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Abstract

With the growing integration of artificial intelligence in the healthcare sector, there is an increas-
ing need for intelligent tools that support early diagnosis and enhance healthcare accessibility. This study
presents the development of a multilingual medical chatbot (Arabic, French, and English) designed to act
as an interactive assistant that receives simple inputs such as symptoms, age, and gender, and responds
with a possible diagnosis, a brief description of the condition, and a trusted medical reference link.

To achieve this, several state-of-the-art language models were applied. For Arabic, the chat-
bot leverages BERT Base Arabic, MARBERT, T5-Small, and GigaBERT. For English, it incorporates
BioBERT, BioClinicalBERT, BlueBERTPubMed , and GigaBERT. As French lacked domain-specific
models, the chatbot uses translated outputs of the best-performing English model (GigaBERT) to provide
reliable responses in French.

The chatbot serves as a decision-support tool for physicians by enabling quick initial assessments,
while also empowering patients with accessible health insights—especially valuable in early stages be-
fore visiting a doctor or in resource-limited or multilingual environments.

This project addresses the demand for digital solutions that are easy to use, linguistically inclu-
sive, and medically relevant. It highlights the potential of AI to act as a supportive partner in delivering
more efficient, accurate, and accessible healthcare for both professionals and the public.

Keywords: Medical Chatbot, Artificial Intelligence, Multilingual Healthcare, Early Diagnosis, Nat-
ural Language Interaction, Healthcare Access, Digital Health Tools

Résumé

Avec l’intégration croissante de l’intelligence artificielle dans le secteur de la santé, le besoin
d’outils intelligents capables de soutenir le diagnostic précoce et d’améliorer l’accessibilité aux soins
devient de plus en plus pressant. Cette étude présente le développement d’un chatbot médical multilingue
(arabe, français et anglais) conçu pour agir comme un assistant interactif, recevant des entrées simples
telles que les symptômes, l’âge et le genre, et fournissant en retour un diagnostic possible, une brève
description de l’affection, ainsi qu’un lien de référence médicale fiable.

Pour atteindre cet objectif, plusieursmodèles linguistiques de pointe ont été utilisés. Pour l’arabe,
le chatbot exploite BERT Base Arabic, MARBERT, T5-Small et GigaBERT. Pour l’anglais, il intègre
BioBERT, BioClinicalBERT, BlueBERT PubMed et GigaBERT. En l’absence de modèles spécialisés
pour le domaine médical en français, le chatbot utilise les sorties traduites du meilleur modèle anglais
(GigaBERT) afin de fournir des réponses fiables en français.

Le chatbot constitue un outil d’aide à la décision pour les médecins en permettant des évaluations
initiales rapides, tout en offrant aux patients un accès simplifié à des informations médicales fiables —
un atout particulièrement précieux dans les premières étapes avant une consultation ou dans des envi-
ronnements multilingues ou à ressources limitées.

Ce projet répond à la nécessité de solutions numériques faciles à utiliser, inclusives sur le plan
linguistique et pertinentes sur le plan médical. Il met en lumière le potentiel de l’intelligence artificielle



à jouer un rôle de partenaire dans la fourniture de soins de santé plus efficaces, précis et accessibles, tant
pour les professionnels que pour le grand public.

Mots-clés : Chatbot médical, Intelligence artificielle, Santé multilingue, Diagnostic précoce, Inter-
action en langage naturel, Accès aux soins, Outils numériques de santé

اिऻڪٌۘ
୍ଲٴৎ৊ا اܳྥލۛ٭ݧ ࣁࣖ؜ܾ ذ܋٭۰ أدوات ሌᇿإ ا଩ଐৎ৊اࢴࣖة ۰༥؇੆اࠍ ଫଊّز اܳݱۜ٭۰، ا༟ීෂ؇ل۰ ڢޚ؇ع ሒᇭ ሒᇼ؇ݬޚٷ৖৑ا اႤ၍ᄳᄟء اࢾࣖ݁؇ج ߙ߳اࢴࣖ ؕ݁
اܳڰݠ૭૙٭۰، ،۰ਃಸاܳأݠ) اይዧ؞؇ت ݁ٺأڎد ม฀ޗ دردނ۰ روًިت ّޚިߌߵ اᄴᄟراݿ۰ ۱ڍه ّگڎم اܳݱۜ٭۰. اࠍ੅ڎ݁؇ت ሌᇿإ اܳިݬިل ۰ਃ಻Ⴄၽ݁إ وّأݞز
ො੼ٺ݄ܭ، ྲྀྥލۛ٭ݧ و૭૏ٺ۠٭ص واࠍ੊ྡྷݴ، اܳأ݄ݠ، ا৙৑؜ਵاض، ݁ټܭ ૭૖٭ޚ۰ ݁ڎఈః༠ت ૭૏ٺگٴܭ ّڰ؇༟ܹ٭ً؇ ݁ފ؇༟ڎاً ܳ٭ܝިن ݁ݱ݄ܾ ل۰)، ଩ଃܹ෠ຶ৕৑وا

.ً۬ ݁ިٔިق ม฀ޗ وراًޔ ،ᄭᄟ؇࠯࠵࠺ ඹජި݁ ووݬژ
Base BERT আॻ༟ اෂීوًިت لأٺ݄ڎ ،۰ਃಸاܳأݠ ይዧ؞۰ ً؇ܳྡྷފٴ۰ .۰਒ಱڎ੆اࠍ اይዧ؞۰ ஓ஁؇ذج ݆݁ ۰༟ިᆇ୞୘ اݿٺ༱ڎام ቕቆ ،ዻዧذ ܳٺۜگ٭ݑ
BioClinicalBERTو BioBERT اݿٺ༱ڎام ቕቆ ڣگڎ ل۰، ଩ଃܹ෠ຶఇዳዧ ً؇ܳྡྷފٴ۰ أ݁؇ .GigaBERTو T5-Smallو MARBERTو Arabic
۰ᆇᅹଫଐܳا اෂීوًިت ૭૏ٺ༱ڎم اܳڰݠ૭૙٭۰، ይዧ؞۰ ม฀اܳޚ ا௯௫௵؇ل ሒᇭ ݁ٺۛݱݱ۰ ஓ஁؇ذج ّިڣݠ ܳأڎم وَޙݠاً .GigaBERTو PubMed BlueBERTو

ً؇ܳڰݠ૭૙٭۰. ݁ިٔިڢ۰ إ༥؇ً؇ت ቕሹܳٺگڎ (GigaBERT) ل۰ ଩ଃܹ෠ຶ৕৑ا ً؇ይዧ؞۰ ஓ஁ިذج أڣݯܭ ؜݆ ۰෠ູ؇اܳٷ
اࠍ੆ݱިل ݆݁ ๮ཚݠৎ৊ا ஓ୷ܝّ݆ პაႰ ๤ངلأ۰، أوܳ٭۰ ّگ٭٭݄؇ت ଫଃّިڣ ఈః༠ل ݆݁ ఋዳዧޗٴ؇ء اܳگݠار اෛູ؇ذ د؜ܾ Ⴇ၍داة اෂීوًިت ۱ڍا لأ݄ܭ
ሒᇃ؇ّأ มฆܳا اܳٴ྘٪؇ت ሒᇭ أو اܳޚٴ྘ص ل؇رة ز ڢٴܭ اৎ৊ٴଲ୍ة اৎ৊ݠا༡ܭ ሒᇭ ༠؇ݬ۰ أᆇᆅ٭۰ ذو ਵਦأ و۱ި و݁ྟފޚ۰، ᄭᄥዝང لگ۰ ًޚݠ ොේ٭۰ ݁أߺࠊ݁؇ت আॻ༟

اይዧ؞ިي. اܳٺأڎد أو اৎ৊ިارد َگݧ ݆݁
ڢڎرة আॻ༟ اܳݯިء ૭૏ܹޔّ პაႰ ޗٴ٭۰. ᄭᄥݬ وذات ،؇ً࿌ިܳ؞ ᄭᄥ݁؇وނ ا৖৑ݿٺ༱ڎام، ᄭᄥዝང رᆇᅪ٭۰ ༡ߺࠊل ሌᇿإ ۰༥؇੆اࠍ ا๤དྷৎ৊وع ۱ڍا ဪلأ؇ࠍ
ܳأ؇۰݁ أو ඔ൹۳ٷ٭గጻዧ ً ݿިاء اܳިݬިل، ሒᇭ ᄭᄟިዝངو ودڢ۰ ܋ڰ؇ءة ଫ଒أ܋ ොේ٭۰ ر༟؇ل۰ ቕሹّگڎ ሒᇭ ؇ًᆇᅦدا Ⴄًၽل๤ཇ لܝިن أن আॻ༟ ሒᇼ؇ݬޚٷ৖৑ا اܳٷ؇س.اႤ၍ᄳᄟء
ًܹ؞۰ اܳٺڰ؇༟ܭ ،୍ଲٴৎ৊ا اܳྥލۛ٭ݧ اይዧ؞؇ت، ݁ٺأڎدة اܳݱۜ٭۰ ا༟ීෂ؇ل۰ ،ሒᇼ؇ݬޚٷ৖৑ا اႤ၍ᄳᄟء ،ม฀ޗ دردނ۰ روًިت اिऻء׫ոؼמ١: اڤոஈ࿦࿮ت

اᆇᅪීෂ٭۰ ۰༲اܳݱ أدوات ا༟ීෂ؇ل۰، ሌᇿإ اܳިݬިل ޗٴ٭أ٭۰،
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General Introduction

Day in and day out, we come across the words Artificial Intelligence (AI)—words that used to be
the domain of science fiction, but are now firmly entrenched in our daily lives. In a general sense, AI is
understood as the ability of machines to perform tasks that would otherwise require human intelligence
either autonomously or under human control. Such tasks can range from simple decision-making to
complex pattern recognition, learning, and problem-solving. Currently, artificial intelligence technolo-
gies are incorporated into many aspects of modern society, such as smartphones, smart home systems,
transportation, finance, and notably, the healthcare industry. This rapid and widespread adoption un-
derscores the revolutionary potential of AI, particularly in areas that rely heavily on data analysis and
decision-making.

The idea of machines replicating human intelligence has intrigued researchers for decades. In 1958,
theMassachusetts Institute of Technology (MIT) established its Artificial Intelligence Laboratory, among
the earliest institutional attempts to formalize research on intelligent computing. Around this time, com-
puter scientists andmedical professionals began investigating potential applications of these technologies
in medicine. Their vision was clear: intelligent systems capable of storing vast amounts of medical data,
recognizing patterns, and assisting clinicians in diagnosing diseases and determining treatment courses.

This theoretical strategy led to the development of medical decision support systems (MDSS). The
early iterations of these systems were intended to assist healthcare professionals during the diagnostic
process by providing evidence-based recommendations drawn from comprehensive medical databases.
By replicating the diagnostic thinking of experienced doctors, MDSS aimed to reduce diagnostic errors,
ensure consistency in care, and improve overall patient outcomes. These systems represented a paradigm
shift in medicine, marking a transition from physician-centered care to more collaborative decision-
making supported by intelligent tools.

Over time, the scope of AI in healthcare has expanded significantly. Advanced machine learning
algorithms, natural language processing, and neural network models have enabled AI to analyze complex
data types, including medical imaging, electronic health records (EHRs), genomic information, and real-
time patient monitoring data. These advances have enhanced diagnostic accuracy, refined treatment
protocols, and facilitated the development of personalized medicine.

AsAI systems have evolved, newmodalities of human-machine interaction have emerged—particularly
through conversational interfaces. A key and increasingly prominent application of AI in healthcare
is the use of chatbots. Chatbots are computer programs designed to simulate human conversation via
text or voice-based interactions. Leveraging AI technologies like natural language processing and ma-
chine learning, these virtual agents can understand user queries, extract relevant information, and provide
context-appropriate responses.



In healthcare, chatbots serve a variety of roles, including answering patients’ questions, scheduling
appointments, offering mental health counseling, and conducting initial symptom assessments. The use
of chatbots presents several potential benefits. They offer round-the-clock access to healthcare informa-
tion, which is particularly valuable in underserved regions or during high-demand periods. They also
help reduce the administrative burden on healthcare professionals, allowing them to focus on more com-
plex tasks. Additionally, chatbots can play an important role in health education and disease prevention
by delivering timely and personalized information to users.

In mental health contexts, chatbots are used to offer cognitive behavioral therapy techniques, provide
emotional support, and detect signs of depression or anxiety through conversational cues. Despite their
many advantages, the use of healthcare chatbots raises important concerns. Issues such as data privacy,
ethical implications, clinical accuracy, and the risk of misdiagnosis must be carefully considered. There
are also questions surrounding patient trust, cultural acceptance, and legal accountability for chatbot
developers and healthcare providers.

As these technologies become increasingly embedded in healthcare delivery systems, it is essential to
critically examine not only their technical capabilities but also their broader social, ethical, and regulatory
implications. This research explores the evolving role of chatbots in healthcare, with a focus on their
potential to enhance patient care, improve operational efficiency, and drive innovation.

To guide this investigation, the study is structured as follows:

• Chapter I: Artificial Intelligence in Healthcare – This chapter provides an overview of AI
technologies and explores their historical and current applications in the healthcare sector.

• Chapter II: Studies on AI Applications in Medical Diagnosis – This chapter reviews existing
literature and case studies focused on AI-driven diagnostic systems and decision support tools.

• Chapter III: System Conception and Implementation – This chapter outlines the technical de-
sign, architecture, and implementation process of the chatbot system developed for this research.

• Chapter IV: Results and Evaluation – This chapter presents the experimental results, evaluation
metrics, and analysis of the chatbot’s performance and clinical relevance.

Through the exploration of real case studies, current research, and forward-looking perspectives, this
thesis aims to offer a comprehensive understanding of how chatbot technology is reshaping the healthcare
landscape and what it signifies for the future of medical practice.
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Chapter I

Artificial Intelligence in Healthcare



I.1 Introduction to Artificial Intelligence in Healthcare
Artificial Intelligence (AI) has emerged as a transformative power in the healthcare industry, trans-

forming the face of modern medicine in a remarkable manner. Its uses traverse a wide range of fields,
ranging from clinical diagnosis and treatment planning to patient engagement and hospital administra-
tion [102]. The foundation of AI’s strength lies in its ability to process and analyze vast volumes of
complex medical data at incredibly high speeds with an accuracy much higher than humans [50]. Ar-
tificially intelligent tools such as intelligent symptom screeners, predictive analytics tools, and virtual
health advisors are becoming integral parts of patient care procedures at an ever-growing speed, enabling
users to receive timely and personalized health information even before meeting a health expert [83, 43].

I.1.1 Definition of Artificial Intelligence (AI) in Healthcare

Healthcare AI refers to the use of advanced computational techniques and algorithms to process
medical data, assist in diagnosis, optimize treatment regimens, and improve patient care [105, 25]. AI
is a general term encompassing numerous technologies, including machine learning, natural language
processing, generative models, and robotics, that work together to improve clinical decision-making and
healthcare delivery [10, 32, 44].

I.1.2 Applications of AI in Healthcare

AI is being introduced into healthcare, providing solutions to improve efficiency, accuracy, and pa-
tient outcomes [105, 11]. Some of the key applications include:

• Symptom Assessment and Virtual Health Assistants: AI platforms allow patients to input
symptoms for personalized health screening. They help guide patients through triaging and refer-
ral to proper care [10].

• Medical Imaging and Diagnostic Support: Machine learning and deep neural networks read
MRI and CT scans. AI tools aid in the early and precise detection of anomalies, helping in diag-
nosis [44].

• Predictive Analytics and Early Disease Detection: AI systems, when trained on large-scale
clinical datasets, are capable of identifying patterns indicative of disease onset. This facilitates the
development of predictive models that enable clinicians to initiate early interventions, potentially
improving prognoses [25].

• Robotic Surgery: AI robot systems like the Da Vinci Surgical System enhance surgical precision
and stability. They enable minimally invasive surgeries, which lead to quicker recovery and better
patient safety [11].

• Natural Language Processing (NLP): NLP techniques extract and retrieve valuable clinical in-
formation from unstructured texts like EHRs, notes, and literature to enable easier access to in-
formation and evidence-based decision-making [32].
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• Drug Discovery and Development: AI accelerates drug development by analyzing biochemical
and molecular data, identifying promising compounds, and reducing costs and timelines [10].

• Personalized Medicine: AI combines genomic, phenotypic, and clinical data to tailor treatments
to individuals, enhancing effectiveness and minimizing side effects [105].

I.1.3 History of AI Use in Medical Diagnosis

AI has progressively shaped medical diagnosis, evolving from early rule-based systems to modern
deep learning models. This section outlines the key milestones in that transformation.

I.1.3.1 Foundational Developments (1950s–1970s)

The conceptual foundation for using artificial intelligence (AI) in medicine began in the 1950s with
early computational models aiming to simulate human reasoning. Notable contributions during this
period include:

• Alan Turing’s Research (1950): Turing’s pioneering ideas on intelligent machines established
the theoretical groundwork for applying computational logic in medical contexts [104].

• Emergence of Expert Systems (1970s): Early expert systems were developed to replicate human
medical decision-making using rule-based logic, marking a significant advancement in computer-
assisted diagnostics [93].

I.1.3.2 Emergence of Medical Expert Systems (1970s–1980s)

This era saw a surge in AI-based diagnostic applications through the development of knowledge-
driven systems designed to support clinical decisions. Prominent systems include:

• MYCIN (Mid-1970s): Developed at Stanford University, MYCIN was among the first AI-based
diagnostic tools, designed to identify bacterial infections and recommend antibiotic treatments.
Despite its diagnostic accuracy, it was not adopted in clinical practice due to ethical and legal
concerns [93].

• INTERNIST-1 (Late 1970s): Designed to assist physicians with complex internal medicine
cases, INTERNIST-1 utilized a vast knowledge base to generate differential diagnoses from input
symptoms [66].

I.1.3.3 Adoption of AI and Big Data in Diagnostics (1990s–Early 2000s)

With enhanced computational capabilities and the growth of medical databases, AI systems transi-
tioned from rule-based logic to data-driven approaches. Key developments included:

• Artificial Neural Networks (ANNs): Neural networks began to be applied in diagnostic imaging,
including the interpretation of X-rays and MRI scans [57].

19



• Clinical Decision Support Systems (CDSS): These systems supported clinicians by offering
evidence-based recommendations derived from vast datasets, thereby improving diagnostic accu-
racy and treatment planning [12].

I.1.3.4 Advancements in Deep Learning and Modern AI (2010–Present)

Recent years have witnessed significant breakthroughs in AI through deep learning and sophisticated
data processing techniques. Contemporary innovations include:

• Medical Imaging Analysis: In 2016, deep learning algorithms exceeded the diagnostic capabili-
ties of dermatologists in detecting skin cancer from images [29]. By 2018, the U.S. FDA approved
the first autonomous AI system for diagnosing diabetic retinopathy [4].

• Genomics and Precision Medicine: AI tools are now integral in analyzing genomic data to
predict hereditary diseases, such as rare cancers, aiding in personalized treatment strategies [55].

• Medical Robotics: Robotic systems have been developed to conduct automated medical consul-
tations, improving accessibility and efficiency in healthcare delivery [102].

• Telemedicine: AI enhances remote diagnostics, particularly in underserved or rural regions, by
supporting clinicians through virtual consultations and image analysis [91].

I.1.3.5 Future Directions in AI-Driven Medical Diagnosis

AI continues to evolve as a critical asset in modern healthcare. Anticipated developments include:

• Accelerated and more accurate diagnoses of rare and complex diseases.

• Integration with Internet of Things (IoT) devices for real-time patient monitoring.

• Improved early detection of critical conditions such as cancer and cardiovascular diseases.

I.1.4 Evolution of Self-Diagnosis Tools

The development of self-diagnosis technologies reflects a growing trend toward patient empower-
ment and digital health engagement. From early web-based symptom lists to advanced AI-powered
platforms, these tools have significantly impacted how individuals access and interpret health informa-
tion.

I.1.4.1 Initial Symptom Checklists (Pre-2000s)

Early self-diagnostic tools were static and informational, providing basic symptom listings and gen-
eralized condition descriptions. These platforms served primarily as educational resources for users
seeking initial guidance.
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• WebMD (1996): One of the first digital platforms to offer an interactive symptom checker,
WebMD allowed users to enter symptoms and receive possible condition matches, quickly be-
coming a trusted online health reference [111].

• Mayo Clinic Symptom Checker (Early 2000s): The Mayo Clinic introduced its own tool, pro-
viding clinically reviewed symptom information to help users make informed decisions about
seeking care [64].

I.1.4.2 Expansion of Online Symptom Checkers (2000s–2010s)

As internet access and digital literacy expanded, symptom checkers became more interactive and
data-driven. These tools began incorporating algorithms to generate diagnostic suggestions, though their
clinical reliability remained limited.

• PubMed Central Study (2012): This study assessed the diagnostic accuracy of online symptom
checkers and highlighted their potential utility as well as their constraints in guiding users without
medical oversight [90].

• Digital Health Review (2018): A systematic review contextualized symptom checkers within the
broader digital health movement, emphasizing their role in changing how patients interact with
healthcare systems and information [17].

I.1.4.3 Recent Advancements (2020s)

In the last five years, numerous comprehensive reviews and evaluations have assessed modern symp-
tom checker platforms:

• A 2023 systematic review reported that diagnostic accuracy remains low—often below 40%—and
triage accuracy is inconsistent, though improving in some tools [85].

• A 2024 study by Aissaoui Ferhi et al. demonstrated that machine learning techniques—such as
random forests and logistic regression—significantly improved diagnostic accuracy in clinical-
vignette testing [6].

• A 2024 qualitative investigation in Germany highlighted that symptom checker users are typically
younger, digitally literate, and generally reported positive experiences, though concerns about
accuracy and shared decision-making persisted [69, 86].

• A real-world study comparing Ada, WebMD, and ChatGPT to emergency department diagnoses
showed symptom checkers and LLMs matching physician diagnostic top-3 accuracy in approxi-
mately one-third of cases—highlighting moderate reliability [37].

I.2 Medical Chatbots: Concept and Significance
In today’s digital era, technology is significantly transforming healthcare services and enhancing

patient experiences. One notable innovation in this field is the rise of medical chatbots, which offer
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preliminary medical consultations and assist patients by analyzing their symptoms. These AI-powered
systems leverage natural language processing (NLP) and machine learning to comprehend user inquiries
and provide medically informed responses [14, 68]. Medical chatbots help alleviate pressure on health-
care systems, deliver immediate solutions to individuals seeking medical advice, and ensure accessible
healthcare support, regardless of time or location [7]. This section delves into the concept of medical
chatbots, their distinction from traditional chatbots, their role in improving healthcare access, and some
global examples of their implementation.

I.2.1 Definition of Medical Chatbots

Medical chatbots are AI-based virtual assistants designed to interact with users and offer prelimi-
nary medical consultations by analyzing symptoms and healthcare data. These chatbots operate through
websites or mobile applications and assist in:

• Analyzing symptoms and suggesting potential conditions [31].

• Guiding patients on appropriate next steps, such as visiting a healthcare provider or using home
remedies [5].

• Reminding patients about medication schedules and regular health check-ups [68].

• Supporting mental health through cognitive behavioral therapy (CBT) techniques for managing
stress and anxiety [34].

Medical chatbots provide a cost-effective and efficient solution to address gaps in healthcare access,
particularly in underserved and overburdened regions where medical consultations may be difficult to
obtain [7].

I.2.2 Differences Between Traditional and Medical Chatbots

Although both traditional and medical chatbots utilize AI and machine learning, they differ markedly
in terms of their objectives, complexity, and associated risks.
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Feature Traditional Chatbots Medical Chatbots

Application Customer support, FAQs, en-
tertainment

Medical consultations,
symptom checking, patient
support

Knowledge Base General business or cus-
tomer service data

Medical databases, clinical
research, healthcare guide-
lines

Privacy & Security Minimal regulatory require-
ments

Must comply with strict
regulations (e.g., HIPAA,
GDPR)

Risk Factor Low –mistakes lead tominor
inconveniences

High – errors can directly af-
fect health outcomes

User Interaction Basic rule-based responses AI-driven, personalized
health advice

Table I.2.1: Key Differences Between Traditional and Medical Chatbots

In contrast to traditional chatbots, medical chatbots require higher accuracy, robust validation, and
must comply with stringent ethical and regulatory standards to protect patient safety and ensure data
privacy [7, 5, 68].

I.2.3 The Role of Medical Chatbots in Improving Healthcare Access

Medical chatbots are essential in enhancing healthcare services through several key contributions:

• Round-the-Clock Availability: Patients can obtain health information at any time, eliminating
the need to wait for a doctor’s availability [5].

• Assistance for Remote and Underserved Areas: Medical chatbots provide immediate medical
guidance to people in rural or resource-limited regions, reducing the need for long-distance travel
to healthcare facilities [7].

• Alleviating Pressure on Healthcare Systems: By addressing basic health queries, chatbots help
reduce unnecessary hospital visits, allowing healthcare professionals to focus on more critical
cases [68].

• Promoting Preventive Health: Chatbots offer advice on maintaining a healthy lifestyle, prevent-
ing chronic diseases, and taking necessary medical tests, encouraging proactive health manage-
ment [31].
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• Boosting Patient Engagement: With personalized reminders for medications and check-ups,
chatbots enhance patient adherence to prescribed treatments and foster greater involvement in
their healthcare [34].

These benefits illustrate how medical chatbots are transforming healthcare access, particularly for
underserved and remote populations.

I.2.4 Global Examples: Ada Health, Buoy Health, Your.MD

Several AI-powered medical chatbots have been effectively deployed globally, significantly enhanc-
ing healthcare accessibility and efficiency. Noteworthy examples include:

• Ada Health: An AI-driven chatbot designed to analyze symptoms and generate potential diag-
noses based on a comprehensive medical dataset, providing users with accurate and user-friendly
medical insights [1].

• BuoyHealth: This platform employs AI algorithms to assess symptoms and recommend the most
appropriate course of action, whether it involves consulting a healthcare provider or utilizing at-
home care options [2].

• Your.MD: A digital health assistant that delivers tailored health advice and symptom evaluation,
utilizing a reliable medical database to provide evidence-based recommendations [3].

These examples highlight the growing impact of AI-based medical chatbots in improving patient
care and streamlining healthcare processes on a global scale.

I.3 AI Technologies Utilized in Medical Chatbots
Medical chatbots have become powerful tools in healthcare, harnessing artificial intelligence (AI)

to support patients, healthcare providers, and medical researchers. These chatbots rely on a range of AI
technologies to improve symptom assessment, disease prediction, and patient interactions. The three pri-
mary AI technologies employed in medical chatbots are Natural Language Processing (NLP), Machine
Learning (ML), and Deep Learning (DL). Each of these technologies plays a pivotal role in enabling chat-
bots to interpret user input, analyze medical conditions, and generate intelligent, contextually relevant
responses.

I.3.1 Natural Language Processing (NLP) for Symptom Understanding

Natural Language Processing (NLP) constitutes a fundamental component in the architecture of med-
ical chatbots, enabling them to interpret, process, and generate human language in a clinically meaningful
manner. Through NLP, chatbots are capable of:

• Extracting medically relevant information such as symptoms, conditions, and patient concerns
from unstructured user input.
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• Identifying and interpreting medical terminologies, abbreviations, and the diverse linguistic ex-
pressions used by patients to describe health-related issues.

• Facilitating multilingual communication and generating contextually appropriate, human-like re-
sponses to enhance user interaction.

Key NLP techniques, including Named Entity Recognition (NER), are employed to identify specific
clinical entities—such as disease names and symptom descriptions—within user-generated text [13].
Recent advancements have seen the application of contextual language models such as BERT (Bidirec-
tional Encoder Representations from Transformers) and its biomedical variant, BioBERT, which have
significantly improved the semantic understanding of complex medical narratives [62].

Empirical evidence suggests that NLP-powered medical chatbots, when trained on specialized clin-
ical datasets, can achieve symptom detection accuracies exceeding 85%, underscoring their reliability
and efficacy in preliminary health assessment tasks [62]. These advancements position NLP as a critical
enabler in the delivery of intelligent, responsive, and accessible digital healthcare solutions.

I.3.2 Machine Learning for Disease Prediction

Machine Learning (ML) constitutes a core technological framework in medical chatbots, facilitat-
ing the prediction of potential diseases based on user-reported symptoms. ML algorithms are trained on
large-scale datasets comprising clinical records, symptomatology, and confirmed diagnoses, enabling
the system to identify complex patterns and derive data-driven inferences regarding possible health con-
ditions.

Several ML paradigms are utilized within medical chatbot applications:

• Supervised Learning: Involves training models on labeled datasets, where the input features
(e.g., symptoms) are associated with known outcomes (e.g., diagnoses). This approach enables
the system to learn direct mappings between symptom profiles and specific diseases.

• Unsupervised Learning: Applied to unlabeled data to uncover hidden structures and groupings,
such as clustering similar patient cases or identifying novel symptom correlations, which can
support differential diagnosis.

• Reinforcement Learning: Utilizes a reward-based feedback mechanism to iteratively optimize
the chatbot’s decision-making process, improving diagnostic accuracy and response quality over
time.

Empirical studies have demonstrated the efficacy of ML in enhancing diagnostic capabilities within
chatbot systems. For instance, models utilizing decision trees and support vector machines (SVMs)
have achieved diagnostic accuracies exceeding 90% in identifying common infectious conditions [82].
Furthermore, research indicates that ML-powered chatbots can perform at levels comparable to primary
care physicians in specific diagnostic scenarios [8]. These advancements underscore the transformative
potential of machine learning in augmenting clinical decision support and improving the scalability of
healthcare delivery.
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I.3.3 Deep Learning for Complex Symptom Pattern Analysis

Deep Learning (DL) represents an advanced subset of machine learning that significantly enhances
the analytical capabilities of medical chatbots, particularly in identifying complex and nuanced symp-
tom patterns often missed by traditional models. DL architectures such as Recurrent Neural Networks
(RNNs), Long Short-Term Memory (LSTM) networks, Convolutional Neural Networks (CNNs), and
Transformer models enable sophisticated pattern recognition and temporal analysis in clinical data.

Key contributions of deep learning in medical chatbot functionality include:

• Temporal PatternRecognition: RNNs and LSTMs are particularly effective inmodeling disease
progression over time by capturing sequential dependencies in symptom evolution.

• Multi-symptomCorrelation: DLmodels can detect intricate relationships between co-occurring
symptoms, which is crucial for diagnosing complex conditions such as autoimmune or rare dis-
eases.

• Context Retention in Conversations: Transformer-based models, such as GPT-4, enhance chat-
bot performance by maintaining contextual coherence in multi-turn dialogues, leading to more
accurate and personalized interactions.

Empirical research underscores the value of DL in clinical diagnostics. For instance, CNN and
LSTM-based systems have demonstrated high diagnostic performance even with limited datasets, partic-
ularly in rare disease identification [84]. Additionally, transformer architectures like GPT-4 have shown
state-of-the-art accuracy in medical question answering tasks, outperforming traditional NLP systems in
both generalizability and contextual understanding [94].

These capabilities position deep learning as a critical enabler of next-generation medical chatbots,
capable of delivering high-precision support in complex diagnostic scenarios.

I.4 Workflow of Medical Chatbots
Medical chatbots operate through a structured, multi-stage workflow designed to facilitate accurate

symptom assessment, intelligent data analysis, and the delivery of personalized health recommendations.
This systematic process enables effective interaction between users and AI-driven healthcare platforms.
The primary stages of this workflow include data collection, algorithmic analysis, preliminary diagnostic
generation, and recommendation delivery.
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Figure I.4.1: Workflow of a Medical Chatbot System

I.4.1 Data Collection: Symptoms, Demographics, and Medical History

The initial phase involves the acquisition of critical user data, which forms the foundation for sub-
sequent analysis. Key data elements include:

• Symptoms: Users describe their health concerns in natural language. The chatbot leverages Nat-
ural Language Processing (NLP) techniques to extract and standardize symptom-related termi-
nology [13].

• Demographics: Information such as age, gender, and other demographic factors is essential for
contextualizing medical risk, as the prevalence and manifestation of many diseases vary across
populations [62].

• Medical History: Details on previous diagnoses, chronic illnesses, current medications, and fam-
ily medical history allow the chatbot to tailor its analysis to the individual’s clinical background.

I.4.2 Data Analysis Using Artificial Intelligence Algorithms

Once data is collected, it undergoes sophisticated analysis using various AImethodologies to identify
potential diagnoses:

• Linear Models (LMs): Employed for pattern recognition by comparing user data to existing
medical databases to predict possible conditions [82].

• Deep Learning Techniques: Neural networks such as Long Short-Term Memory (LSTM) and
Transformer models are used to identify complex symptom interrelations and temporal patterns
in user input [84].

• Strategic Modeling Approaches: These models assess possible outcomes or complications, en-
hancing the system’s decision-making capability in cases involving multifactorial diseases.

Studies have shown that, when trained on robust datasets, these models can achieve diagnostic ac-
curacies exceeding 90% in certain clinical scenarios [8].
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I.4.3 Preliminary Diagnosis Generation

Following data analysis, the chatbot formulates a preliminary diagnosis by:

• Matching input symptoms with known disease profiles from curated medical databases.

• Assigning probability scores to each diagnostic possibility, reflecting the AI model’s confidence
in its inference.

• Classifying the urgency of the case, distinguishing between emergent conditions and non-critical
issues manageable through self-care.

Evidence suggests that Transformer-based models integrated into medical chatbots can reach diag-
nostic accuracies comparable to primary care physicians in selected clinical domains [94].

I.4.4 Recommendation Delivery

Based on the preliminary diagnosis, the chatbot delivers context-specific recommendations, includ-
ing:

• Self-Care Guidance: For minor conditions, advice may include home remedies or the use of
non-prescription medications.

• Preventive and Lifestyle Recommendations: Suggestions may be offered regarding diet, phys-
ical activity, and other health-promoting behaviors.

• Medical Referral: In more serious cases, the chatbot advises users to consult healthcare pro-
fessionals and may even integrate with telemedicine platforms to facilitate appointment schedul-
ing [8].

• Emergency Alerts: For acute or life-threatening symptoms (e.g., chest pain suggestive of my-
ocardial infarction), the chatbot recommends immediate medical attention.

These recommendations are continuously refined through user feedback and adaptive learningmech-
anisms, thereby improving the system’s accuracy and reliability over time [82].

I.5 Medical Databases and Knowledge Sources
The effectiveness and reliability of medical chatbots fundamentally depend on the quality of the

knowledge bases and medical resources they utilize. These systems draw upon structured databases
and reputable online health platforms to support symptom evaluation, diagnostic suggestions, and treat-
ment recommendations. Such knowledge sources typically encompass disease classifications, clinical
protocols, evidence-based treatment pathways, and symptom-disease correlations. The integrity, credi-
bility, and security of these data repositories are critical to ensuring the safe and accurate functioning of
AI-driven medical applications.
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I.5.1 Data Sources: Medical Databases and Online Resources

To deliver accurate and trustworthy healthcare information, medical chatbots are programmed to ac-
cess and analyze data from several established medical knowledge repositories. Notable sources include:

• Mayo Clinic: An internationally recognized medical institution providing peer-reviewed, clin-
ically validated information on a wide range of medical conditions, symptoms, diagnostic pro-
cedures, and treatment strategies. It is frequently used as a standard reference in both clinical
practice and AI systems [99].

• WebTeb: A leading Arabic-language medical website delivering reliable content on diseases,
symptoms, and treatments. It plays a significant role in addressing the need for accessible and
culturally relevant health information in Arabic-speaking regions [61].

• Altibbi: One of the most comprehensive Arabic-language medical platforms, offering detailed
information on medical conditions, symptoms, drug usage, and expert advice. It supports both
users and healthcare professionals with up-to-date, localized medical content [21].

• Sohati: A wellness-oriented Arabic health platform providing guidance on disease prevention,
healthy lifestyle practices, andmanagement of commonmedical conditions, with a focus on public
health education [16].

• WebMD: A widely used English-language medical portal featuring an AI-integrated symptom
checker, extensive disease databases, and patient-friendly explanations of medical concepts. It
serves as a foundational source for many chatbot systems due to its structured and validated health
content [108].

I.5.2 Data Quality Standards

The efficacy and trustworthiness of AI-poweredmedical chatbots hinge on the quality of the data they
utilize. To ensure the delivery of safe, accurate, and ethical healthcare information, the data integrated
into these systems must adhere to rigorous quality standards:

• Accuracy: All medical information must be derived from verified, evidence-based sources such
as peer-reviewed journals, clinical databases, or authoritative healthcare institutions. This ensures
that diagnoses, treatment suggestions, and health advice are medically sound and reliable [8].

• Consistency: The application of standardized medical terminologies, such as ICD (International
Classification of Diseases), SNOMED CT, or LOINC, is critical to minimizing ambiguity and
enhancing the interpretability and interoperability of chatbot responses [82].

• Timeliness: Medical knowledge is dynamic; therefore, datasets and algorithms powering medical
chatbots must be regularly updated to incorporate the latest clinical research, treatment guidelines,
and public health recommendations [84].
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• Security and Privacy: Given the sensitive nature of healthcare data, medical chatbots must com-
ply with globally recognized data protection frameworks, including the Health Insurance Porta-
bility and Accountability Act (HIPAA) in the United States and the General Data Protection Reg-
ulation (GDPR) in the European Union. These regulations ensure secure handling of personal
health information and protect patient privacy throughout all data processing stages [94].

I.5.3 Examples: ICD-10 and SNOMED CT

Two prominent medical classification systems play a critical role in organizing disease-related in-
formation, thereby supporting AI-powered medical chatbots:

• ICD-10 (International Classification of Diseases, 10th Revision): Developed by the World
Health Organization (WHO), ICD-10 is a globally recognized standard for classifying diseases,
health conditions, and related factors. It is utilized worldwide for diagnosis, research, statistical
analysis, and treatment planning [62].

• SNOMED CT (Systematized Nomenclature of Medicine – Clinical Terms): SNOMED CT
is a comprehensive, multilingual clinical terminology system that standardizes medical records,
enhances interoperability between healthcare systems, and improves diagnostic precision. It is ex-
tensively integrated into electronic health records (EHRs) and supports AI-driven clinical decision-
making and diagnosis [13].

These classification systems are instrumental in enabling AI-powered healthcare applications to en-
hance diagnostic accuracy, improve patient care outcomes, and facilitate informed clinical decision-
making.

I.6 Medical Databases and Knowledge Sources
Medical chatbots draw on authoritative sources such as ICD-10, SNOMED CT, Mayo Clinic, and

WebMD to support accurate symptom analysis and diagnosis. These databases provide standardized,
evidence-based information essential for delivering safe and reliable medical guidance [71, 98, 22, 113].

I.6.1 Comparison Between Traditional and Advanced Algorithms

Medical diagnostic systems typically employ two distinct categories of algorithms: traditional rule-
based algorithms and advanced AI-driven algorithms. Each approach offers unique capabilities and
limitations in terms of adaptability, accuracy, and performance in complex medical scenarios [92, 49].

Traditional Algorithms: These systems operate based on explicitly defined rules and symptom sets
curated by medical experts. While they provide a consistent framework for decision-making, they are
inherently static and lack the ability to adapt or improve without manual intervention. Consequently,
their diagnostic performance is limited by the scope and specificity of the predefined rules [20].
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Advanced Algorithms: In contrast, advanced systems utilize machine learning and deep learning
techniques, enabling autonomous learning from vast datasets. These models can identify complex pat-
terns, adapt to new medical information, and improve diagnostic accuracy over time. Their data-driven
nature allows for greater flexibility and enhanced handling of atypical or novel cases [101, 28].

Criterion Traditional Algorithms Advanced Algorithms
Mechanism Relies on pre-programmed rules Learns from data patterns using AI

techniques
Updating Requires manual updates by do-

main experts
Continuously improves through
exposure to new data

Accuracy Limited and dependent on fixed
rules

Increases with data volume and
model refinement

Handling Com-
plex Cases

Often struggles with atypical or
novel presentations

Capable of recognizing non-
obvious patterns and correlations

Table I.6.1: Comparison Between Traditional and Advanced Algorithms

Advanced algorithms thus represent a significant evolution in medical diagnostics, enabling more
adaptive, scalable, and accurate healthcare solutions [49].

I.6.2 Symptom-Based Algorithms

Symptom-based algorithms are fundamental components of AI-poweredmedical diagnostic systems.
These algorithms analyze patient-reported symptoms and map them against structured medical condition
databases to generate diagnostic hypotheses. Commonly employed approaches include:

• Decision Trees: These algorithms organize symptoms into a hierarchical structure where each
node corresponds to a symptom-related question, and each branch leads to a possible diagnostic
outcome. As users provide responses, the algorithm navigates the tree to arrive at a likely di-
agnosis. This method offers interpretability and is suitable for structured diagnostic workflows
[81].

• Bayesian Networks: Probabilistic graphical models that employ Bayesian inference to estimate
disease likelihoods based on symptom inputs. By modeling conditional dependencies among
symptoms and conditions, they support nuanced diagnostic reasoning even when information is
incomplete or uncertain [45].

Example: The Mayo Clinic Symptom Checker utilizes a combination of decision trees and proba-
bilistic models to generate preliminary diagnostic suggestions based on user inputs [22].

These symptom-based models serve as foundational tools for enhancing diagnostic efficiency, par-
ticularly during initial patient assessments and digital triage [41].
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I.6.3 Similarity-Based Algorithms

Similarity-based algorithms identify probable diagnoses by comparing a user’s reported symptoms
with previously recorded patient cases. Key techniques include:

• K-Nearest Neighbors (KNN): Identifies the closest symptom patterns among existing cases to
infer the most likely diagnosis [35].

• Vector SpaceModels (VSM):Represent symptoms as numerical vectors, enabling high-precision
similarity comparisons through geometric or statistical measures [88].

A notable application of these techniques is IBMWatsonHealth, which leverages large-scalemedical
datasets to improve diagnostic accuracy through extensive data comparison [33].

I.7 Technical and Legal Challenges
While medical chatbots have significantly advanced the accessibility and efficiency of healthcare

delivery, their deployment is accompanied by a range of technical, legal, and ethical challenges. Ad-
dressing these issues is essential to ensure the safe, effective, and trustworthy operation of AI-driven
diagnostic tools in clinical environments.

I.7.1 Technical Challenges: Symptom Interpretation andKnowledgeBase
Maintenance

A major technical limitation of medical chatbots lies in accurately interpreting user-reported symp-
toms, especially when expressed using informal, ambiguous, or non-standard language. Natural Lan-
guage Processing (NLP) models must continuously evolve to recognize diverse linguistic expressions
and medical terminologies. Errors in interpretation may result in incorrect assessments and risk patient
safety. Moreover, the efficacy of these systems depends heavily on the regular updating of their medical
databases. As medical knowledge rapidly evolves, outdated information can lead to inaccurate diagnoses
or treatment suggestions, necessitating real-time integration of current clinical guidelines and research
findings [84].

I.7.2 Legal Challenges: Ensuring Compliance with Data Protection Laws

Medical chatbots process highly sensitive health information, which subjects them to rigorous data
protection frameworks. Compliance with the General Data Protection Regulation (GDPR) in the Euro-
pean Union and the Health Insurance Portability and Accountability Act (HIPAA) in the United States
is essential. These regulations mandate explicit user consent, secure data storage, and transparent data
handling practices. Failure to adhere to these standards can lead to legal liabilities and diminish user
trust, emphasizing the need for robust data governance in chatbot systems [62].
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I.7.3 Ethical Challenges: Risk of Misleading or Harmful Advice

From an ethical standpoint, the primary concern is the potential for medical chatbots to deliver
misleading or unsafe recommendations. Given that these systems often serve as an initial touchpoint
for health-related inquiries, inaccuracies in symptom analysis can lead to delayed care or inappropriate
self-treatment. For example, minimizing a serious condition as a minor ailment may result in adverse
outcomes. Therefore, the ethical design of these systems must incorporate fail-safes, promote evidence-
based outputs, and prioritize escalation to human professionals when uncertainty arises [8].

I.8 Future Trends and Innovations
The evolution of medical chatbots is poised to significantly advance healthcare delivery through

increased diagnostic precision, user personalization, and system integration. As artificial intelligence
technologies continue to mature, future innovations will likely enhance the clinical utility of chatbots,
contributing to more comprehensive and responsive patient care.

I.8.1 Integration with Electronic Health Records (EHR)

A key innovation on the horizon is the seamless integration of medical chatbots with Electronic
Health Records (EHRs). This development would grant chatbots access to a patient’s longitudinal medi-
cal data, including previous diagnoses, treatments, medications, and laboratory results. Such integration
is expected to substantially improve diagnostic accuracy and the relevance of recommendations by en-
abling context-aware responses tailored to individual patient profiles. Additionally, it can support conti-
nuity of care and facilitate coordination with healthcare providers, enhancing both efficiency and patient
outcomes [82].

I.8.2 Incorporation of Voice and Image Analysis

Another promising advancement lies in the incorporation of voice and image analysis into chatbot
systems. Voice-based diagnostics, leveraging acoustic signal processing andmachine learning, can detect
early signs of respiratory conditions, cardiovascular anomalies, and neurodegenerative diseases through
subtle vocal biomarkers. Similarly, AI-enabled image analysis can assist in evaluating dermatological
conditions, radiological images, and wound healing progression. By enabling multimodal diagnostic
inputs, these technologies can significantly broaden the scope and clinical applicability of medical chat-
bots [84].

I.9 Summary
This chapter outlines the definition, history, and applications of Artificial Intelligence (AI) in health-

care, highlighting its evolution from early expert systems to modern deep learning. It discusses the
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development of self-diagnosis tools and the rise of medical chatbots—AI-driven systems that assist in
symptom assessment and healthcare access.

Key technologies include Natural Language Processing, Machine Learning, and Deep Learning,
which support chatbot workflows from data collection to recommendation. The chapter also empha-
sizes the role of standardized medical databases (e.g., ICD-10, SNOMED CT), compares traditional and
AI-based algorithms, and addresses technical, legal, and ethical challenges. Future directions include
integration with electronic health records and advanced input methods like voice and image analysis.
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Chapter II

Studies on AI Applications in Medical Diagnosis



II.1 The Role of Artificial Intelligence in Modern Diagnos-
tics

Studies on AI applications in medical diagnosis have shown promising results in enhancing diag-
nostic accuracy and efficiency. AI-powered systems, particularly those using machine learning and
deep learning, can analyze vast amounts of medical data, including patient records, imaging, and ge-
netic information. Research indicates that AI can match or even surpass human expertise in certain
diagnostic tasks, such as detecting early signs of diseases like cancer, heart conditions, and neurolog-
ical disorders [102, 30]. Furthermore, these technologies offer the potential to reduce diagnostic er-
rors [50], streamline workflows, and provide personalized treatment recommendations, thereby trans-
forming healthcare delivery [117].

II.2 Transformer-Based Model for Early Lung Cancer De-
tection Using EHR Data

This study demonstrates the potential of transformer-basedmodels to improve early lung cancer diag-
nosis by analyzing EHR data. Its high sensitivity and accuracy highlight the promise of AI in enhancing
disease detection in primary care, offering a model for broader application in medical diagnostics.

II.2.1 Study Purpose

The primary aim of this studywas to develop and evaluate a transformer-based deep learningmodel—
MedAlbert+LRC—for the early diagnosis of suspected lung cancer in primary care settings using longi-
tudinal electronic health record (EHR) data. Recognizing the limitations of traditional epidemiological
and regression-based models, particularly their inability to capture temporal and sequential patterns in
patient histories, the researchers sought to exploit transformer architectures to model complex depen-
dencies among clinical features leading to lung cancer diagnosis [109].

II.2.2 Methodology

This work employed a nested case-control design within theWhole Systems Integrated Care (WSIC)
database, encompassing EHRs from over 3.3 million patients. The methodology followed a two-phase
machine learning pipeline, as proposed by Kale et al. [109]:

1. Pretraining a Transformer Model (MedAlbert): Built on the ALBERT architecture, MedAl-
bert learned unsupervised representations of three-year patient pathways consisting of temporally
ordered Read codes.

2. Fine-tuning for Prediction (MedAlbert+LRC):A logistic regression classifier was layered atop
the pretrained MedAlbert to perform supervised binary classification of lung cancer presence.
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Key preprocessing steps included mapping over 30,000 raw Read codes to 450 semantically grouped
features and excluding the final month of data before diagnosis to minimize temporal bias. The training-
validation split was 70/30, and hyperparameter tuning was done using held-out data.

II.2.3 Dataset Overview

As detailed in the study by Kale et al. [109], this research utilized longitudinal EHR data from the
WSIC database, comprising 3,303,992 patients registered between 1981 and 2020. The training cohort
consisted of:

• 5,789 patients diagnosed with lung cancer

• 7,240 control patients diagnosed with other cancers or respiratory conditions

An independent validation cohort included 368,906 patients.
Demographic Characteristics

• Mean age at diagnosis: 71.5 years

• Gender distribution: Approximately equal (50% male, 50% female)

• Ethnic composition: Diverse (White British, Indian, Black African)

II.2.4 System Architecture

The core model, MedAlbert, is a six-layer Transformer architecture with twelve attention heads,
adapted from ALBERT. The components include:

• Input: Sequences of temporally ordered medical codes

• Embeddings: Combined medical code and positional embeddings

• Pretraining: Masked Language Modeling (MLM)

• Fine-tuning: Logistic regression on the [CLS] token

MedAlbert+LRC was trained end-to-end for accurate prediction of lung cancer.
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Figure II.2 .1: Workflow of a Medical Chatbot System

II.2.5 Key Findings

MedAlbert+LRC demonstrated strong performance:

• AUROC: 0.924 (95% CI: 0.921–0.927)

• Sensitivity: 86.6%

• PPV: 3.6%

Also maintained good performance for:

• One-year prediction: AUROC = 86.3%

• Two-year prediction: AUROC = 83.3%

Clustering analysis revealed distinct clinical subgroups. Attention mechanisms helped interpret pre-
dictive features like symptom trajectories.

II.2.6 Limitations

• Temporal bias (mitigated by omitting the last month before diagnosis)

• No external validation
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• Limited structured coding in primary care data

• Real-time deployment requires better infrastructure

II.2.7 Suggested Improvements

• Test on external datasets

• Use NLP to incorporate unstructured notes

• Real-time FHIR API integration

• Combine with lab/imaging data

• Compare with fine-tuned large language models

II.3 Transformer-Based Multimodal Fusion for Enhanced
Tuberculosis Diagnosis

This study demonstrates the effectiveness of transformer-basedmultimodal fusion in enhancing diag-
nostic accuracy. By combining medical images and clinical data, the approach captures complex patterns
that traditional methods may miss. This advancement can improve diagnostic tools, including medical
chatbots, by enabling more accurate assessments—particularly for diseases such as tuberculosis [60].

II.3.1 Study Purpose

The purpose of this study is to develop an advanced transformer-based deep learning framework
for the diagnosis of tuberculosis (TB) using heterogeneous multimodal data—chest X-ray images and
clinical health records. The proposed model addresses the limitations of unimodal diagnostic methods
by integrating both modalities to learn meaningful features and provide accurate, fast, and scalable di-
agnostic support, especially in resource-constrained environments [60].

II.3.2 Methodology

The methodology outlines a multimodal diagnostic pipeline that systematically processes and integrates
clinical and imaging data. Each stage—from preprocessing to classification—was optimized for accu-
racy, interpretability, and real-world applicability in TB diagnostics.
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Figure II.3 .1: Workflow of the proposed transformer-based multimodal TB diagnosis system
[60].

Stage Description

Image Preprocessing Resizing, denoising, and augmentation of X-ray images
Clinical Data Tokenization Feature projection of symptoms, labs, demographics
Cross-Modal Attention Fusion of image and clinical embeddings
Self-Attention Fusion Contextual learning using transformer encoders
Classification Module Neural network with ReLU and Sigmoid activations

Table II.3 .1: Summary of Key Methodological Steps [60].

II.3.3 Dataset Overview

The dataset supports the dual-modality framework and is representative of TB-affected populations. It
provides a solid foundation for training and validating the model’s generalization across different patient
profiles.
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Feature Value

Total Records 3,558 paired records
Patients 3,256 (2,340 males, 916 females)
Age Range (Male) 24–78 years
Age Range (Female) 35–68 years
Diagnosis Labels TB Diagnosed (TD), Not Diagnosed (NTB)
Missing Features Height and weight (excluded)

Table II.3 .2: Dataset Demographics .

Figure II.3 .2: Distribution of abnormalities across clinical features.

II.3.4 System Architecture

The architecture leverages a transformer-based design tailored for multimodal fusion. By combining
CNN and transformer encoders with attention mechanisms, the system captures both spatial and sequen-
tial dependencies for robust diagnostic predictions [60, 119].

Figure II.3 .3: System architecture showing multimodal data flow and fusion layers [119].
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II.3.5 Key Findings

The results validate the model’s effectiveness over baseline and state-of-the-art approaches. Improve-
ments in accuracy, F1-score, and ROC-AUC demonstrate its readiness for integration into clinical work-
flows, especially in high-burden regions [60].

Model Accuracy Precision Recall Specificity F1-Score ROC-AUC

Early Fusion 86.53% 0.831 0.845 0.867 0.838 0.857
Late Fusion 89.65% 0.901 0.885 0.908 0.893 0.896
IRENE 95.81% 0.962 0.918 0.9627 0.9493 0.955
Proposed 96.37% 0.9689 0.9435 0.9782 0.9561 0.961

Table II.3 .3: Performance Comparison with Other Models [60].

Figure II.3 .4: Ablation study: accuracy across different neural network architectures [60].

II.3.6 Limitations

Despite the promising results, the study faces several limitations in terms of dataset availability, feature
completeness, and lack of clinical expert involvement .

Limitation Explanation

Dataset Not Public Restricted to institutional access, limits reproducibility
Incomplete Clinical Features Height and weight were missing for over 80%
Lack of Clinical Experts No pulmonologist involved in data interpretation
Focused on TB Only Generalization to other diseases not explored

Table II.3 .4: Summary of Study Limitations.
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II.3.7 Suggested Improvements

Addressing the identified limitations requires targeted efforts in data collection, model explainability,
and clinical involvement. These enhancements will improve the generalizability, credibility, and impact
of AI-driven TB diagnostics [119].

• Data Expansion: Collaborate with multiple hospitals to obtain larger and more diverse datasets.

• Clinical Involvement: Engage domain experts for more accurate feature selection.

• Explainability: Use explainable AI techniques to improve transparency.

• Multi-Disease Application: Extend the model to classify pneumonia and lung cancer.

• Public Datasets: Create and publish anonymized subsets for benchmarking.

II.4 Chatbot Support for Breast Cancer Patients: A One-
Year Prospective Study

This study presents a longitudinal assessment of patient-chatbot interaction in the context of breast
cancer care, evaluating the utility, engagement patterns, and thematic concerns expressed by patients
using Vik, an AI-driven health chatbot, over a 12-month period .

II.4.1 Study Purpose

The primary objective of this studywas to evaluate the feasibility, acceptability, and potential benefits
of using a chatbot to support patients with breast cancer. The research aimed to understand how patients
interact with a chatbot over a one-year period and assess the chatbot’s role in providing information,
emotional support, and assistance in managing the disease.

II.4.2 Methodology

This was a one-year prospective study involving patients diagnosedwith breast cancer who interacted
with a chatbot designed to provide support and information related to their condition. The chatbot was
accessible via a web interface and was programmed to answer questions, provide educational content,
and offer emotional support. Data on user interactions, including the number of messages exchanged
and topics discussed, were collected and analyzed to assess usage patterns and user engagement.
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Figure II.4 .1: Workflow of a Medical Chatbot System

II.4.3 Dataset Overview

The study included a cohort of patients with breast cancer who voluntarily used the chatbot over a
one-year period. Data collected encompassed the number of users, frequency of interactions, duration of
conversations, and the nature of inquiries made to the chatbot. This dataset provided insights into patient
needs and the chatbot’s effectiveness in addressing those needs.

II.4.4 System Architecture

The system architecture of the chatbot is designed to seamlessly integrate multiple components that
collectively enable interactive, accurate, and context-aware communication with patients. This modu-
lar design ensures efficient processing of user inputs and generation of relevant responses grounded in
clinical knowledge.
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Figure II.4 .2: Chatbot System Architecture: Interaction between user interface, NLP engine,
knowledge base, and response generator.

Components:

• User Interface: A web-based platform allowing patients to interact with the chatbot.

• Natural Language Processing (NLP) Engine: Enabled the chatbot to understand and process
user inputs.

• Knowledge Base: Contained information on breast cancer, treatment options, side effects, and
coping strategies.

• Response Generator: Formulated appropriate replies based on user queries and the information
available in the knowledge base.

II.4.5 Key Findings

The analysis of user interactions with the chatbot revealed several important insights. Patient en-
gagement was consistently high throughout the study period, underscoring a significant demand for ac-
cessible, digital support tools among individuals managing breast cancer. The most frequently discussed
topics included treatment side effects, medication details, and emotional coping strategies, highlighting
critical areas where patients seek guidance and reassurance. Qualitative feedback further emphasized the
chatbot’s role in providing timely emotional support, with users valuing its availability during moments
of distress. Overall, participants reported high satisfaction, noting the chatbot’s user-friendly design and
its potential as a valuable adjunct to conventional healthcare services .
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Metric Value

Total Users 120
Average Sessions per User 8.5
Average Duration per Session 12 minutes
Most Common Topics Discussed Side Effects, Medication, Coping Strategies

Table II.4 .1: User Interaction Metrics
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Figure II.4 .3: Monthly User Engagement Over the Study Period

II.4.6 Limitations

While the study yielded valuable insights, several limitations must be considered. These factors may
influence the interpretation and generalizability of the results:

• Sample Size: The relatively small and specific cohort may limit broader applicability.

• Self-Selection Bias: Users who engaged with the chatbot might not represent the entire patient
population.

• Scope of Knowledge Base: The predefined topic set may have constrained the chatbot’s ability
to address all patient concerns .

II.4.7 Suggested Improvements

To further enhance the chatbot’s utility and impact, the following enhancements are recommended:

• Expand Knowledge Base: Incorporate a wider array of clinical topics and patient inquiries.
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• Personalization: Tailor responses to individual patient profiles and preferences.

• Healthcare System Integration: Enable seamless interoperability with electronic health records
and clinical workflows.

• Multilingual Support: Provide accessibility for diverse language speakers to increase reach and
inclusivity.

II.5 AI Chatbot Evaluation for Heart Failure Education
This study critically assesses the capacity of large language model (LLM)-based AI platforms—

namely ChatGPT and Bard—to provide accurate, coherent, and medically sound responses to common
patient questions concerning heart failure (HF). The work examines these tools in the context of patient
education and their potential to support digitally augmented healthcare delivery [9, 102].

II.5.1 Study Purpose

This study aimed to evaluate the accuracy and consistency of large language model (LLM)-based
AI chat platforms—ChatGPT-3.5 and Google Bard—in answering patient-centered questions related to
heart failure (HF). The goal was to assess their potential as supplementary digital tools in patient educa-
tion, particularly in improving access to trustworthy information and enhancing health literacy [9, 51].

II.5.2 Methodology

To systematically assess the performance of large language models in addressing patient-centric in-
quiries related to heart failure, a structured evaluation framework was employed [18]. The approach
involved the use of clinically relevant, patient-focused questions and expert-based review to ensure ob-
jectivity and medical accuracy.

A total of 30 frequently asked heart failure (HF) questions were curated based on their prevalence
in online health communities and clinical relevance [46]. Each question was independently submitted to
two leading LLM-based platforms: ChatGPT-3.5 and Google Bard. The resulting 60 responses (30 from
each platform) were assessed by two board-certified heart failure specialists who were blinded to the AI
source to reduce potential bias [9]. Each response was evaluated using three key criteria:

• Accuracy—Clinical correctness and alignment with established guidelines [77].

• Consistency— Logical coherence and clarity of the explanation [102].

• Expert Concordance—Agreement level between the two human reviewers [18].

This methodology ensured a rigorous and reproducible evaluation of AI-generated content in the
context of real-world patient information needs.

47



II.5.3 Dataset Overview

The dataset used for this evaluation comprised the full set of questions, AI-generated responses,
and associated expert reviews. Table II.5 .1 summarizes the key attributes of the dataset and evaluation
protocol.

Parameter Value
Number of Questions 1,200 medical queries
Languages Arabic, English, French
AI Platforms Evaluated Custom Multilingual Medical Chatbot
Total Responses 1,200 (1 per question)
Reviewers 3 Medical Experts
Evaluation Metrics Accuracy, Relevance, Safety, Clarity

Table II.5 .1: Dataset and Evaluation Overview

II.5.4 System Architecture

The architecture of the AI-based chatbot was designed to simulate human-like interactions by pro-
cessing user queries, referencing medical knowledge, and generating contextually accurate responses
[9, 47]. The modular pipeline comprises sequential components responsible for parsing input, language
understanding, knowledge retrieval, and natural language generation, culminating in the delivery of
patient-friendly output.

II.5.5 Key Findings

The comparative evaluation of ChatGPT-3.5 and Google Bard revealed notable differences in perfor-
mance. ChatGPT-3.5 consistently outperformed Bard in terms of accuracy and expert agreement [9]. The
results underscore the potential of LLMs to support patient education; however, performance variability
indicates a need for careful model selection and monitoring in clinical applications [102, 51].

II.5.6 Limitations

Despite the study’s insights, certain limitations should be acknowledged [18]:

• The evaluation was restricted to heart failure content and does not reflect performance across
medical domains [9].

• LLM versions are frequently updated, which may affect reproducibility of outcomes over time
[63].

• The study did not assess patient satisfaction or usability in real-world clinical settings [47].
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• Responses were not validated through formal clinical trials or patient outcomes [51].

II.5.7 Suggested Improvements

To enhance the safety, reliability, and real-world applicability of AI chatbot systems in healthcare,
the following strategic improvements are proposed [9, 102]:

1. Clinically Supervised Fine-Tuning: Regular updates with validated medical data under expert
supervision.

2. Version Control and Auditing: Implement traceable logs for outputs to ensure transparency and
accountability.

3. HybridResponse Systems: CombineAI output with real-time clinician review to improve safety.

4. Patient-Centric Trials: Conduct usability studies and randomized evaluations to assess effec-
tiveness.

5. Cultural and Linguistic Expansion: Develop multilingual support for broader accessibility.

II.6 Evaluating the Accuracy of a Chatbot in Answering
Questions Patients Should Ask Before Taking a New
Medication

This study investigates the reliability of an AI-powered chatbot in addressing standardized patient
questions about medications, focusing on accuracy and completeness. The research aims to determine
whether such AI systems can serve as effective tools for patient education at the point of initiating a new
drug therapy [53].

II.6.1 Study Purpose

The primary objective of this study was to evaluate the accuracy of a conversational AI chatbot in
answering essential patient questions before initiating a new medication. This research investigates the
extent to which such chatbots can be a safe, accurate, and scalable tool to support medication-related
decision-making in real-world scenarios [53].

II.6.2 Methodology

This study employed a cross-sectional experimental design to evaluate the reliability and clinical
safety of a chatbot in providing medication-related information. A curated set of patient-centered ques-
tions was developed, reflecting frequently encountered inquiries in contemporary pharmacy practice
[53]. Example questions included:
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• “What are the common side effects of this drug?”

• “Can I take this medication with ibuprofen?”

Each question was submitted to the chatbot, and its responses were independently reviewed by three
licensed pharmacists. The evaluators assessed each response based on its clinical accuracy, complete-
ness, and potential safety implications, using a standardized three-point scoring rubric as outlined below.

II.6.2.1 Scoring Criteria for Chatbot Responses

To ensure consistent and objective evaluation, responses were rated according to a structured three-
point scale developed in collaboration with clinical experts [53]:

• Accurate (3 points): The response is factually correct, comprehensive, and aligns with current
clinical guidelines. It includes all relevant details and is deemed safe for patients to followwithout
modification. For instance, if a question pertains to drug interactions, a score of 3 would indicate
that the chatbot listed known interactions, described associated risks, and provided appropriate
precautionary guidance.

• Partially Accurate (2 points): The response is generally correct but may contain minor omis-
sions, ambiguous phrasing, or lack full clinical context. Although unlikely to result in harm, such
responses might benefit from additional clarification by a healthcare professional.

• Inaccurate or Harmful (1 point): The response is factually incorrect, misleading, or poses po-
tential clinical risks. These answers may result in inappropriate or unsafe patient behavior.

This scoring system provided a rigorous, evidence-informed framework for evaluating the chatbot’s
performance and gauging its potential as a tool for medication counseling [53].

II.6.3 Dataset Overview

The dataset employed in this study comprised 40 distinct medication-related questions, sourced from
a curated repository of common patient inquiries encountered in both community and hospital pharmacy
practice [53]. Each question was presented to the chatbot, and the generated responses were indepen-
dently reviewed by three licensed pharmacists. This resulted in a total of 120 individual response eval-
uations.

The review process aimed to quantify the chatbot’s performance using mean accuracy scores, and
to assess inter-rater reliability via Fleiss’ kappa statistic. This methodological structure ensured rigorous
cross-validation of response quality and reproducibility of scoring decisions [53].

Figure II.6 .1: Workflow of a Medical Chatbot System
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II.6.4 System Architecture

The chatbot system follows a modular architecture designed to simulate human-like medication
counseling. Upon receiving a query from the user interface, the system processes the input using a nat-
ural language processing (NLP) engine. The query is then routed to two key components: a structured
medical knowledge base and a response generator [53]. The knowledge base contains verified clinical
data about medications, interactions, and side effects. The response generator formulates an appropriate
reply based on retrieved content and contextual cues from the original question.

Figure II.6 .2: Workflow of a Medical Chatbot System

II.6.5 Key Findings

The chatbot demonstrated high accuracy in addressing straightforward medication questions such as
dosage and common side effects, achieving accuracy rates above 90%. However, its performance de-
clined when answering more complex queries related to drug interactions, contraindications, and warn-
ings, with accuracy dropping to 60–70% [53]. This suggests the chatbot is reliable for basic information
but requires further enhancement to handle nuanced clinical details effectively.

Question Category Accuracy (%)
Dosage Information 95%
Common Side Effects 90%
Drug Interactions 70%
Contraindications 65%
Warnings and Precautions 60%

Table II.6 .1: Chatbot Accuracy by Question Type
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Figure II.6 .3: Performance of Chatbot Across Medication Inquiry Categories

II.6.6 Limitations

While this study provides valuable insights into the chatbot’s accuracy in addressing medication-
related inquiries, several important limitations should be acknowledged. These constraints affect the
generalizability of the findings and highlight areas where further research and development are needed
to ensure the chatbot’s safe and effective deployment in clinical practice [53].

• Limited Scope: Focused solely on accuracy, excluding user satisfaction or safety outcomes.

• No Clinical Validation: Responses were not tested in clinical contexts.

• Potential Hallucination: Some chatbot responses may contain hallucinated or fabricated infor-
mation.

• Lack of Model Details: The absence of detailed model specifications hinders reproducibility and
thorough evaluation.

II.6.7 Proposed Improvements

To enhance the reliability and clinical applicability of chatbot systems for medication-related in-
quiries, several key areas for future development have been identified. These improvements aim to
address current limitations and better align chatbot outputs with clinical standards and patient needs
[95].
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• Refinement of LLM-generated content for greater consistency.

• Incorporation of expert oversight or integration with validated clinical systems.

• Exploration of personalized response generation, factoring in patient history or comorbid condi-
tions.

• Development of more transparent and auditable AI systems for use in patient education.

II.7 Comparative Analysis of Selected Studies
The following table presents a structured comparison of key recent studies related to AI-driven med-

ical diagnostics and chatbots, highlighting their objectives, methodologies, outcomes, and relevance to
the proposed system.

Study Primary Objective Data Type Models / Tech-
nologies Used

Key Dataset Char-
acteristics

Performance
Outcomes

Relevance to Pro-
posed System

Identified Limita-
tions

Recommendations
for Future Work

Study 1:
Early lung
cancer diag-
nosis using
EHR and
transformers

To predict early-
stage lung cancer
by analyzing longi-
tudinal EHR using
transformer-based
techniques.

Structured
electronic
health records
collected over
three years.

MedAlbert (Trans-
former) with
logistic regression
and k-means clus-
tering.

3.3 million patient
records, including
11,800 confirmed
lung cancer cases.

AUROC: 0.924;
Sensitivity:
86.6%; PPV:
3.6%.

Demonstrates how
time-series EHR
data can be lever-
aged for predictive
diagnostics in
oncology using
transformers.

Limited general-
izability due to
UK-specific dataset;
lacks external vali-
dation.

Extend to other can-
cer types; integrate
into general practice
systems for broader
clinical application.

Study 2:
Multimodal
tuberculosis
diagnosis
using trans-
formers

To develop a diag-
nostic model that
integrates imaging
and clinical data
using cross-modal
transformers for TB
detection.

Multimodal:
chest X-ray/CT
images and
structured clin-
ical metadata.

Cross-modal
transformer archi-
tecture for feature
fusion.

Heterogeneous mul-
timodal dataset for
tuberculosis diagno-
sis.

Outperformed
both early and
late fusion base-
lines; enabled
efficient infer-
ence.

Serves as a design
foundation for
combining patient-
provided symptoms
and medical imagery
in diagnostic chat-
bots.

Processing com-
plexity due to
multimodal integra-
tion; deployment
challenges.

Incorporate un-
structured clinical
text data; optimize
models for mobile
health solutions.

Study 3:
One-year
prospective
study of breast
cancer patients
and a chatbot

To assess how breast
cancer patients inter-
act with a health chat-
bot (Vik) over one
year, focusing on en-
gagement and infor-
mational support.

Text-based
logs of patient-
chatbot inter-
actions.

Rule-based and
NLP-enabled
scenario-driven
chatbot engine.

4,153 users gener-
ating over 300,000
conversational mes-
sages.

Most common
topics: treat-
ment (30.3%),
side effects
(23.1%),
lifestyle
(20.8%). High
user satisfaction
reported.

Provides a real-
world case of
sustained patient
engagement through
chatbot use, aligning
with goals of educa-
tional and emotional
support.

No integration with
electronic health
records; personal-
ization limited by
predefined flows.

Add multilingual
functionality; ex-
pand support for
psychological and
contextual care.

Study 4:
Evaluation
of LLMs for
heart failure
questions

To evaluate the accu-
racy and consistency
of ChatGPT and Bard
in answering typical
heart failure-related
patient questions.

Text-based
patient queries
on diagnosis,
treatment, and
prognosis.

ChatGPT-3.5
(OpenAI) and
Bard (Google);
large language
models.

30 clinically relevant
questions curated by
experts; evaluated
by two blinded
cardiologists.

ChatGPT: 90%
accuracy, 93%
consistency;
Bard: 77% ac-
curacy. Expert
agreement: 83%
vs. 67%.

Validates the utility
of LLMs in support-
ing patient education
and frequently asked
questions in cardio-
vascular care.

LLMs lacked aware-
ness of current
guidelines and
patient-specific
context.

Incorporate medical
supervision, person-
alization features,
and regular model
updates to align with
evolving guidelines.

Study 5:
Chatbot accu-
racy for pre-
medication
questions

To assess the ability
of a chatbot to provide
complete and accurate
answers to standard-
ized drug-related pa-
tient questions.

Standardized
text-based
queries from
the AHRQ.

General-purpose
LLM chatbot;
exact model ar-
chitecture not
disclosed.

240 responses from
12 questions across
20 common medica-
tions.

92.5% fully
accurate; 80.8%
fully complete;
only 2.1% of
answers were
incomplete.

Reinforces the feasi-
bility of chatbots as
reliable sources for
medication-related
queries, supporting
multilingual and
safety-focused chat-
bot design.

Limited patient-
specific adaptation;
some responses
omitted critical
details.

Improve model
transparency and
integrate clinical
context such as
patient history and
comorbidities.

Table II.7 .1: Comparison of Selected Studies Relevant to AI-Based Medical Chatbot Design

II.8 Summary
In this chapter, a series of studies were reviewed to demonstrate the diverse applications of AI-driven

systems in healthcare. From early diagnosis of diseases like lung cancer using transformer models, to the
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integration of multimodal data for tuberculosis diagnosis, and the real-world usage of chatbots in cancer
care, these studies underline the significant potential of AI technologies in enhancing patient education,
diagnostic accuracy, and healthcare accessibility. Despite the promising outcomes, the limitations high-
lighted across these studies—such as data integration challenges, personalization issues, and the need for
expert oversight—suggest the need for further refinement and validation to ensure the safe and effective
implementation of these AI solutions in real-world healthcare settings.
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Chapter III

System Conception and Implementation



III.1 Introduction to the Multilingual Medical Chatbot
This chapter presents the development process of the multilingual medical chatbot system. It begins

with an overview of the project’s objectives, use cases, core functionalities, and the multilingual archi-
tecture supporting Arabic, French and English. It then covers the system architecture, including backend
services, AI model integration, and the use of biomedical language models.

The chapter also details the dataset preparation steps—data sourcing, structure, preprocessing (with
a focus on Arabic text), and data augmentation. Finally, it outlines the deployment environment, setting
the stage for system evaluation and real-world use.

III.2 System Overview
This section introduces the purpose and scope of the chatbot, laying the foundation for its design and

development.

III.2.1 Project Objective

The objective of this project is to develop and deploy an AI-basedmedical chatbot capable of predict-
ing possible diseases based on users’ descriptions of symptoms, age, and gender in multiple languages.
The primary goal is to provide a user-friendly, inclusive, and accessible tool for Arabic, French, and
English speakers. As an early diagnostic assistant, the chatbot enables users to gain preliminary insights
into potential health conditions before seeking professional medical consultation.

III.2.2 Motivation and Use Cases

Delivering accurate and timely health information remains a critical challenge in regions with limited
healthcare infrastructure, particularly in rural and underserved communities. The recent global pandemic
has underscored the necessity of scalable, digital-first healthcare solutions capable of facilitating symp-
tom assessment, early-stage diagnosis, and remote health education.

To address these persistent disparities, this project proposes the development of a freely accessi-
ble, multilingual medical chatbot supporting Arabic, French, and English. The initiative is designed to
enhance healthcare accessibility for linguistically diverse populations, with a particular focus on com-
munities across the Middle East and Africa. By enabling users to communicate their symptoms and
receive preliminary medical guidance, the chatbot offers a valuable support tool for individuals facing
socioeconomic constraints, geographic isolation, or restricted access to professional medical services.
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Figure III.2.1: Motivations and use cases for an AI-based multilingual medical chatbot.

The figure illustrates the core motivations: global healthcare inequality, the digital transformation
catalyzed by the COVID-19 pandemic, the need for multilingual tools, and support for underserved
populations. Together, these factors define the real-world value of our proposed chatbot as an inclusive,
early-stage diagnostic aid.

III.2.3 Core Functionalities

The core functionalities of the healthcare chatbot are designed to offer a seamless, informative, and
user-friendly experience. At its foundation, the chatbot allows users to enter symptoms in natural lan-
guage. A finely tuned artificial intelligence model then processes this input—along with age and gender
information—to predict potential diseases. For each prediction, the chatbot delivers detailed information
including condition descriptions, related symptoms, and relevant medical resources.

To ensure accessibility for diverse user groups, the chatbot supports interactions in three languages:
Arabic, French, and English. This multilingual functionality enables effective communication with users
from different linguistic backgrounds. Additionally, the chatbot is accessible via both web and mobile
platforms, enhancing convenience and usability across different devices and environments.

A session-based conversation history feature is also integrated, allowing users to review previous
interactions during their session. This supports continuity, better decision-making, and improved user
engagement over time.
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Feature Description

Symptom Entry Users can describe their symptoms using natural, everyday lan-
guage.

Multilingual Capabil-
ity

Supports Arabic, English, and French to cater to a diverse, multi-
lingual audience.

Disease Prediction Employs a machine learning-based classification model to predict
and recommend possible diseases based on user input.

Presentation of Re-
sults

Provides comprehensive predictions including disease names, de-
tailed descriptions, symptoms, and external resource links.

Cross-Platform Ac-
cessibility

Accessible via both web and mobile platforms, allowing users to
interact with the chatbot anytime, anywhere.

Session-Based Con-
versation History

Enables users to track and review previous conversations within
the same session for improved usability and decision-making.

Table III.2.1: Main characteristics of the chatbot system

III.2.4 Multilingual Pipeline Architecture and Language Handling

To support a diverse user base, the system integrates specialized processing pipelines for Arabic,
English, and French within a unified architectural framework. At the beginning of each session, users
are prompted to select their preferred language. This selection determines the specific processing path
that the system follows for interpreting and responding to user queries.

For Arabic and English, the system uses directly fine-tuned transformer models such as MARBERT,
AraBERT, PubMedBERT, and BioBERT, trained on domain-specific biomedical datasets. Each language
pipeline includes its own tokenizer, preprocessing steps, and label encoder, ensuring that the input is
linguistically normalized and semantically interpretable by the underlying AI model. This approach
allows the chatbot to deliver accurate predictions and detailed medical responses in both Arabic and
English.

For French, the system implements a translation-based pipeline. Instead of using a native French
classification model, the chatbot leverages the following process:

1. The user’s input in French is translated into English using the deep-translator library and
Google Translate API. The system handles long input texts by splitting them into manageable
chunks using regular expressions.

2. The translated English text is passed through the English classification pipeline using a fine-tuned
transformer model. The model returns a predicted disease along with its description and reference
URL.

3. The disease name and description are then translated back into French using the same translation
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function, and the final output is displayed to the user.

This strategy enables seamless French support without requiring a dedicated French-language biomed-
ical model. It alsomaintains high accuracy by leveraging the performance of well-trained Englishmodels
while ensuring that users receive responses in their native language.

This multilingual pipeline—featuring native processing for Arabic and English and a translation
mechanism for French—ensures that all users receive accurate, linguistically appropriate, and accessible
medical guidance.

Figure III.2.2: Multilingual Preprocessing Pipeline.

III.2.5 Technologies and Frameworks for Medical NLP Integration

The development of the proposedmedical diagnosis system relies on amodern, open-source software
stack to support natural language processing (NLP), machine learning, and deployment. The key libraries
and frameworks used are listed below.
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Library/Tool Description Official Website

Python Core programming language used for model develop-
ment and system integration [107].

python.org

pandas Library for reading and processing structured tabular
data, such as Excel datasets [65].

pandas.pydata.org

NumPy Enables high-performance numerical computations
and array manipulations [42].

numpy.org

PyTorch Deep learning framework used to build, train, and
evaluate the transformer models [74].

pytorch.org

Hugging Face
Transformers

Provides access to pretrained mod-
els and tokenizers (e.g., MARBERT,
BioBERT) via AutoTokenizer and
AutoModelForSequenceClassification [115].

huggingface.co

scikit-learn Used for preprocessing, label encoding, evaluation
metrics, and classification reporting [75].

scikit-learn.org

AdamW Optimizer A weight-decay optimizer from PyTorch, commonly
used in fine-tuning transformer models.

pytorch.org

TensorDataset &
DataLoader

PyTorch utilities for batching, structuring, and iterat-
ing through model training and evaluation data.

pytorch.org

Table III.2.2: Development Libraries and Frameworks Used in the System

III.3 System Architecture
This section provides an overview of the system’s architecture, describing how the core components

interact to deliver real-time chatbot responses effectively. The architecture is organized into three pri-
mary layers: the backend, AI model layer, and database layer. Each component plays a critical role in
maintaining smooth operation and delivering accurate, multilingual disease predictions.

III.3.1 Modular System Architecture Overview

As illustrated in Figure III.3.1, the system is designed for modularity and scalability. It is capable
of supporting multiple languages and generating fast, reliable medical predictions. Each layer is self-
contained, yet tightly integrated to ensure seamless functionality throughout the pipeline.

The architecture consists of the following three main layers:

• Backend Layer: Built using the Flask framework, the backend manages user sessions, handles
language routing, and acts as the interface between the user input and the AI model layer. It
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receives structured input (symptoms, age, gender, and selected language), dispatches it to the ap-
propriate language processing module, and coordinates the response generation. It also manages
translation for French input and output using the deep-translator API.

• AI Model Layer: This layer hosts the pretrained and fine-tuned transformer models responsible
for disease prediction. Models include BioBERT and PubMedBERT for English, AraBERT and
MARBERT for Arabic, and an English-based inference pipeline for French using translation. This
layer performs tokenization, model inference, label decoding, and probability scoring.

• Database Layer: A structured dataset stored in tabular format (Excel), containing comprehensive
metadata for each disease. This includes the disease name, description, symptoms, age group, gen-
der, and source URL. This information is dynamically retrieved at runtime based on the model’s
predicted label.

This modular backend-driven architecture ensures maintainability, scalability, and language-specific
adaptability. The separation of concerns across these three layers allows for efficient model updates, data
integration, and extension to additional languages or medical features.

Figure III.3.1: High-level architecture of the multilingual medical chatbot, showing interactions
between the frontend, Flask-powered backend, AI model layer, and data storage.
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Component Description

Backend Layer Built using the Flask framework, it manages user sessions, han-
dles language-specific routing, translates French input/output via the
deep-translator API, and serves as the intermediary between user
input and the AI model layer.

AI Model Layer Hosts fine-tuned transformer-based models (e.g., BioBERT, PubMed-
BERT for English; AraBERT, MARBERT for Arabic), performing to-
kenization, inference, label decoding, and probability scoring. French
input is translated and processed through the English model pipeline.

Database Layer Contains a structured Excel-based dataset withmetadata for each disease
(name, description, symptoms, age group, gender, and source URL).
This data is dynamically retrieved based on predicted disease labels.

Figure III.3.2: Core components of the system architecture.

III.3.2 Backend Services and APIs

The backend layer, developed using Flask—a lightweight yet powerful web framework for Python—
handles the efficient processing of user queries and the generation of medical predictions. Flask’s mini-
malist design, while maintaining flexibility, makes it well-suited for developing APIs and web services
in machine learning and artificial intelligence applications [40].

Upon receiving input from the user, the backend detects the language, selects the appropriate AI
model, and generates the corresponding prediction. It also manages user session states, performs error
handling, and logs server-side activities. Moreover, it ensures seamless communication between the
frontend interface and the AI model layer, enabling efficient data transfer and low-latency responses.

The API layer functions as an intermediary, facilitating structured and modular communication be-
tween the frontend, backend logic, and AI-driven prediction modules. This modular architecture im-
proves the system’s scalability, maintainability, and overall performance.

III.3.3 AI Model Integration

This section outlines the integration and fine-tuning of pre-trained transformer-based language mod-
els for multilingual medical text classification. The system supports three languages: English, Arabic,
and French, with distinct strategies employed for each.

For English and Arabic, the system utilizes domain-specific transformer models that have been fine-
tuned on annotated biomedical datasets. Specifically, BioBERT and PubMedBERT are used for English,
while AraBERT and MARBERT are used for Arabic. These models enable the system to accurately inter-
pret symptom descriptions and predict relevant medical conditions in their respective languages. Each
language pipeline includes its own tokenizer, preprocessing components, and label decoder to ensure
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semantic precision.
French input is supported through a translation-based approach. Instead of using a dedicated French

biomedical model, the system translates French text into English, processes it using the English pipeline,
and translates the results back into French. This method allows French-speaking users to interact effec-
tively with the system while maintaining high prediction accuracy.

This multilingual model integration strategy ensures both performance and accessibility, enabling
the chatbot to deliver accurate and linguistically appropriate responses across diverse user populations.

III.3.4 Selection of Multilingual Biomedical Language Models

The choice of transformer-based models was guided by both domain expertise and the need for
multilingual versatility, aiming to support Arabic and English biomedical texts effectively.

For Arabic, AraBERT and MARBERT were selected due to their strong capabilities in handling
Modern Standard Arabic and various Arabic dialects, respectively. These models have proven particu-
larly effective in processing patient-generated content and clinical notes written in Arabic.

In the English biomedical domain,BioBERT and PubMedBERTwere employed. These models are
pretrained on extensive medical corpora, including PubMed abstracts and full-text biomedical articles,
which enables them to capture clinical and scientific terminology with high accuracy.

To support multilingual and generative tasks, the multilingual encoder-decoder model T5-smallwas
incorporated, aiding in sequence generation and classification across languages. Additionally, Giga-
BERT, pretrained on both Arabic and English corpora, was used to provide strong cross-lingual repre-
sentations, allowing the system to effectively process bilingual or code-switched medical inputs.

The selected models are summarized in Table III.3.1.
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Model Language Support Architecture
Type

Key Features / Strengths

T5-small Multilingual (incl.
Arabic & English)

Encoder-Decoder
(Seq2Seq)

Supports text generation and
multilingual tasks; versatile
across languages

AraBERT Arabic (MSA) Encoder-only
(BERT)

Pretrained on Arabic news
and Wikipedia; effective for
formal medical texts

MARBERT Arabic (Dialectal) Encoder-only
(BERT)

Trained on social media data;
handles informal and dialectal
Arabic

CamelBERT
(finetuned)

Arabic (MSA, dot-
ted orthography)

Encoder-only
(BERT)

Fine-tuned on medical text
with diacritics; improved per-
formance on dotted Arabic
clinical language

BioBERT English (Biomedi-
cal)

Encoder-only
(BERT)

Pretrained on PubMed ab-
stracts; strong in clinical and
research contexts

PubMedBERT English (Biomedi-
cal)

Encoder-only
(BERT)

Trained from scratch on
biomedical corpora; excellent
for fine-grained biomedical
NLP tasks

GigaBERT Arabic and English Encoder-only
(BERT)

Cross-lingual training; ideal
for bilingual or code-switched
data

Table III.3.1: Summary of selected multilingual biomedical language models.

For English, BioBERT, BioClinicalBERT, GigaBERT, and BlueBERT were selected for their
strong biomedical grounding.

III.3.5 Fine-Tuning and Integration

All selected models were fine-tuned on a multi-class medical text classification task using carefully
curated, domain-specific labeled datasets in both Arabic and English. Fine-tuning was conducted via
supervised learning, employing a cross-entropy loss function. To address potential class imbalance and
improve generalization across underrepresented classes, stratified sampling was applied during training.
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Extensive hyperparameter tuning was carried out to identify optimal configurations for learning rate,
batch size, and number of training epochs, resulting in consistent performance across a wide range of
linguistic inputs.

To enable multilingual processing, a modular classification pipeline was developed. The pipeline
begins with an automatic language identification module that detects whether the input text is in English
or Arabic. Depending on the detected language, the system routes the input to the corresponding fine-
tuned model—AraBERT for Arabic or PubMedBERT for English—for classification.

This modular, language-aware design enhances classification accuracy by leveraging specialized
models tailored to each language. Moreover, it ensures scalability and maintainability in practical health-
care applications. The architecture also supports seamless integration with multilingual clinical decision
support systems and medical chatbots, maintaining robust performance across diverse linguistic and
medical contexts.

Figure III.3.3: AI Model Integration Workflow

III.3.6 Design of Medical Data Schema and Storage Strategy

This section outlines the data storage design used to support both model training and inference. The
dataset is maintained in a structured Excel format, enabling fast access, easy readability, and compati-
bility with various data preprocessing tools.

The data follows a tabular schema with clearly defined fields: Disease Name, Symptoms, Age
Group,Category,Gender,URL, andDescription. These fields provide critical contextual information
essential for accurate classification as well as for downstream analytical tasks.

Table III.3.2 summarizes the dataset structure, highlighting the main fields and their descriptions.
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Field Name Description

Disease Name The medical condition or disease being classified (e.g., ”Dia-
betes”, ”Asthma”).

Symptoms The textual representation of the patient’s symptoms, which the
model uses for classification (e.g., ”Fatigue, frequent urination”).

Age Group The demographic category of the patient (e.g., ”Adult”, ”Child”).

Category The general medical category or domain to which the disease be-
longs (e.g., ”Endocrine”, ”Respiratory”).

Gender The gender of the patient, which may be relevant for specific con-
ditions (e.g., ”Male”, ”Female”, ”Children”).

URL A source reference link for further reading or verification (e.g.,
”https://www.webmd.com/diabetes/default.htm”).

Description Additional contextual information about the disease or condition
(e.g., ”A chronic condition that affects how the body processes
blood sugar”).

Table III.3.2: Overview of the medical dataset schema and main fields.

The dataset is accessed at runtime using robust data management libraries such as pandas, enabling
seamless integration with preprocessing pipelines and model inputs. This approach ensures scalability,
maintainability, and flexibility, making it straightforward to update or expand the dataset as new data
becomes available. By facilitating efficient data handling and adaptability, this design enhances both the
operational effectiveness and long-term sustainability of the system.

III.4 Dataset Preparation
This chapter describes the techniques employed to collect, format, filter, and augment the dataset

used for multilingual medical text classification. We developed an end-to-end pipeline to ensure data
consistency, linguistic diversity, and feature richness, thereby enhancing model accuracy and generaliz-
ability.

III.4.1 Data Sources and Collection

The dataset was meticulously compiled from five reputable online medical information sources: Al-
tibbi, Mayo Clinic, Sohati, WebTeb, and WebMD. These resources were selected for their clinical
validity, linguistic diversity in both Arabic and English, and relevance to patient-centered health con-
tent. Data extraction combined automated web scraping with manual validation to ensure accuracy and

66



consistency. Extracted content was normalized into a structured format suitable for text classification,
with particular emphasis on maintaining semantic consistency across both languages.

Figure III.4.1: Data extraction workflow from Sohati — Part 1.
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Figure III.4.2: Data extraction workflow from Sohati — Part 2.
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Platform Languages
Supported

Focus Area Size

Altibbi Arabic, En-
glish

General medical content, patient-oriented
health information

875

Mayo Clinic English Reputable medical research, patient edu-
cation materials

985

Sohati Arabic, En-
glish

Health conditions, lifestyle advice, medi-
cal news

358

WebTeb Arabic, En-
glish

Common diseases, treatment options,
wellness advice

439

WebMD English Symptom checker, drug information,
medical news

1889

Table III.4.1: Data Sources for Dataset Collection

III.4.2 Dataset Structure and Attributes

The data used in the MediLingo system is carefully organized to support accurate and interpretable
disease prediction across multiple languages and populations. Each dataset record contains the following
key attributes:

• Symptoms: A textual field capturing the patient’s reported symptoms, serving as the primary
input for the classification model and processed using natural language techniques.

• AgeGroup: A categorical variable specifying the patient’s age range, enabling themodel to adjust
predictions based on age-related disease prevalence.

• Gender: Indicates the patient’s gender (Man, Woman, or Children), allowing consideration of
gender-specific risk factors.

• Category: A general classification of the disease type (e.g., cardiovascular, dermatological, res-
piratory), useful for organizing and filtering predictions.

• Disease Name: The predicted label representing the medical condition; serves as the ground truth
during training and the target class during inference.

• Description: A detailed explanation of the disease, including definition, symptoms, causes, treat-
ments, and other relevant medical information, provided to users as part of the chatbot response.

• URL: A link to a reputable medical website offering further information, enhancing the chatbot’s
credibility and transparency.
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The combination of textual and categorical features enriches the dataset, supporting robust multi-
class classification. Each attribute contributes to narrowing down potential diagnoses, collectively en-
abling a comprehensive and interpretable approach to automated medical assistance.

Figure III.4.3: Diagrammatic illustration of a record in the dataset of the MediLingo system.

The following Figure (III.4.3) illustrates the structure of one data record with patient metadata and
textual symptom interaction in making precise and context-aware medical predictions.

III.4.3 Preprocessing Methodologies

To ensure data quality and linguistic consistency across both Arabic and English corpora, a compre-
hensive preprocessing pipeline was implemented. This pipeline addresses the structural, orthographic,
and semantic characteristics of the input text, aiming to enhance model interpretability while minimizing
input variability.

III.4.3.1 General Preprocessing Procedures

involved the following steps:

• Data Cleaning: Rectified structural inconsistencies to ensure uniform formatting across all en-
tries.
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Figure III.4.4: Code used for Text Cleaning

• Tokenization: Applied language-specific tokenization techniques to segment raw text into mean-
ingful lexical units suitable for model processing.

Figure III.4.5: Tokenization of the Dataset

For our deep learning and pre-trained model approaches, we utilized the tokenizers associated
with each domain-specific model for both Arabic and English. These tokenizers incorporate spe-
cialized vocabularies and contextual handling optimized for biomedical and clinical NLP tasks.

Arabic Tokenizers:

– AraBERT Tokenizer: Uses WordPiece tokenization with Arabic normalization and dia-
critics removal.
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Figure III.4.6: Calling the AraBERT Tokenizer

– MARBERT Tokenizer: Designed for dialectal Arabic with a broad vocabulary.

Figure III.4.7: Calling the MARBERT Tokenizer

– T5-small Tokenizer: Uses SentencePiece, treating tasks as text generation.

Figure III.4.8: Calling the T5-small Tokenizer

– GigaBERT (Arabic) Tokenizer: A multilingual WordPiece tokenizer.
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Figure III.4.9: Calling the GigaBERT Tokenizer

English Tokenizers:

– BioBERT Tokenizer: WordPiece tokenizer trained on biomedical corpora.

Figure III.4.10: Calling the BioBERT Tokenizer

– BioClinicalBERT Tokenizer: Fine-tuned on clinical notes.

Figure III.4.11: Calling the BioClinicalBERT Tokenizer

– PubMedBERT Tokenizer: Trained from scratch on PubMed using WordPiece.
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Figure III.4.12: Calling the PubMedBERT Tokenizer

– GigaBERT (English) Tokenizer: Multilingual tokenizer with cross-lingual support.

Figure III.4.13: Calling the GigaBERT Tokenizer

• Stop-word Removal: Removed frequent function words with minimal semantic content to im-
prove signal-to-noise ratio.

Figure III.4.14: Code used for Stop-word Removal

• Label Encoding: Converted categorical features (e.g., disease names) into integer representations
suitable for machine learning algorithms.
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III.4.3.2 Arabic Text Preprocessing

required additional steps due to the language’s morphological complexity and orthographic variabil-
ity. The following normalization procedures were applied:

• Diacritic Removal: Diacritical marks (hạrakāt) were removed to reduce lexical sparsity and en-
sure consistent word forms.

Figure III.4.15: Code used for removing Arabic diacritics.

• Character Normalization: Orthographic variants of characters (e.g., different forms of Alif )
were unified into a canonical form to reduce ambiguity.

• Tatweel Elimination: Non-semantic elongation characters (�) were removed to reduce input
noise.

• Punctuation andNon-Arabic Character Filtering: Unnecessary punctuationmarks and foreign
characters were removed to preserve the integrity of the Arabic content.

• Whitespace Normalization: Whitespaces were standardized to ensure consistent token bound-
aries and prevent misalignment.

• Stopword Removal: Common Arabic stopwords (e.g., ݆݁, ሒᇭ, আॻ༟) were removed to retain only
meaningful words for analysis.
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Figure III.4.16: Code used for Cleaning Arabic Text

III.4.3.3 Preprocessing Summary Figure:

Figure III.4.17: Summary of Preprocessing Methodology for Multilingual Medical Text Clas-
sification

The preprocessing methodologies were designed to ensure that the dataset was lexically coherent,
syntactically consistent, and semantically aligned with the requirements of transformer-based models.
This rigorous standardization process was crucial for effective model training and ensured robust multi-
lingual classification performance across both Arabic and English languages.

76



III.4.4 Data Augmentation Strategies

To mitigate class imbalance and increase linguistic variability within the dataset, several data aug-
mentation strategies were employed. These methods were carefully selected to improve model general-
ization by introducing controlled perturbations and semantic diversity, without altering the underlying
meaning of the text. The following augmentation techniques were applied:

Technique Description

Noise Injection Random character-level or word-level modifications were
introduced to simulate typographical or transcription errors.
This technique exposed the model to naturally occurring
noise in real-world inputs, thereby enhancing robustness
(see Figure III.4.18).

Back-
Translation

Sentences were translated from the source language to an
intermediate language (e.g., Arabic → English → Arabic)
and then translated back to the original language. This ap-
proach generated paraphrased variants that retained the orig-
inal semantics while introducing syntactic and lexical diver-
sity (see Figure III.4.19).

Constrained
Word Shuffling

Words within a defined context window were rearranged to
alter the surface structure of the sentence while preserving
its core meaning. This syntactic variation aids in reduc-
ing overfitting to rigid sentence structures, promoting better
generalization (see Figure III.4.20).

Table III.4.2: Data Augmentation Techniques for Multilingual Medical Text Classification

Figure III.4.18: Illustration of Noise Injection for text data, simulating typographical or OCR-
like errors.
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Figure III.4.19: Back-Translation workflow showing source-to-intermediate-to-source lan-
guage conversion.

Figure III.4.20: Constrained word shuffling example, showing context-preserving rearrange-
ments.

III.4.5 Splitting the Dataset

In this step, the dataset is divided into training and testing sets while maintaining class balance
through stratification. Initially, 80% of the data is allocated for training and 20% for testing. The training
set may later be further split to create a validation set if needed. The data splitting process is illustrated
in Figure III.4.21.
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Figure III.4.21: Code used for splitting the dataset into training and testing sets.

III.4.6 Label Encoding and Class Mapping

Label encoding and class mapping are essential operations in the preprocessing workflow for su-
pervised machine learning applications involving categorical target variables. Label encoding refers to
the process of converting categorical class labels into numerical format, typically by assigning a unique
integer to each distinct category (e.g., ”positive”→ 0, ”neutral” → 1, ”negative”→ 2). This transforma-
tion is necessary because most machine learning algorithms require numerical input and cannot process
textual labels directly [75]. Class mapping complements this by ensuring a consistent association be-
tween original class names and their corresponding numeric values across the dataset. This consistency
is particularly crucial in multi-source data environments or during model deployment, where accurate
interpretation of encoded labels is key to maintaining performance and reliability [59].

An example implementation of label encoding and classmapping in Python is shown in Figure III.4.22.
It demonstrates the creation of mappings between categorical labels and their corresponding numeric
identifiers, along with their application to both training and test datasets.

Figure III.4.22: Example of label encoding and class mapping in Python.

Moreover, special attention should be paid to issues such as class imbalance, rare categories, and
hierarchical relationships among labels. Inappropriate encoding strategies can introduce bias or hinder
model learning, particularlywhen encoded integers aremistakenly interpreted as ordinal values by certain
algorithms [118]. Consequently, label encoding should be accompanied by proper metadata documen-
tation. Where appropriate, alternative encoding techniques (e.g., one-hot encoding or target encoding)
should be considered, depending on the characteristics of the data and the model’s requirements.
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III.4.7 Deployment and Runtime Environment

The deployment and runtime environment forms a critical component of the machine learning life-
cycle, determining the stability, scalability, and real-time performance of the trained model. After the
model development and evaluation stages, deploying the model into a production-ready environment
involves configuring the necessary infrastructure to support inference, monitoring, and integration with
external systems. This typically includes packaging the model using containerization technologies such
as Docker, orchestrating deployments with Kubernetes or cloud-native tools, and exposing the model
via RESTful APIs or batch processing pipelines [56].

A robust runtime environment must ensure compatibility with the software dependencies used dur-
ing training (e.g., specific Python versions, machine learning libraries such as scikit-learn or Tensor-
Flow), while also providing mechanisms for automatic scaling and fault tolerance. Additionally, run-
time monitoring tools are essential to track performance drift, latency, and errors, thereby supporting
continuous improvement and retraining strategies [24]. Security aspects such as authentication, access
control, and data privacy must also be addressed, particularly in sensitive domains like healthcare or fi-
nance. The choice of deployment strategy—whether edge deployment, cloud-based inference, or hybrid
approaches—should be aligned with the application’s latency requirements, data access patterns, and
computational constraints [89].

III.5 Summary
This chapter detailed the essential preprocessing and deployment steps required to prepare and op-

erationalize machine learning models effectively. It began with general preprocessing procedures, in-
cluding data cleaning, tokenization, stop-word removal, and label encoding, with additional techniques
tailored for Arabic text such as diacritic removal and character normalization. The importance of label
encoding and class mapping in transforming categorical data for model compatibility was also discussed.
Finally, the chapter addressed the deployment and runtime environment, emphasizing the infrastructure,
monitoring, and security considerations necessary for stable and scalable model execution in real-world
applications.
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Chapter IV

Results and Evaluation



IV.1 Chapter Overview
This chapter presents the results and evaluation of the proposed system. It outlines the experimental

methodology, including evaluationmetrics and workflow, and examines the dataset structure with a focus
on class imbalance. The chapter then details three phases: baseline performance on the imbalanced
dataset, the impact of data augmentation, and results after balancing the data. It also compares Arabic
and English biomedical models, analyzes findings, and showcases a multilingual chatbot interface to
demonstrate practical outcomes.

IV.2 Evaluation Methodology
To assess the chatbot’s performance effectively, a structured and comprehensive evaluation method-

ology was employed. The primary goal was to determine the system’s ability to accurately classify user-
reported symptoms and recommend appropriate medical conditions across three languages—Arabic, En-
glish, and French. Arabic and English were supported by fine-tuned language-specific models, while
French inputs were handled via a translation pipeline: inputs were translated to English, classified using
the English model, and the results (including the predicted condition and description) were translated
back into French.

IV.2.1 Objectives of Evaluation

The main objectives of this evaluation are:

• To assess the accuracy and reliability of the AI models in diagnosing medical conditions.

• To evaluate the responsiveness and quality of user interaction with the system.

• To verify consistent and accurate performance across multilingual inputs (Arabic, English, and
French).

• To identify potential areas for improvement through simulated real-world usage.

IV.2.2 Performance Metrics

To evaluate the performance of the multilingual medical chatbot, several standard classification met-
rics were applied to the datasets in both Arabic and English. These include accuracy, precision, recall,
F1-score, and the Matthews Correlation Coefficient (MCC). These metrics collectively offer a compre-
hensive view of the system’s classification quality in each language. The results are summarized in the
table below.

• Accuracy: The proportion of correctly predicted cases among all predictions.

Accuracy =
TP + TN

TP + TN + FP + FN

While informative, accuracy alone can be misleading in cases of class imbalance.[78]
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• Precision: The ratio of true positive predictions to the total predicted positives. It answers the
question: Of all the diseases predicted by the model, how many were actually correct?[79]

Precision =
TP

TP + FP

• Recall (Sensitivity): The ratio of true positive predictions to all actual positive cases. It answers
the question: How many of the actual cases did the model successfully detect?[87]

Recall =
TP

TP + FN

• F1-Score: The harmonic mean of precision and recall. This balanced metric is especially useful
when dealing with uneven class distributions.[39]

F1−Score = 2 · Precision ·Recall

Precision+Recall

• Matthews Correlation Coefficient (MCC): A robust metric that considers all four categories of
the confusion matrix (TP, TN, FP, FN). MCC is particularly valuable for evaluating performance
on imbalanced datasets, returning a score between -1 and +1:

– +1 indicates perfect prediction,

– 0 indicates performance no better than random guessing,

– -1 indicates complete disagreement between prediction and actual labels.

MCC =
TP · TN − FP · FN√

(TP + FP )(TP + FN)(TN + FP )(TN + FN)

Together, these metrics provide a multidimensional evaluation of the system’s diagnostic accuracy,
reliability, and robustness.[19]

IV.3 Overview of Experimental Workflow
The experimental workflowwas designed to systematically evaluate the performance of the multilin-

gual medical chatbot system across different stages of model development and testing. This includes data
preprocessing, training on imbalanced datasets, applying data augmentation techniques, and evaluating
performance on balanced datasets. The workflow also reflects how different language inputs were pro-
cessed, including translation pipelines for non-English inputs. Figure IV.3.1 provides a visual summary
of the entire experimental process.
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Figure IV.3.1: Overview of the experimental workflow

IV.4 Dataset Collection and Structure
The dataset was compiled from five publicly accessible medical websites, encompassing a wide

variety of disease classes. However, many of these classes were severely underrepresented, with some
containing only one or two samples. To enable effective training andmeaningful classification, a filtering
process was applied. This process retained only those disease classes that met a minimum threshold for
sample count and demonstrated clinical relevance. As a result, the number of disease classes was reduced
to 755.

Attribute Description

Symptoms Natural language input, primarily in Arabic

Age Group Age ranges: 0–10, 11–20, ..., 61+

Gender Patient gender (Man, Woman, Child)

Category Disease category (e.g., respiratory, cardiovascular)

Disease Name Classification label

Description Text including causes, symptoms, treatments

URL Source website

Table IV.4.1: Dataset Attribute Descriptions

IV.4.1 Class Distribution and Imbalance

Despite filtering the dataset down to 755 clinically relevant disease classes, a significant class im-
balance remained. More than 75% of the classes contained exactly six samples—the minimum threshold
for inclusion—while a small number of classes had over 300 instances. This skewed distribution poses
a challenge for training robust and generalizable models. Figure IV.4.1 visualizes this imbalance, high-
lighting that the top three most frequent classes account for nearly 60% of the entire dataset.
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Figure IV.4.1: Distribution of disease classes showing data imbalance

IV.5 Phase 1: Baseline on Imbalanced Dataset

IV.5.1 Objective

The first phase aims to establish baseline performance by fine-tuning two transformer models on the
original imbalanced dataset, without applying any augmentation or balancing techniques.

IV.5.2 Models Evaluated

• BERT Base Multilingual Cased: A widely-used multilingual transformer pretrained on large-scale
corpora covering multiple languages, including Arabic. It serves as a strong general baseline.

• CAMELBERT: A domain-specific Arabic transformer pretrained exclusively on medical texts, de-
signed to capture medical terminology and context more effectively.

IV.5.3 Experimental Setup

Both models were fine-tuned using the same training and test splits, with hyperparameters optimized
for best performance. No data balancing or augmentation methods were applied to isolate the impact of
imbalance on model effectiveness.
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IV.5.4 Results

Model Accuracy Precision Recall F1-Score

BERT Base Multilingual Cased 50.0% 42.3% 43.1% 43.0%

CAMELBERT 66.3% 56.4% 59.2% 57.4%

Table IV.5.1: Performance of Baseline Models on Imbalanced Data

IV.5.5 Analysis

CAMELBERT significantly outperformed the general multilingual BERT, demonstrating the advan-
tage of domain-specific pretraining in capturing medical language nuances. Despite this, both models
exhibited relatively low recall and F1-scores, reflecting challenges posed by the severe class imbalance
in the dataset. The tendency to favor majority classes resulted in poor minority class detection, limiting
clinical applicability.

IV.5.6 Implications

These baseline results highlight the critical challenge that imbalanced medical datasets present. They
motivate the exploration of data augmentation and class balancing methods in subsequent phases to
improve model generalization, especially for rare but clinically important diseases.

IV.6 Phase 2: Data Augmentation

IV.6.1 Introduction

Data augmentation was employed to address the challenge of imbalanced datasets by increasing
the diversity of the training data, thereby helping the model generalize better to unseen examples. Only
BERTwas tested in this phase to serve as a baseline model and isolate the effects of augmentation without
confounding factors.

IV.6.2 Augmentation Techniques

• Noise Injection: This technique involves random synonym replacement, insertions, and deletions to
slightly modify sentences without altering their core meaning. It helps the model become more robust
to variations in phrasing.

• Back Translation: Text is translated from Arabic to English and then back to Arabic. This generates
natural variations of the original text while preserving meaning, which is especially beneficial for a
morphologically rich language like Arabic.
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IV.6.3 Experimental Setup

Augmented data was generated by applying these techniques to a selected percentage of the original
dataset, focusing on minority class samples to enhance their representation. Manual verification and
quality checks ensured that the augmented sentences maintained semantic integrity.

IV.6.4 Evaluation

Model performance was evaluated using accuracy, precision, recall, and F1-score metrics. Given the
imbalanced nature of the dataset, recall and F1-score were emphasized as key indicators of the model’s
ability to identify minority class instances.

Model Accuracy Precision Recall F1-Score

BERT (Augmented) 76.0% 69.2% 71.3% 69.0%

Table IV.6.1: BERT with Augmentation on Imbalanced Data

IV.6.5 Analysis and Findings

Data augmentation improved recall and F1-score, indicating enhanced detection of the minority
class. However, accuracy gains were limited, suggesting augmentation alone does not fully resolve
class imbalance. Combining augmentation with techniques such as resampling or class weighting is
recommended for better balance mitigation.

IV.6.6 Limitations

A key limitation in this phase was the persistent class imbalance, which constrained the model’s
overall performance. The scarcity of minority class samples limited the model’s ability to generalize
well to those cases. Additionally, relying on limited data sources made it challenging to create a truly
representative and balanced dataset. Overcoming these limitations requires targeted data collection and
balanced sampling strategies.

IV.6.7 Summary of Findings

While data augmentation contributed to improvements in recall and F1-score, these gains were not
sufficient to fully address the issue of class imbalance. To achieve amore balanced and effectivemodel, it
is essential to focus on obtaining or generating a balanced dataset. This may involve collecting additional
minority class samples or applying data balancing strategies beyond augmentation.
Insight: Augmentation improved recall and F1, but could not fully compensate for class imbalance.
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IV.7 Phase 3: Balanced Dataset + Augmentation
The final balanced dataset spans hundreds of disease classes. Classes with very few samples were

excluded, and data augmentation techniques—such as noise injection and paraphrasing—were used to
enrich underrepresented categories. The majority of classes now have a uniform number of examples,
supporting a fair and consistent evaluation process.

IV.8 Arabic Models
In this phase, the focus was on evaluating the performance of biomedical transformer models trained

on the Arabic medical dataset. Due to the relatively limited availability of Arabic biomedical models
compared to English ones, selecting effective models was crucial for achieving high performance.

IV.8.1 Selection of Arabic Biomedical Transformer Models

The following models were selected based on their suitability for Arabic text processing and biomed-
ical applications:

• BERT Base Arabic: A pre-trained model for general Arabic text, adapted to biomedical tasks.

• MARBERT: Specifically designed for modern Arabic, handling dialectal variations.

• T5-Small: A transformer model adapted for text-to-text tasks, fine-tuned for biomedical applica-
tions.

• GigaBERT: A multilingual BERT model trained to support Arabic and other languages.

IV.8.2 Fine-tuning the Models

The Arabic medical dataset was split into training, validation, and test sets. Fine-tuning was per-
formed to adapt the pre-trained models to medical domain tasks. The following configurations were
applied:

• Learning rate and batch size were optimized for each model.

• Early stopping was employed to prevent overfitting.

• Regularization techniques were used to enhance generalization.

IV.8.3 Evaluation

The models were evaluated on the Arabic medical dataset using standard metrics:

• Accuracy: The proportion of correct predictions over the total predictions.

• Precision: The ratio of correctly predicted positive observations to the total predicted positives.
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• Recall: The ratio of correctly predicted positive observations to all actual positives.

• F1-Score: The harmonic mean of precision and recall, balancing both metrics.

• MCC (Matthews Correlation Coefficient): A comprehensive measure that takes into account
true and false positives and negatives.

IV.8.4 Analysis and Findings

Best Performing Model: Among the Arabic biomedical models, GigaBERT demonstrated the
highest performance, achieving:

• Accuracy: 96.0%

• Precision: 96.7%

• Recall: 96.2%

• F1-Score: 95.7%

• MCC: 96.2%

Other Competitive Models:

• BERT Base Arabic: Demonstrated a high accuracy of 95.6%, making it suitable for general
Arabic text but slightly less effective in the biomedical context.

• MARBERT: Achieved similar performance to BERT Base Arabic with an accuracy of 95.5%,
highlighting its effectiveness for dialectal variations.

• T5-Small: Performed the lowest among the chosenmodels, with an accuracy of 88.2%, indicating
that text-to-text models might be less effective in classification tasks.

Comparative Analysis: The results indicated that GigaBERT significantly outperformed other Ara-
bic models due to its multilingual training and ability to adapt to complex biomedical terminology.
However, the lack of extensive Arabic biomedical corpora limited the overall performance compared
to English models.

Challenges and Limitations: Due to limited pre-training on Arabic biomedical texts, the models
showed moderate accuracy compared to their English counterparts. Additionally, dialectal variations
posed challenges, particularly for models not specifically designed for modern or colloquial Arabic.

Model Accuracy Precision Recall F1-Score MCC

BERT Base Arabic 95.6% 96.2% 95.7% 95.2% 96.2%

MARBERT 95.5% 95.5% 95.5% 95.5% 95.5%

T5-Small 88.2% 89.5% 88.2% 87.5% 88.2%

GigaBERT (Best) 96.0% 96.7% 96.2% 95.7% 96.2%

Table IV.8.1: Arabic Biomedical Models Performance
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Figure IV.8.1: ArabicModels Performance Comparison across Accuracy, Precision, Recall, and
F1-Score. GigaBERT shows the best overall performance.

IV.9 English Biomedical Models
In this phase, the Arabic medical dataset was translated into English to leverage the vast resources

and pre-trained biomedical transformer models available for the English language. The primary goal
was to evaluate the performance of these models on the translated dataset and compare it to the Arabic
models.

IV.9.1 Translation of Arabic Dataset

The Arabic medical text data was translated into English using high-quality machine translation tools
such as Google Translate API or MarianMT. To ensure the accuracy of the translation, a manual quality
check was performed on a sample of the translated data, focusing on preserving context and medical
terminology.

IV.9.2 Selection of Biomedical Transformer Models

The following pre-trained biomedical models were selected for evaluation:

• BioBERT: Specifically trained on biomedical literature from PubMed.

• BioClinicalBERT: Fine-tuned for clinical texts and electronic health records.

• BlueBERT PubMed: Trained on PubMed abstracts and clinical notes.

• GigaBERT: A multilingual BERT model, known for competitive performance in biomedical
tasks.
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IV.9.3 Fine-tuning the Models

The translated dataset was divided into training, validation, and test sets. Each model was fine-tuned
using the training data while employing transfer learning to adapt the models to the medical context. Hy-
perparameters, including learning rate, batch size, and the number of epochs, were optimized to achieve
the best results.

IV.9.4 Evaluation

The models were evaluated on the translated English dataset using standard metrics:

• Accuracy: The proportion of correct predictions over the total predictions.

• Precision: The fraction of relevant instances among the retrieved instances.

• Recall: The fraction of relevant instances that were successfully retrieved.

• F1-Score: The harmonic mean of precision and recall, useful for handling imbalanced data.

• MCC (Matthews Correlation Coefficient): Evaluates binary classification performance, espe-
cially on imbalanced data.

IV.9.5 Analysis and Findings

Best Performing Model: Among the evaluated models, GigaBERT demonstrated the highest per-
formance, achieving:

• Accuracy: 97.55%

• Precision: 97.72%

• Recall: 97.55%

• F1-Score: 97.28%

• MCC: 97.53%

Other Competitive Models:

• BlueBERT PubMed also achieved high performance with an accuracy of 96.7% and an F1-Score
of 97.5%.

• BioClinicalBERT and BioBERT showed slightly lower performance compared to GigaBERT,
but were still effective due to domain-specific training.

Comparative Analysis: The English biomedical models significantly outperformed their Arabic
counterparts, primarily due to the availability of extensive biomedical corpora and robust pre-training.
GigaBERT’s ability to handle multilingual data made it particularly effective when applied to the trans-
lated dataset.
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Challenges and Limitations: Despite achieving high accuracy, some medical terms and nuances
were lost during the translation process, slightly affecting precision. Fine-tuning the models on the trans-
lated text significantly improved their performance, highlighting the importance of domain adaptation.

Model Accuracy Precision Recall F1-Score MCC

BioBERT 96.2% 96.0% 96.2% 95.7% 96.2%

BioClinicalBERT 96.3% 96.3% 96.3% 96.0% 96.3%

BlueBERT PubMed 96.7% 97.2% 96.7% 97.5% 96.7%

GigaBERT (Best) 97.55% 97.72% 97.55% 97.28% 97.53%

Table IV.9.1: English Biomedical Models Performance

Figure IV.9.1: English Models Performance Comparison across Accuracy, Precision, Recall,
and F1-Score. GigaBERT (Best) shows superior results across all metrics.

IV.10 Discussion
Data balance played a crucial role in minimizing bias and enhancing the model’s ability to gen-

eralize across different inputs. The application of data augmentation techniques further contributed to
improved model robustness and recall, allowing the models to better handle variations in the data. When
comparing different models, those specifically designed for the domain, such as MARBERT, BioBERT,
and GigaBERT, consistently outperformed more general language models. Among these, GigaBERT
demonstrated the best overall performance, excelling in both Arabic and English language contexts,
highlighting its versatility and effectiveness in multilingual settings.
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Figure IV.10.1: Performance comparison of Arabic language models.

Figure IV.10.2: Performance comparison of English language models.

Aspect Description

Data Balance Crucial for minimizing bias and boosting generalization.

Augmentation Improved model robustness and recall.

Model Selection Domain-specific models (MARBERT, BioBERT, Giga-
BERT) outperformed general ones.

Best Performer GigaBERT excelled in both Arabic and English contexts.

Table IV.10.1: Summary of key factors influencing model performance.

IV.11 Frontend Design and Interaction Flow
The frontend of the system is architected to be user-centric, multilingual, and fully responsive, pro-

viding a seamless interaction experience across web and mobile platforms. Built using modern web
technologies, the interface is designed to collect essential user inputs—including symptoms, age, and
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gender—and to deliver predictive feedback in real time through a conversational layout. It serves as the
primary access point for users, connecting them with the underlying AI-powered diagnostic engine.

These design decisions were driven by the need to make healthcare guidance more accessible to
diverse populations, particularly those with limited access to traditional medical resources.

A core feature of the frontend is its support for multilingual interaction. To accommodate users from
diverse linguistic backgrounds, the interface supports Arabic, English, and French. Upon launching the
application, users are greeted by a branded welcome screen (see Figure IV.11.1), which introduces the
system under the name MediLingo—your trusted partner for fast, reliable, and personalized medical
support. The screen includes a prominent Get Started button to encourage user engagement and guide
them into the chatbot workflow.

Figure IV.11.1: Welcome screen of the MediLingo chatbot, introducing the system and prompt-
ing users to begin interaction.

Following this initial prompt, users are directed to a language selection screen (see Figure IV.11.2),
where they can choose between Arabic, English, and French. This choice dynamically configures the
interface to the user’s preferred language. In Arabic mode, the chatbot layout and text flow are fully
adapted for right-to-left (RTL) rendering, while English and French modes follow a traditional left-
to-right (LTR) structure. This ensures accessibility and clarity across all languages, improving user
comprehension and comfort.
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Figure IV.11.2: Language selection screen offering users a choice between Arabic, English, and
French interface modes.

The system maintains three parallel chatbot flows—Arabic, English, and French—each capable of
interpreting free-text symptom input and returning disease predictions in real time. All chatbots are
visually consistent but linguistically tailored. They incorporate localized prompts, placeholder examples,
and medical terminology appropriate for their respective language and cultural context.

Figure IV.11.3: Arabic chatbot interface with RTL symptom input and diagnosis output.
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Figure IV.11.4: English chatbot interface with LTR input and response flow.

Figure IV.11.5: French chatbot interface with LTR input and localized medical interaction.

The user interaction process within the MediLingo chatbot interface is structured to support intuitive
and efficient diagnostic input. Upon accessing the application, users are guided through an onboarding
sequence comprising a welcome screen, language selection, and symptom input stages. The interface
captures user data—including symptoms, age, and gender—through structured input fields, ensuring
consistency and clarity in the information passed to the backend.

These inputs are submitted via HTTP POST requests to language-specific routes implemented in a
Flask web framework. The backend utilizes a fine-tuned GigaBERT model for sequence classification,
which analyzes the input and returns the top disease predictions along with associated confidence scores.
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This diagnostic response is formatted in HTML and displayed through a chatbot-style interface that
mimics conversational interaction. While the system does not employ a traditional RESTful API using
JSON exchange, it achieves equivalent functionality by processing structured inputs and dynamically
rendering structured diagnostic outputs.

To enhance trust and user engagement, the frontend incorporates real-time visual feedback mecha-
nisms such as loading animations during inference and prompt-based fallbacks in cases of ambiguous
input. As detailed in Table IV.11.1, the interface is fully responsive across devices, supports Arabic
(RTL), English (LTR), and French (LTR), and ensures a seamless multilingual and mobile-friendly user
experience. These features collectively contribute to a medically informative and accessible diagnostic
tool.

Feature Description

Device Compatibility Fully responsive design for desktop, tablet, and mobile platforms

Multilingual Support Arabic (RTL), English (LTR), and French (LTR) with dynamic
switching

Input Handling Captures symptoms, age, and gender in structured form

Real-Time Feedback Disease predictions rendered instantly via chatbot-style responses

Guided Flow Onboarding sequence: Welcome → Language Selection → Chat
Interaction

Table IV.11.1: Summary of core frontend design features in the MediLingo chatbot interface.

IV.12 User Interface Demonstration: English, Arabic, and
French Chatbot Interactions

To support the technical evaluation with practical visualization, this section presents representative
screenshots of the MediLingo chatbot interacting with users in English, Arabic, and French. These
examples demonstrate the chatbot’s multilingual interface, natural language understanding, and its ability
to provide medically relevant guidance across three distinct languages.

The English interface (Figure IV.12.1) shows a user entering symptoms such as “fever and headache,”
along with the chatbot’s response, which includes the predicted disease name, detailed descriptions,
and a URL to a relevant medical website. Similarly, the Arabic interface (Figure IV.12.2) highlights
the system’s right-to-left (RTL) layout, where the chatbot accurately processes Arabic input and returns
context-sensitive medical recommendations, including the predicted diagnosis, explanatory information,
and a reference link. The French interface (Figure IV.12.3) demonstrates the chatbot’s ability to interpret
symptom descriptions in French, and respond with an appropriate medical diagnosis and supporting
resources in a linguistically localized manner.

These visual examples illustrate not only the effectiveness of the NLP models in handling multilin-
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gual input but also the careful attention to user experience, accessibility, and linguistic inclusivity in the
chatbot’s design.

Figure IV.12.1: MediLingo chatbot interaction in English: user input, predicted disease name,
descriptions, and reference URL.

Figure IV.12.2: MediLingo chatbot interaction in Arabic: RTL layout with user input, predicted
diagnosis, descriptions, and reference URL.
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Figure IV.12.3: MediLingo chatbot interaction in French: LTR layout with user input, predicted
diagnosis, explanations, and medical reference link.

IV.13 Conclusion
The findings of this study underscore the pivotal role of balanced datasets in ensuring the reliability

and generalizability of medical text classification models. Addressing class imbalance is essential to
mitigating bias and enhancing the robustness of predictive performance. Additionally, the integration of
data augmentation techniques was shown to significantly improve model efficacy—particularly in terms
of recall—by introducing greater variability and representativeness within the training data.

The comparative evaluation of model architectures revealed that domain-specific biomedical and
language-adapted models consistently outperform general-purpose language models. This highlights
the importance of domain adaptation in natural language processing tasks within the healthcare context.
Among the evaluated models, GigaBERT emerged as the top performer, achieving the highest metrics
across both Arabic and English datasets. These results suggest that GigaBERT’s architecture and pre-
training strategy offer a distinct advantage in processing multilingual biomedical texts, positioning it as
a strong candidate for future cross-lingual applications in medical informatics.
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General Conclusion

This thesis presented the design, implementation, and evaluation of a multilingual medical chatbot sup-
porting Arabic, French, and English languages. The core objective was to facilitate accessible and reli-
able medical information retrieval across linguistic boundaries, addressing a significant gap in healthcare
communication, especially in multilingual or under-resourced contexts.

To ensure the relevance and accuracy of the chatbot’s medical responses, the dataset was compiled
from five reputable medical websites. However, the initial data suffered from severe class imbalance,
particularly in the Arabic subset, which posed major challenges during training. To mitigate this, we
employed targeted data augmentation strategies—namely synonym replacement, back-translation, and
paraphrasing—customized for each language. These methods significantly enriched the dataset and
helped balance the distribution across categories, resulting in more robust model performance.

In the natural language understanding phase, several advanced transformer-basedmodels were trained
and evaluated for both English and Arabic. For English, BioBERT achieved strong results, with an accu-
racy of 96.2%, precision of 96.0%, recall of 96.2%, and an F1-score of 95.7%. BioClinicalBERT yielded
slightly better outcomes, maintaining 96.3% across accuracy, precision, and recall, and scoring 96.0%
on the F1 metric. BlueBERT PubMed showed further improvements, recording an accuracy of 96.7%,
precision of 97.2%, recall of 96.7%, F1-score of 97.5%, and a Matthews Correlation Coefficient (MCC)
of 96.7%. The best-performing model in the English set was GigaBERT, which excelled with an accu-
racy of 97.55%, precision of 97.72%, recall of 97.55%, F1-score of 97.28%, and an MCC of 97.53%,
making it the most robust and reliable model for English biomedical text understanding in this study.

For Arabic, BERT Base Arabic achieved a high performance with an accuracy of 95.6%, precision
of 96.2%, recall of 95.7%, F1-score of 95.2%, and MCC of 96.2%. MARBERT followed closely, main-
taining balanced metrics with 95.5% across accuracy, precision, recall, and F1-score. The T5-Small
model, though efficient in size, demonstrated weaker performance, achieving only 88.2% accuracy,
89.5% precision, 88.2% recall, and 87.5% F1-score. Notably, GigaBERT once again emerged as the
top-performing model for Arabic, achieving 96.0% accuracy, 96.7% precision, 96.2% recall, 95.7% F1-
score, and 96.2% MCC. These results clearly highlight GigaBERT’s adaptability and strength in both
monolingual and multilingual tasks.

As for the French language, due to the unavailability of domain-specific biomedical models, we
adopted a translation-based approach by translating the outputs of the best English model—GigaBERT—
into French. This strategy allowed us to maintain linguistic consistency and deliver reliable medical
responses, despite the absence of native French medical datasets or models. The quality of translation,
supported by the strong performance of the source model, ensured effectiveness in handling French
queries.

Across all languages, models trained on the augmented and balanced datasets consistently outper-
formed those trained on the original imbalanced data. This was particularly evident in Arabic, where
data augmentation significantly improved generalization and classification accuracy. The results con-
firm the importance of dataset quality and class balance in achieving high performance, especially in
low-resource settings.

In conclusion, this thesis demonstrates that multilingual medical chatbots can be effectively built



using advanced NLP models, provided that careful attention is given to dataset preparation and model
selection. GigaBERT, in particular, proved to be the most suitable model for multilingual healthcare
tasks, delivering top-tier performance in both Arabic and English, and supporting French through trans-
lation. The integration of data augmentation techniques was vital to overcoming challenges posed by
data scarcity and imbalance, especially for Arabic.

Looking forward, future improvements could involve expanding the dataset with more diverse and
conversational medical data, incorporating user feedback loops for continuous learning, and exploring
models designed specifically for code-switching and multilingual dialogue. Additionally, coupling the
chatbot with medical ontologies and improving its dialogue flow would allow for more accurate and
context-aware interactions. This work thus lays a solid foundation for practical and inclusivemultilingual
healthcare AI systems, capable of improving medical accessibility and patient empowerment in diverse
linguistic environments.
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