. The retrieval phase leverages cosine similarity to
compare the user query embedding with pre-stored document embeddings in the vector database,
returning the top five relevant documents for optimal system performance.

3.3. Query Expansion and Reranking

In order to enhance the retrieval process, the user’s query undergoes an expansion process using a
generative language model that introduces synonyms and contextually related terms. During this Query
Expansion step, the model analyzes the query to identify key concepts and semantic relationships,
generating alternative phrases that improve the chances of capturing relevant documents. For example,
if the user queries “symptoms of diabetes”, the model may expand it to include terms like “signs of
diabetes”, “glucose levels”, or “insulin resistance”. This step significantly increases the likelihood of
retrieving accurate medical responses. Once the relevant documents are retrieved, a reranking step is
applied to order the top 15 documents based on the BM25 scoring algorithm. BM25 computes a relevance
score (1) for each document by considering factors such as term frequency (TF), inverse document
frequency (IDF), and document length normalization.

N
score(D, Q) = Z IDF(g,) (g D) - (ky + 1)

=1 f(q,,,D)+k1-(1—b+b-a'VLg‘cu)

(1)

Where query Q: contains the terms gy, qa, ..., ¢,; document D: the document to be evaluated; frequency:
f(qn, D) represents the frequency of the term g,, within document D; constant parameters: k; and b are
parameters that control the model’s behavior; average document length: avgdl is the average length of
documents in the collection. The Inverse Document Frequency (IDF) is calculated as:

N —n(q,) + 0.5) )

n(g,) + 0.5 @

IDF(q,) = ln(

where Nis the total number of documents in the collection; n(g,) is the number of documents containing
the term g,.

This allows the algorithm to evaluate how well each document matches the expanded query. The
system then selects the top five most relevant documents, ensuring that the highest-quality responses
are prioritized for the user.

3.4. Summarization and Response Generation

To further improve the quality of responses, the retrieved medical documents are summarized using a
large language model that extracts the most critical parts of the doctors’ responses. This summarization
reduces the length of the response while correcting syntactic and grammatical issues often present in
forum posts, as well as eliminating irrelevant or redundant content. Despite the computational overhead,
this step plays a pivotal role in improving the relevance and fluency of the generated responses. It is



crucial to note that, during the response generation, the sources utilized are clearly indicated. This
allows users to immediately access the original documents from which the information is derived,
ensuring transparency and reliability in the responses provided by the chatbot.

Following summarization, the documents are reformatted into a standardized schema that separates
the original user question and the corresponding medical response, as illustrated in Figure 2.

DOCUMENT:

« Question: [User’s question]
« Answer: [Doctor’s response]
« Source: [URL]

Figure 2: Schema adopted for the representation of summarized documents. Each entry is structured as a
question-answer pair extracted from medical forums.

As shown in Figure 3, the final prompt, to be provided to the language model, is constructed by
concatenating the processed user query with the standardized documents, which contain relevant
answers given by physicians in similar cases.

Query: [User’s query]

My symptoms are: [User’s symptoms]

Formulate my diagnosis by consulting the following answers given by doctors to other users if they
contain information relevant to me:

DOCUMENT:
Question:
Answer:

DOCUMENT:
Question:
Answer:

Figure 3: Example of the final prompt sent to the generative model. It includes the user’s processed query and
multiple relevant question-answer documents for contextual retrieval.

This structured approach, which combines summarization and the sourcing of medical information,
not only enhances the chatbot’s response accuracy but also fosters trust with users by ensuring
transparency.

4. Experiments

4.1. Experimental setup

All experiments were conducted on a local machine with an NVIDIA RTX 3070 GPU (8 GB VRAM). Due

to hardware limitations, we selected generative “instruct” models with fewer than 8 billion parameters

in their quantized versions, as well as embedding models with fewer than 600 million parameters.
For the embedding task, we used the multilingual-e5-large model®, a multilingual model with 560

*https://huggingface.co/intfloat/multilingual-e5-large



million parameters that supports 94 languages, including Italian. This model has been found to be
particularly effective in capturing context during information retrieval from information sources.

For query expansion, summarization and text generation, we employed the LLaMA-3-8B-Instruct
model* [20] with top_k = 0.9 and temperature = 0.3, which provided coherent and contextually rich
responses in Italian despite its 8k token context window. The system architecture integrated ChromaDB®
for efficient embedding storage and retrieval, while the NoSQL database MongoDB® (used in Python) is
used to persistently store conversations extracted from relevant forums and encyclopaedias.

4.2. Dataset

The dataset used as the knowledge base for the RAG phase was collected from Italian medical forums
with a total of 268,019 conversations between physicians and patients. In total there are 65 medical
categories to which discussions on these forums belong, and the most covered are certain areas such as
Psychology, Gastroenterology and Digestive Endoscopy, and Infectious Diseases. In addition, articles
from Italian medical encyclopedias have also been collected, with a total of 2,981 articles, most of which
cover the field of general medicine.

4.3. Results
4.3.1. Quantitative Evaluation

The chatbot’s performance was quantitatively evaluated using a diverse test suite consisting of realistic
patient queries modeled after typical health-related interactions. Three generation strategies were
analyzed:

+ 51: No_RAG — baseline with no external document retrieval or augmentation,;

+ Sy: R+Q+RR — Retrieval-Augmented Generation enhanced with Query Expansion and BM25-based
Reranking;

+ S3: R+Q+RR+S — the previous strategy with an additional Summarization step.

The test set was constructed manually by taking 50 samples at random from the original dataset. The
informativeness of generated responses was first evaluated using the TF-IDF metric, which quantifies
term frequency normalized by document relevance. As reported in Table 1, strategy S; achieved the
highest score (10.7269), indicating the greatest lexical density and coverage of medically relevant content.
Strategy S, followed closely (10.4144), while the baseline S; obtained the lowest score (9.2093).

Table 1 Table 2

Performance Scores of Different Strategies Informative Differences Between Strategies
Strategy TF-IDF  BERTScore (F1) Compared To R+Q+RR  R+Q+RR+S
No_RAG 9.2093 0.8421 No_RAG -1.054 -1.3252
R+Q+RR 10.4144 0.8783 R+Q+RR - -0.2377
R+Q+RR+S  10.7269 0.8914

To better characterize the differences in informativeness between strategies, we introduce a novel
metric—the Informative Difference Matrix (IDM)—presented in Table 2. This metric adjusts the raw
difference in TF-IDF scores by incorporating textual similarity via ROUGE-L [21], defined as:

Q;j = (1 —ROUGE-L;;) - (Ssdt; — Stfide;) 3)

Here, Q; ; quantifies the net gain in informativeness from strategy S; over S;, penalized by overlapping
structure. Positive values suggest that S; offers more distinctive and rich content compared to S;. Manual

*https://huggingface.co/meta-llama/Meta-Llama-3-8B-Instruct
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inspection of high-scoring Q; ; pairs confirmed that higher values correlated with more context-specific
and clinically informative answers.

To complement these lexical evaluations, we employed BERTScore [22], a semantic similarity metric
based on transformer embeddings. Using the multilingual model paraphrase-multilingual-MiniLM-
L12-v2 [23], we computed average F1 scores across all outputs. Results indicate that strategies S, and
S3 offer significantly better alignment with expected clinical answers, with S5 showing the highest
semantic relevance (0.8914).

These findings confirm that the proposed enhancements—query expansion, reranking, and summa-
rization—substantially improve both the surface-level informativeness and deeper semantic coherence
of the generated content.

Key performance metrics are summarized as follows:

- Response Time: Average of 30 seconds per query, ranging from 25s (R+Q+RR) to 37s
(R+Q+RR+S).

+ Retrieval Accuracy: 86% of test queries successfully returned at least one medically relevant
document.

« Structural Similarity: Measured using ROUGE-L [21] and BLEU [24] against reference phrasing.

« Semantic Preservation: Assessed with BERTScore [22], highlighting improved contextual
alignment.

4.3.2. Qualitative Evaluation

Subject matter experts evaluated the chatbot’s responses, finding that RAG-generated replies provided
more precise diagnostic suggestions than those without RAG. The inclusion of medical references
boosted user trust. Queries were tested in three modes: Base LLM, LLM with RAG, and LLM with full
processing. RAG improved relevance through query expansion and reranking. Responses without RAG
were often vague, while RAG-enabled responses offered preliminary diagnoses and treatments. Response
times ranged from 25 to 45 seconds, with query expansion adding 2 to 4 seconds and summarization
involving up to 7 seconds per step. To balance speed and accuracy, the chatbot offers two modes: Fast
(no summarization) and Precise (full processing).

4.3.3. System Demonstration

Figure 4 presents a demonstration of the system and the patient interaction, illustrating its core
components: Question, Answer, and Sources.

5. Ethical Considerations

While Al-driven medical chatbots offer numerous advantages, they also raise significant ethical concerns
that must be addressed. One of the most critical issues is the risk of misdiagnosis or misinformation,
particularly when users rely solely on the system’s recommendations without consulting a healthcare
professional. Data privacy is another key concern, given the sensitive nature of the medical information
being processed. To mitigate these risks, the system must clearly inform users that it provides only
preliminary guidance and is not a substitute for professional diagnosis. By also attaching sources
to its responses, the system enhances transparency, allowing users to verify the credibility of the
information and fostering greater trust through the ability to explore reliable medical sources. To ensure
accountability, each response includes links to original medical forum threads and encyclopedia articles.
Additionally, the chatbot explicitly states it is not a replacement for professional medical consultation
and does not store user data.



® Medical Chatbot

Come posso aiutarti?
Question

soffro di depressione e spesso mi sento solo, come posso affrontare questa sensazione?

La tua descrizione dei sintomi suggerisce che stai affrontando un'esperienza di depressione, caratterizzata da pensieri negativi, sentimenti di
tristezza e disperazione, e una sensazione di isolamento e disconnessione emotiva. La tua descrizione dei sintomi & coerente con il disturbo

depressivo maggiore, un disturbo mentale che pud causare una varieta di sintomi fisici e emotivi.

La diagnosi di depressione pud essere confermata attraverso una valutazione clinica, che include un'analisi dei tuoi sintomi, della tua storia
personale e della tua famiglia, nonché una valutazione delle tue funzionalita cognitive e emotive. E importante che tu riceva una diagnosi e

un trattamento appropriati per gestire i tuoi sintomi e migliorare la tua qualita della vita.

Inoltre, & importante che tu consideri la possibilita di ricevere un trattamento farmacologico, come gli inibitori della ricaptazione della

serotonina, che possono aiutarti a gestire i tuoi sintomi e a migliorare la tua qualita della vita.

In sintesi, la diagnosi di depressione & coerente con la tua descrizione dei sintomi e richiede una valutazione clinica e un trattamento
appropriato per gestire i tuoi sintomi e migliorare la tua qualita della vita.

Answer

Riferimenti:

Sources

® Modalita precisa @) Usa Humanitas

Figure 4: Demonstration of the Italian Medical Assistant System

6. Conclusion and Future direction

This paper presented the implementation of an Al-based medical chatbot utilizing RAG techniques
and Big Data technologies. The system’s ability to provide relevant medical responses, supported by
reliable sources, makes it a valuable tool for both preliminary consultations and patient education,
helping guide users towards appropriate medical professionals. Future work will focus on improving
the chatbot’s consultation accuracy by integrating larger and more diverse datasets from certified,
high-quality sources, as well as adopting more advanced generative models. Additionally, a promising
direction for further development is the integration of real-time medical data from wearable devices and
electronic health records, with the aim of making the chatbot not only a useful resource for preliminary
consultations but also a supportive diagnostic tool for healthcare professionals.
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