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Abstract

This work focuses on the design and development of a medical assistant application
based on large language models. The goal is to create an intelligent system that can
assist healthcare professionals and patients by leveraging advanced natural language

processing capabilities.
The work explores the use of state-of-the-art language models to power the medical
assistant, enabling it to engage in natural conversations, answer queries, and provide
personalized recommendations related to healthcare. Key aspects covered include
the system architecture, data processing techniques, and the integration of the

language model with domain-specific medical knowledge.
Through rigorous testing and evaluation, including assessments on real-world
clinical scenarios, the work aims to demonstrate the effectiveness of the medical
assistant in enhancing healthcare delivery by applying evaluation techniques.

Keywords: Medical assistant, Large language models, Natural language processing,
Healthcare, Chatbot, Data processing, Domain-specific knowledge, AI-powered

healthcare, Diagnosis

Résumé

Ce travail se concentre sur la conception et le développement d’une application
d’assistant médical basée sur des modèles de langage de grande taille. L’objectif est
de créer un système intelligent capable d’assister les professionnels de la santé et les

patients en exploitant les capacités avancées de traitement du langage naturel.
Le travail explore l’utilisation de modèles de langage de pointe pour alimenter

l’assistant médical, lui permettant de s’engager dans des conversations naturelles, de
répondre à des requêtes et de fournir des recommandations personnalisées liées aux

soins de santé. Les aspects clés couverts incluent l’architecture du système, les
techniques de traitement des données et l’intégration du modèle de langage avec des

connaissances médicales spécifiques au domaine.
Grâce à des tests et évaluations rigoureux, y compris des évaluations sur des

scénarios cliniques réels, ce travail vise à démontrer l’efficacité de l’assistant médical
dans l’amélioration de la prestation des soins de santé en appliquant des techniques

d’évaluation.

Mots-clés : Assistant médical, Modèles de langage de grande taille, Traitement du
langage naturel, Soins de santé, Chatbot, Traitement des données, Connaissances

spécifiques au domaine, Soins de santé alimentés par l’IA, Diagnostic

صخلم
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General Introduction

Healthcare is a fundamental aspect of our daily lives, dedicated to enhancing well-

being and improving overall quality of life. With the continuous advancement of tech-

nology, particularly in Artificial Intelligence (AI), the concept of personal assistants

and chatbots has significantly evolved. This evolution is exemplified by the develop-

ment of Language Models (LLMs) like ChatGPT, which reflect the growing maturity of

AI. As these models expand their knowledge base through extensive internet explo-

ration, they demonstrate an increasing ability to achieve human-level performance

on medical question-and-answer benchmarks. This progress hints at the potential for

integrating Conversational AI into healthcare services. However, it is crucial to rec-

ognize and address the inherent limitations of these models, such as their tendency

to reflect biases, establish unwarranted associations, and produce inaccurate outputs

when handling critical biomedical data.

The focus of this project is the development of a healthcare assistant designed to

aid users in obtaining accurate diagnostics by analyzing symptoms associated with

common diseases. Despite the promising advancements of LLMs in the medical do-

main, several key issues and challenges must be addressed for their successful inte-

gration into healthcare applications.

Firstly, data quality and availability are critical. LLMs require vast amounts of

high-quality, diverse, and unbiased medical data for training. However, obtaining

such data is challenging due to privacy and regulatory concerns, as well as the poten-

tial biases in existing datasets. Secondly, ensuring accuracy and reliability is paramount.

While LLMs perform impressively on medical question-answering benchmarks, their

outputs can still be inaccurate or unreliable, particularly in critical healthcare sce-

narios. Accuracy and reliability are essential for patient safety and trustworthiness.

Another significant challenge is explainability and interpretability. LLMs are of-

ten perceived as ”black boxes,” making it difficult to understand and interpret their

decision-making processes. In healthcare, where transparency and accountability are

crucial, improving the explainability and interpretability of LLM-based systems is es-

sential. Finally, gaining user trust and adoption is a hurdle. Even with accurate and

2



General Introduction

reliable outputs, users may be hesitant to rely on AI for critical healthcare decisions.

The primary objectives of this study are to address these challenges systemati-

cally. First, identifying and acquiring relevant, high-quality medical data sources

and preprocessing this data for effective LLM training is essential. Second, explor-

ing and evaluating different LLM architectures and training strategies will optimize

their performance for medical diagnosis tasks. Third, developing robust evaluation

methodologies to assess the accuracy and reliability of the LLM-based medical assis-

tant is crucial to ensure it meets the required standards for healthcare applications.

Fourth, investigating techniques to improve the explainability and interpretability of

the LLM-based medical assistant will enable users to understand the reasoning behind

its outputs. Lastly, exploring user experience design principles and adoption strate-

gies will enhance user trust and facilitate the seamless integration of the LLM-based

medical assistant into healthcare workflows.

By addressing these objectives, this study aims to contribute to the development

of accurate, reliable, and trustworthy LLM-based medical assistants. These advance-

ments have the potential to significantly enhance healthcare services and improve

patient outcomes.

our thesis outline structure as following :

chapter 1 This chapter will provide an overview of Large Language Models (LLMs),

discussing how they leverage deep learning and transformer architectures to enable

advanced natural language processing capabilities. It will explore the technical foun-

dations of LLMs, their training methodologies, and the key characteristics that have

led to their widespread adoption across various domains.

chapter 2 will focus on exploring the transformative applications of AI, particularly

LLMs, within the medical domain. It will discuss into specific use cases such as

Telemedicine platforms, mobile health applications,Development of medical chatbots

and clinical assistance.The chapter also highlight how these AI-driven applications

can contribute to improving healthcare delivery for human.

chapter 3 This chapter will provide a general overview of the approaches and method-

ologies for designing a medical assistant system based on Large Language Models

3



General Introduction

(LLMs).

chapter 4 present the implementation and evaluation of the proposed technic,This

will include providing a practical steps of the various tools used to develop the medi-

cal assistant to be rely on LLMs.
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Chapter 1

Large Language Models (LLMs)

1.1 Introduction

Large Language Models (LLMs) have emerged as one of the most transformative tech-

nologies in the field of AI specifically in Natural Language Processing (NLP), revolu-

tionizing how machines understand and generate human language. With the expo-

nential growth of digital data and computational power, LLMs have achieved remark-

able milestones, showcasing their potential to redefine various aspects of communi-

cation, automation, and knowledge management[1].

Recent advancements in LLMs, particularly exemplified by models like OpenAI’s

GPT (Generative Pre-trained Transformer) series and Google’s BERT (Bidirectional

Encoder Representations from Transformers), have demonstrated unprecedented ca-

pabilities in tasks such as text generation, translation, summarization, and question

answering[2]. For instance, OpenAI’s GPT-3 model, with its 175 billion parameters,

has showcased impressive abilities in generating coherent and contextually relevant

text across diverse domains, surpassing previous benchmarks in NLP tasks.

The significance of LLMs lies not only in their performance but also in their poten-

tial applications across various domains. From aiding content creation and enhanc-

ing human-computer interaction to advancing information retrieval and knowledge

extraction, LLMs hold the promise of reshaping industries, academia, and everyday

life[3].

5



Chapter 1. Large Language Models (LLMs)

The objective of this chapter is to provide a comprehensive overview of LLMs, cov-

ering their evolution, core concepts, training methodologies, capabilities, limitations,

and future directions. By delving into these aspects, we aim to offer insights into the

workings of LLMs, their potential impact on society, and the challenges and opportu-

nities they present in the realm of NLP and beyond.

1.2 Concept of Large Language Models

1.2.1 History

Natural Language Processing (NLP) has a rich history that traces back several decades,

marked by significant milestones that have shaped its evolution into the sophisti-

cated field it is today. The journey of NLP can be characterized by a series of break-

throughs in linguistic theory, computational algorithms, and the availability of large-

scale datasets.the figure below show the main events in NLP until LLMs journey :

Figure 1.1: NLP to LLMs timeline

The concept of a “universal machine” capable of mimicking human intelligence

was proposed by Alan Turing in 1949, laying the groundwork for future advancements

in artificial intelligence and NLP. The earliest endeavors in NLP can be dated back to

the 1950s, with the beginnings of NLP research and development. During this period,

6



Chapter 1. Large Language Models (LLMs)

rule-based systems were developed to analyze and understand human language, fo-

cusing on simple tasks such as language translation and information retrieval. One

notable achievement from this era was the 1954 Georgetown-IBM experiment, which

used an IBM 701 computer for Russian-English translation, marking one of the earli-

est machine translation experiments.

The development of linguistic theories and formal grammar in the 1960s further

influenced early NLP work. This period saw the introduction of various linguistic

models that aimed to formalize the structure of human language. The 1970s wit-

nessed a shift towards rule-based systems in NLP, with notable advancements such as

Terry Winograd’s SHRDLU in 1972, an effective NLP system that could manipulate

blocks in a virtual world using natural language commands.

One of the key milestones in the history of NLP was the introduction of statistical

methods in the 1980s. Early work on statistical approaches, such as the development

of the Hidden Markov Model Toolkit (HTK) in 1989, helped researchers build statis-

tical models for speech recognition. The 1990s saw continued advancements in sta-

tistical approaches and the introduction of probabilistic models such as probabilistic

context-free grammar (PCFG). Techniques like n-grams, hidden Markov models, and

maximum entropy models revolutionized how language data could be processed and

analyzed. However, these traditional NLP techniques had inherent limitations, such

as the need for handcrafted features and the inability to capture complex linguistic

patterns effectively.

The 2000s marked a growing interest in machine learning and statistical methods

in NLP. The emergence of neural networks, particularly recurrent neural networks

(RNNs), marked another significant advancement in NLP. RNNs, with their ability

to process sequential data, showed promise in tasks like language modeling and ma-

chine translation. However, they struggled with long-range dependencies and were

computationally expensive to train, limiting their effectiveness in handling large-scale

language data.

The turning point in NLP came with the rise of Large Language Models (LLMs),

powered by transformer architectures. The 2010s saw a resurgence of interest in NLP

7



Chapter 1. Large Language Models (LLMs)

driven by advancements in deep learning and neural networks. In 2013, the introduc-

tion of Word2Vec, a word embedding technique that represents words as dense vec-

tors, significantly improved NLP models’ performance. The development of Google’s

neural network-based machine translation system, Google Neural Machine Transla-

tion (GNMT) in 2014, also marked a significant improvement in translation quality.

Transformers, introduced in the seminal paper ”Attention is All You Need” by Vaswani

et al. (2017) [4], revolutionized how information could be processed in neural net-

works, enabling more efficient handling of long-range dependencies and parallel com-

putation. LLMs, such as OpenAI’s GPT series and Google’s BERT, built upon the

transformer architecture, achieving unprecedented performance across a wide range

of NLP tasks. In 2020, the release of GPT-3 (Generative Pretrained Transformer 3)

by OpenAI, one of the most significant language models to date, showcased the capa-

bility to generate coherent and contextually relevant text. The advancements in 2021

in zero-shot and few-shot learning further enabled models to perform well on tasks

without extensive task-specific training data.

LLMs address many of the limitations of traditional NLP techniques by leverag-

ing vast amounts of unlabeled text data for pre-training, enabling them to learn rich

representations of language without the need for handcrafted features. Additionally,

the self-attention mechanism in transformer models allows LLMs to capture contex-

tual information effectively, overcoming the shortcomings of RNNs in modeling long-

range dependencies.

1.2.2 Definition

Large Language Models (LLMs) are a class of natural language processing (NLP) mod-

els characterized by their massive parameter size, extensive training on vast amounts

of text data, and proficiency in handling complex language tasks[2]. These models

have revolutionized the field of NLP by achieving state-of-the-art performance across

various language understanding and generation tasks.

The key characteristic of LLMs is their massive parameter size, which enables them

to capture intricate linguistic patterns and nuances present in natural language text.
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Chapter 1. Large Language Models (LLMs)

For example, models such as OpenAI’s GPT (Generative Pre-trained Transformer) se-

ries and Google’s BERT (Bidirectional Encoder Representations from Transformers)

have billions of parameters, allowing them to encode and process large amounts of

textual information[3].

Training LLMs requires substantial computational resources and vast amounts of

text data[1]. These models are typically pre-trained on large-scale corpora, such as

web text, books, and articles, using unsupervised learning techniques. During pre-

training, LLMs learn to predict the next word in a sequence given the context of pre-

ceding words, which helps them capture semantic and syntactic structures inherent

in language[5].

Moreover, LLMs leverage neural network architectures as their underlying foun-

dation. Neural networks consist of interconnected nodes organized in layers, where

each node represents a mathematical operation applied to the input data[6]. The ar-

chitecture of LLMs, particularly transformer-based architectures, plays a crucial role

in their ability to process sequential data efficiently.

Overall, LLMs represent a significant advancement in NLP, offering unparalleled

capabilities in understanding and generating natural language text. Their massive

parameter size, extensive training data, and neural network-based architecture enable

them to excel in a wide range of language tasks, from text generation to sentiment

analysis.

1.2.3 Large Language Models Principles

Large Language Models (LLMs) operate by leveraging extensive training data to learn

the complex patterns and structures inherent in natural language. The process in-

volves several key components and techniques:

Training data plays a role in the development of LLMs, providing the models with

the necessary linguistic knowledge and context. LLMs are typically trained on vast

amounts of text data, sourced from diverse corpora such as books, articles, websites,

and social media posts. The abundance and diversity of training data are crucial for

enabling LLMs to generalize well across various language tasks and domains[1].

9
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LLMs can be trained using both supervised and unsupervised learning techniques.

In supervised learning, the model learns from labeled data, where each input is paired

with a corresponding target output. This approach is commonly used for tasks like

sentiment analysis and text classification, where the model is trained to predict pre-

defined labels or categories[7]. On the other hand, unsupervised learning involves

training the model on unlabeled data, allowing it to learn patterns and structures

from the input data without explicit supervision. Techniques such as self-supervised

learning, where the model learns from the data itself by predicting masked or cor-

rupted tokens, have been particularly effective in training LLMs[2].

Transformers have become as a dominant architecture for LLMs due to their abil-

ity to capture long-range dependencies and contextual information in text. The trans-

former architecture, introduced by Vaswani et al.[4] as shown in the figure1.2 below,

employs self-attention mechanisms that enable the model to weigh the relevance of

different words in a sequence, facilitating better contextual understanding[8]. This

attention mechanism allows LLMs to efficiently process input sequences of varying

lengths and capture dependencies across distant tokens, overcoming the limitations

of traditional recurrent neural networks (RNNs) and convolutional neural networks

(CNNs)[4]. Transformers have been widely adopted in state-of-the-art LLMs such as

BERT[2], GPT[3], and RoBERTa [9], contributing to their remarkable performance

across diverse language tasks.
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Figure 1.2: The Transformer - model architecture

[4]

In summary, LLMs leverage extensive training data, supervised and unsupervised

learning techniques, and transformer-based architectures to achieve state-of-the-art

performance in natural language processing tasks.
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1.2.4 Capabilities of Large Language Models

Large Language Models (LLMs) have demonstrated remarkable proficiency across var-

ious natural language processing (NLP) tasks. Below are specific examples showcasing

their capabilities:

a. Text Generation

LLMs exhibit impressive proficiency in generating coherent and contextually relevant

text across different genres and styles. They can produce creative content, including

poetry, stories, and news articles. For instance, models like GPT-3 have shown the

ability to generate human-like text with minimal prompts.[3]

b. Machine Translation

LLMs have significantly advanced machine translation systems by generating accurate

translations across multiple languages. Models such as BERT and T5 have achieved

state-of-the-art performance in translation tasks, surpassing traditional statistical approaches[2].

c. Text Summarization

LLMs excel in generating concise and informative summaries of longer texts. By lever-

aging attention mechanisms and transformer architectures, models like BART and

PEGASUS can effectively distill key information from documents, articles, and news

stories[10].

d. Question Answering

LLMs have been instrumental in developing question answering systems capable of

understanding and responding to natural language queries. Models like BERT and

RoBERTa achieve high accuracy in answering factual questions based on context[9].

e. Code Generation

LLMs have shown promise in generating code snippets and assisting developers in

programming tasks. By training on large code repositories, models like Codex and
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GPT-3 can generate syntactically correct code for various programming languages

based on natural language descriptions[11].

These examples underscore the versatility and effectiveness of LLMs in addressing

diverse language processing tasks.

1.3 Applications of Large Language Models

Large Language Models (LLMs) have garnered significant attention due to their wide-

ranging applications across various domains. Their ability to understand and generate

human-like text has opened up numerous possibilities for their use in diverse fields:

1.3.1 Language Comprehension and Generation Tasks

LLMs serve as the backbone for numerous NLP applications, including sentiment

analysis, named entity recognition, and part-of-speech tagging. Models like BERT and

GPT have been extensively used in research and industry to achieve state-of-the-art

results in various NLP benchmarks[2]. These models excel in understanding context

and disambiguating meanings, which are critical for accurate language comprehen-

sion and generation. For instance, BERT’s bidirectional training allows it to capture

the context from both directions, enhancing its performance in tasks such as question

answering and text summarization[9]. GPT, with its autoregressive nature, excels in

generating coherent and contextually relevant text, making it suitable for tasks like

story generation and dialogue systems[3].

1.3.2 Chatbots and Virtual Assistants

LLMs power chatbots and virtual assistants by enabling them to understand and gen-

erate human-like responses in conversations. Systems like OpenAI’s GPT-based chat-

bots have been integrated into customer service platforms, social media platforms,

and virtual assistants to provide personalized interactions and assistance[12]. These

systems leverage the models’ ability to maintain context over multiple turns of con-

versation, making interactions more natural and engaging. Furthermore, advance-

ments in fine-tuning techniques allow these models to adapt to specific domains, en-
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hancing their effectiveness in specialized applications such as mental healthcare and

finance[13].

1.3.3 Education and Research

In the field of education, LLMs facilitate intelligent tutoring systems, automated es-

say grading, and content recommendation systems. Researchers leverage LLMs to

analyze educational texts, generate study materials, and develop adaptive learning

platforms[14]. For example, automated grading systems can provide instant feed-

back on student essays, helping educators to scale their assessments while maintain-

ing consistency[15]. Additionally, LLMs can generate personalized learning materials

based on individual student needs, thereby promoting adaptive learning and improv-

ing educational outcomes[16].

1.3.4 Content Creation and Marketing

LLMs are employed in content generation tasks such as writing articles, product de-

scriptions, ad copies, and social media posts. By understanding user preferences and

generating engaging content, LLMs aid marketers in content creation, audience en-

gagement, and brand promotion[17]. These models can analyze vast amounts of data

to identify trending topics and optimize content for target audiences. Moreover, the

ability to generate high-quality text rapidly allows marketers to scale their content

production efforts, thereby enhancing their online presence and outreach[18].

1.3.5 Software Development

LLMs assist software developers in various tasks, including code generation, code

summarization, and bug detection. Models like GPT-3 and Codex can generate code

snippets based on natural language descriptions, speeding up development processes

and enhancing code quality[11]. These models can also help in understanding and

documenting existing codebases, making it easier for developers to maintain and ex-

tend software projects[19]. Furthermore, LLMs can suggest improvements and detect

potential errors in code, thereby contributing to more robust and reliable software[20].
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These applications highlight the versatility and effectiveness of LLMs in trans-

forming various sectors through natural language understanding and generation ca-

pabilities. As these models continue to evolve, their potential to innovate and improve

processes across different domains is expected to grow even further.

1.4 Challenges and Considerations with Large Language

Models

Large Language Models (LLMs) offer remarkable capabilities, but their widespread

adoption also raises several challenges and considerations:

1.4.1 Bias and Fairness in Training Data

One significant challenge is the presence of biases in the training data, which can per-

petuate and exacerbate societal biases in LLM outputs. Research has shown that LLMs

trained on biased datasets can produce discriminatory or unfair results across various

demographic groups[21]. Addressing bias in training data and developing algorithms

for debiasing LLMs are crucial steps to ensure fair and equitable outcomes[22].

1.4.2 Explainability and Interpretability of LLM Outputs

LLMs, particularly deep neural networks, often operate as black boxes, making it

challenging to understand how they arrive at their decisions. Lack of explainability

and interpretability raises concerns about trust and accountability, especially in criti-

cal applications such as healthcare and law[23]. Research efforts focus on developing

techniques to interpret and explain LLM outputs, enhancing transparency and trust

in their decision-making processes[24].

1.4.3 Safety and Security Concerns

LLMs have the potential to generate harmful or misleading content, including fake

news, hate speech, and misinformation. Malicious actors could exploit LLMs to ma-

nipulate public opinion or launch sophisticated phishing attacks[25]. Mitigating safety
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and security risks requires robust mechanisms for content moderation, detection of

malicious intent, and proactive measures to prevent misuse of LLMs[26]

1.4.4 Ethical Considerations Regarding LLM Use

The widespread deployment of LLMs raises complex ethical dilemmas, including is-

sues of privacy, consent, and autonomy. Ethical concerns also extend to the envi-

ronmental impact of training large models, as it consumes significant computational

resources and energy[27].Ethical frameworks and guidelines are essential to guide the

responsible development and deployment of LLMs, ensuring they align with societal

values and ethical principles[28]

1.4.5 Limitations in preformances

Despite the fascination with the magical capabilities of Large Language Models (LLMs)

in generating text and performing various language-related tasks, it is essential to ac-

knowledge the struggles and limitations in their performances[29]. In addition to

these limitations, LLMs can exhibit phenomenon hallucinations, which refers to the

generation of text that is not based on factual information or accurate understand-

ing of the context. Let’s explore some of the limitations of LLMs and how they can

contribute to hallucinations:

a. Lack of Contextual Understanding: LLMs primarily rely on statistical patterns

in the training data to generate text. While they can generate syntactically correct

sentences, they often lack a deep understanding of the context and meaning behind

the text they produce. This can lead to inaccurate or nonsensical responses[29].

b. Limited Knowledge Base: LLMs are trained on vast amounts of data, but they may

still lack comprehensive knowledge on specific topics. They may struggle to provide

accurate information or answer complex questions outside the scope of their training

data. This limitation can contribute to hallucinations, as the model may generate

responses that are not grounded in factual information[29].

c. Difficulty with Ambiguity and Nuance: LLMs often struggle with understand-

ing and interpreting ambiguous or nuanced language. They may provide simplistic

or incorrect interpretations of complex statements or questions, leading to mislead-
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ing or inaccurate responses. Hallucinations can arise when the model fills in gaps in

understanding with fabricated or incorrect information[30].

Addressing these challenges and considerations is paramount to harnessing the

full potential of LLMs while mitigating potential risks and ensuring ethical and equi-

table use.

1.5 Prompt Engineering

Prompt engineering refers to the process of crafting effective prompts or input text

to elicit desired outputs from large language models (LLMs)[31]. Prompt engineer-

ing involves carefully structuring the prompt to guide the LLM towards generating

coherent, relevant, and high-quality responses. This can include techniques such as:

• Specifying the task or objective clearly in the prompt

• Providing relevant context, background information, or constraints

• Using formatting, keywords, or special tokens to signal the LLM

• Breaking down complex tasks into step-by-step instructions

• Iteratively refining the prompt based on the model’s outputs

Effective prompt engineering is critical for using the capabilities of modern LLMs to

solve a wide variety of natural language processing tasks. It allows users to harness

the knowledge and generation abilities of these large neural networks in a controlled

and customized manner[32][33].

1.6 Retrieval-Augmented Generation (RAG)

1.6.1 Introduction to RAG

The concept of Retrieval-Augmented Generation (RAG) represents a paradigm shift

in natural language processing (NLP), where traditional language generation models

are augmented with a retrieval mechanism to enhance the relevance and coherence

of generated text[34]. RAG systems integrate the strengths of both generative and
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retrieval-based approaches, enabling the generation of text that is not only fluent but

also grounded in real-world knowledge[35].

1.6.2 Definition

At the core of RAG lies the idea of combining the fluency of generative models, such as

GPT (Generative Pre-trained Transformer)[3], with the factual accuracy and relevance

provided by retrieval mechanisms. In RAG systems, the retrieval component retrieves

relevant context or knowledge from a large external database or corpus, which is then

used to guide the generation process[36]. This integration allows RAG models to pro-

duce text that is not only grammatically correct but also contextually appropriate and

factually accurate[37].

1.6.3 Components of RAG

The components of RAG can be viewed in two main aspects: the Retrieval Mechanism

and the Generation Mechanism:

• The Retrieval Mechanism in RAG systems serves as the foundation for incorpo-

rating external knowledge into the generation process. This component retrieves

relevant information or context from a large knowledge source, such as a text

corpus or a knowledge graph, to guide the generation of coherent and contextu-

ally relevant text[34]. Various retrieval techniques have been employed in RAG

systems, ranging from simple keyword matching to more sophisticated informa-

tion retrieval methods, such as dense retrievers based on neural networks[38].

These retrieval mechanisms aim to select the most informative and contextu-

ally relevant knowledge for the generation task at hand, thereby enhancing the

quality and coherence of the generated text.

• The Generation Mechanism in RAG systems is responsible for producing text

based on the retrieved information and the input provided to the model[3]. This

component typically involves the use of large-scale language models, such as

GPT (Generative Pre-trained Transformer), which generate text autoregressively

based on the retrieved context and the model’s learned parameters[4]. The gen-

eration mechanism in RAG systems is trained to produce text that is not only
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grammatically correct but also coherent and contextually relevant to the re-

trieved knowledge[37]. By integrating the retrieval and generation mechanisms,

RAG systems are able to leverage both external knowledge and learned language

patterns to generate high-quality text across various NLP tasks.

1.6.4 Advantages of RAG

Improved Coherence and Relevance in Generated Text

Retrieval-Augmented Generation (RAG) significantly enhances the coherence and rel-

evance of generated text by leveraging external knowledge sources. Traditional lan-

guage models generate responses based solely on the information embedded in their

training data, which can lead to limitations in accuracy and contextual relevance. In

contrast, RAG combines retrieval mechanisms with generative capabilities, allowing

the model to fetch pertinent information from large-scale databases or the web in real-

time before generating responses[34]. This process ensures that the generated content

is not only contextually appropriate but also factually accurate and up-to-date.

Research indicates that incorporating a retrieval step improves the model’s ability

to maintain topic consistency over extended interactions, which is particularly bene-

ficial in applications like customer service and interactive dialogue systems[39]. For

instance, a RAG model can retrieve specific product details or policy information dur-

ing a customer support interaction, thereby providing precise and reliable answers

that enhance user satisfaction[38].

Mitigating Biases Through Informed Generation

Another significant advantage of RAG is its potential to mitigate biases present in lan-

guage models. Traditional language models are often trained on large datasets that in-

advertently contain various biases, which can lead to the generation of biased or harm-

ful content. By integrating a retrieval mechanism, RAG can access diverse and more

balanced external knowledge bases, which helps in counteracting these biases[40].

Studies have demonstrated that the retrieval component in RAG can be designed

to prioritize sources that are known for their balanced and fair perspectives, thus

providing a counterbalance to the biases embedded in the training data[41]. For ex-
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ample, when generating content related to socio-political topics, a RAG model can

retrieve information from reputable and diverse sources, thereby presenting a more

nuanced and equitable view[42].

Additionally, the retrieval process can be dynamically adjusted based on the con-

text of the query, ensuring that the most relevant and unbiased information is used

during generation. This adaptability is crucial in producing content that is both con-

textually appropriate and ethically sound[43][44].

1.6.5 Embeddings for RAG

Embeddings are a fundamental component in the RAG architecture, serving as a

bridge between the retrieval and generation processes. They transform textual data

into dense vector representations, which can be efficiently compared and processed by

machine learning algorithms. These vector representations capture semantic mean-

ings, allowing the model to identify and retrieve relevant passages from a vast knowl-

edge base[5].

In the context of RAG, embeddings enable the model to perform similarity searches

between the user’s query and potential information sources. When a query is input

into the system, it is encoded into an embedding vector. The retrieval mechanism

then searches for passages with similar embeddings, ensuring that the most contextu-

ally relevant information is retrieved to augment the language model’s generation[38].

This process enhances the relevance and coherence of the generated responses by

grounding them in factual and contextually appropriate information.

1.6.6 Sentence Transformers

Sentence Transformers are type of deep learning model that encode text or phrase into

high-dimensional vector representations,the model what apply sentence embeddings

which means its nummeric representation of sentences.

Sentence transformers main role is encoding both queries and passages in the RAG

framework. These models, based on transformer architectures, are designed to gener-

ate embeddings for entire sentences, capturing the contextual nuances and semantic

relationships within the text[45].
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In a RAG system, sentence transformers encode queries and candidate passages

into dense vectors in a shared embedding space. This shared space allows for efficient

and accurate similarity comparisons, facilitating the retrieval of the most relevant

passages to support the generative process[46]. By leveraging sentence transformers,

RAG models can handle complex queries and retrieve contextually rich information,

thereby improving the quality and relevance of the generated text[47].
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1.7 Conclusion

Large Language Models (LLMs) represent a significant advancement in natural lan-

guage processing, offering unprecedented capabilities and opening up a wide range

of potential applications. Throughout this chapter, we have explored the key aspects

of LLMs, their capabilities, and potential future directions.

LLMs have demonstrated remarkable proficiency across various language tasks,

including text generation, machine translation, summarization, question answering,

and code generation. They leverage massive parameter sizes and vast amounts of

training data to understand and generate human-like text with impressive accuracy.

The potential applications of LLMs span across numerous domains, including but

not limited to natural language processing tasks, chatbots and virtual assistants, ed-

ucation and research, content creation and marketing, and software development.

These models have the capability to automate tasks, enhance productivity, and rev-

olutionize how we interact with and process textual data.

Looking ahead, the future of LLM development holds exciting prospects. Ad-

vancements in model architectures, training techniques, and ethical guidelines will

shape the evolution of these models. Researchers are exploring techniques to improve

model efficiency, scalability, and interpretability while addressing challenges such as

bias, fairness, safety, and ethical considerations.

Furthermore, the integration of multimodal capabilities, combining text with other

modalities like images and audio, presents new avenues for LLMs to better under-

stand and generate content. Additionally, the development of more robust pre-training

methods and fine-tuning strategies will continue to enhance the performance and

adaptability of LLMs to specific tasks and domains.

In conclusion, LLMs have emerged as powerful tools in natural language process-

ing, with the potential to revolutionize various fields and industries. While significant

progress has been made, ongoing research and development efforts are essential to ad-

dress challenges and unlock the full potential of these models in the years to come.
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AI applications in medical field

2.1 Introduction

Artificial Intelligence (AI) has brought significant advancements across various indus-

tries, with the medical field experiencing some of the most transformative changes.

Among the array of AI technologies, Large Language Models (LLMs) have emerged as

pivotal tools in enhancing medical practice. These models, including GPT-4, leverage

vast amounts of data and sophisticated algorithms to process and generate human-

like text, thereby offering numerous applications in healthcare.

The purpose of this chapter is to explore the multifaceted applications of AI in

the medical field, with a particular focus on LLMs. We will examine how these mod-

els and other AI-driven technologies are reshaping telemedicine platforms, aiding in

medical diagnosis, and supporting clinical decision-making[48]. By analyzing spe-

cific use cases such as telemedicine, mobile health applications, machine learning al-

gorithms, and the role of LLMs in clinical and research settings, this chapter aims to

provide a comprehensive understanding of the current and potential impacts of AI on

healthcare.

From facilitating remote consultations and real-time patient monitoring to en-

hancing the accuracy of medical diagnoses and personalizing treatment plans, AI is

revolutionizing healthcare delivery. This chapter will delve into how these technolo-

gies improve patient outcomes, streamline clinical workflows, and foster advance-

ments in medical research, thereby contributing to more efficient and effective health-

care systems.
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2.2 Telemedicine Platforms

Telemedicine platforms leverage telecommunications technology to deliver health-

care remotely, enabling patients to access medical assistance from a distance. These

platforms encompass a variety of tools and technologies, including video conferenc-

ing, secure messaging and remote monitoring devices[49]. lets shed light on a few of

them:

2.2.1 Video Conferencing Tools

Video conferencing tools facilitate real-time communication between patients and

healthcare providers, allowing for virtual consultations and examinations. Platforms

such as Zoom, Skype for Business, and Cisco Webex have been widely adopted in

telemedicine due to their ease of use and robust features. Research has shown that

video consultations can effectively support various medical specialties, including pri-

mary care, mental health, and dermatology[50].

2.2.2 Secure Messaging Platforms

Secure messaging platforms enable asynchronous communication between patients

and healthcare providers, allowing for the exchange of text-based messages, images,

and documents. Examples include platforms like Spruce Health and Klara, which of-

fer HIPAA-compliant messaging solutions tailored for healthcare. Studies have demon-

strated the effectiveness of secure messaging in improving patient engagement, satis-

faction, and clinical outcomes[51].

2.2.3 Remote Monitoring Devices

Remote monitoring devices play a essential role in modern healthcare by allowing

the collection of patient data remotely and providing real-time health monitoring

and feedback. These devices, which include wearable fitness trackers, blood pres-

sure monitors, glucometers, and various sensors, enable continuous monitoring of

vital signs and health parameters outside of traditional clinical settings. Integration

of these devices into e-medical assistant systems enhances patient care by providing
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healthcare providers with timely and accurate data for informed decision-making and

personalized interventions[52].

Utilization of Blood Pressure Monitors

Blood pressure monitors are essential for managing hypertension and monitoring car-

diovascular health. With advancements in technology, portable blood pressure mon-

itors that can be worn or used at home have become increasingly available[53]. In-

tegration of these devices into e-medical assistant systems enables continuous moni-

toring of blood pressure levels, facilitating early detection of hypertension and timely

adjustments to treatment plans. Healthcare providers can remotely access blood pres-

sure data, track trends over time, and intervene promptly in case of abnormalities or

fluctuations(see Figure 2.1).

Figure 2.1: smart Blood Pressure Monitor

Incorporation of Glucometers for Diabetes Management

Glucometers are vital tools for individuals with diabetes to monitor blood glucose lev-

els regularly. Portable glucometers allow patients to perform self-monitoring of blood

glucose (SMBG) at home or on the go[54]. By integrating glucometers into e-medical

assistant systems, healthcare providers can remotely monitor patients’ blood sugar

levels, track glycemic control, and provide personalized guidance on medication dos-

ing, dietary adjustments, and lifestyle modifications. Timely access to glucose data

enables early detection of hypo- or hyperglycemic episodes and facilitates proactive

interventions to prevent complications.
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Figure 2.2: Smart Glucometer

Integration of Wearable Fitness Trackers

Wearable fitness trackers have gained popularity for their ability to monitor phys-

ical activity, sleep patterns, and other health-related metrics. These devices typ-

ically use sensors such as accelerometers, gyroscopes, and heart rate monitors to

collect data[55]. By integrating wearable fitness trackers into e-medical assistant

systems, healthcare providers can access real-time information on patients’ activity

levels, sleep quality, and exercise habits. This data can be used to assess overall

health status, track progress towards fitness goals, and identify potential issues such

as sedentary behavior or irregular sleep patterns.

Figure 2.3: Wearable Fitness Tracker
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Incorporating remote monitoring devices into e-medical assistant systems enhances

the delivery of healthcare services by enabling real-time health monitoring and feed-

back. Wearable fitness trackers, blood pressure monitors, and glucometers offer valu-

able insights into patients’ physical activity, cardiovascular health, and glycemic con-

trol, respectively. By leveraging these devices, healthcare providers can remotely as-

sess patients’ health status, track progress, and intervene promptly to optimize out-

comes.

2.2.4 Mobile Health (mHealth) Applications

Mobile health (mHealth) applications have gained significant attention in recent years

due to their potential to improve healthcare accessibility, efficiency, and patient en-

gagement. These apps, designed for smartphones and other mobile devices, offer

a diverse range of functionalities aimed at enhancing healthcare delivery, including

symptom tracking, medication management.here a close look at these applications:

• Symptom Tracking:

mHealth apps enable users to monitor and track their symptoms, providing

valuable data for both patients and healthcare providers. These apps often incor-

porate features such as symptom diaries, self-assessment tools, and personalized

health journals. For example, the study by Dennison et al.[56] highlights the ef-

fectiveness of mHealth apps in empowering patients to track symptoms related

to chronic conditions like diabetes and hypertension.
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Figure 2.4: Symptom Tracking

• Medication Reminders:

importance to medication regimens is a critical aspect of managing chronic dis-

eases and ensuring optimal treatment outcomes. mHealth apps offer medication

reminder functionalities, sending timely notifications and alerts to users to take

their medications as prescribed. Research by Thakkar et al.[57]demonstrates

the efficacy of medication reminder apps in improving medication adherence

among patients with chronic conditions.
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Figure 2.5: Medication Reminder

• Health Behavior Tracking:

Beyond symptom monitoring and medication management, mHealth apps also

support tracking of health behaviors such as physical activity, diet, and sleep

patterns. By collecting and analyzing user-generated data, these apps can pro-

vide insights into lifestyle factors that impact overall health and wellness. re-

search by Direito et al.[58] examines the role of mHealth apps in promoting

physical activity and healthy behavior changes among users.

as a conclusion,Telemedicine platforms expanding access to healthcare services,

particularly in underserved areas and during public health emergencies. By lever-

aging telecommunications technology, these platforms enable convenient and timely

delivery of medical assistance, improving patient outcomes and reducing healthcare

costs[59].

2.3 Artificial Intelligence (AI) Algorithms for Medical

Diagnosis

Artificial intelligence (AI) algorithms trained on medical data have revolutionized

medical diagnosis by enabling the analysis of vast amounts of patient data to assist

healthcare providers in diagnosing conditions, predicting outcomes, and recommend-

ing treatment plans[60].
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2.3.1 Machine Learning Algorithms:

Machine learning algorithms are commonly used in medical diagnosis due to their

ability to learn patterns and relationships from data. Support Vector Machines (SVMs),

Random Forests, and Neural Networks are among the most widely used machine

learning algorithms in healthcare[61].

Support Vector Machines (SVMs):

SVMs are supervised learning models used for classification and regression analysis.

They have been successfully applied in medical image analysis, such as tumor detec-

tion and classification in radiology[62].

Random Forests:

Random Forests are an ensemble learning method that operates by constructing a

multitude of decision trees during training and outputting the mode of the classes

(classification) or mean prediction (regression) of the individual trees. They have been

used in various medical applications, including predicting disease risk and diagnos-

ing conditions based on clinical data[63].

Neural Networks:

Neural networks, particularly deep learning architectures such as Convolutional Neu-

ral Networks (CNNs) and Recurrent Neural Networks (RNNs), have shown remark-

able performance in medical image analysis, natural language processing of clinical

text, and predictive modeling of patient outcomes[64].

2.3.2 Deep Learning Models:

Deep learning models, a subset of machine learning algorithms, have gained popu-

larity in medical diagnosis due to their ability to automatically learn features from

raw data without manual feature engineering. These models are particularly effec-

tive in tasks such as medical image analysis and electronic health record (EHR) data

processing[65].
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Convolutional Neural Networks (CNNs):

CNNs have been extensively used for medical image analysis, including the detection

and classification of abnormalities in radiology images such as X-rays, MRIs, and CT

scans[66].

Recurrent Neural Networks (RNNs):

RNNs are well-suited for sequential data processing and have been applied in tasks

such as predicting patient outcomes based on time-series clinical data and analyzing

electronic health records[67].

Integration into e-Medical Assistant Systems:

These AI algorithms can be integrated into e-medical assistant systems to provide de-

cision support for healthcare providers, assist in diagnosing conditions, and recom-

mend personalized treatment plans based on patient data[60]. By leveraging the ca-

pabilities of machine learning and deep learning models, e-medical assistant systems

can enhance the efficiency and accuracy of medical diagnosis in remote healthcare

settings

2.4 LLMs applications in medical feilds

2.4.1 Clinical Decision Support

Enhancing Accuracy and Speed of Diagnosis Large Language Models like GPT-4 rea-

soning has improve diagnostic processes. By analyzing vast amounts of medical lit-

erature and patient data, LLMs can provide clinicians with accurate and timely diag-

nostic suggestions. For example, LLMs can aid in identifying rare diseases by match-

ing patient symptoms with extensive medical databases, thereby reducing misdiag-

nosis and speeding up the diagnostic process[68]. Studies have shown that integrat-

ing LLMs into clinical workflows can score better diagnostic accuracy, particularly in

complex cases where traditional methods may stagnate [69].

Supporting Differential Diagnosis Processes where LLMs can offer a list of poten-

tial diagnoses based on patient symptoms and medical history, LLMs assist clinicians
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in considering many possibilities. This support helps in ruling out unlikely condi-

tions and focusing on the most probable diagnoses. LLMs utilize natural language

processing to interpret clinical notes and patient records, thereby ensuring that no

critical information is overlooked during the diagnostic process[70].

LLMs can contribute to the development of personalized treatment plans by an-

alyzing individual patient data, including genetic information, lifestyle, and comor-

bidities. These models can suggest tailored treatment options that are most likely to

be effective for specific patients. Personalized medicine, supported by LLMs, ensures

that treatment plans are not only based on general clinical guidelines but also cus-

tomized to meet the unique needs of each patient[71]. This approach has been shown

to enhance treatment efficacy and patient satisfaction[72].

2.4.2 Medical Research and Knowledge Discovery

Large Language Models (LLMs) have demonstrated exceptional capabilities in au-

tomating the process of literature review and summarization. These models can rapidly

analyze extensive medical literature, identify the most relevant studies, and provide

concise summaries of key findings[73]. This automation helps healthcare profession-

als stay up-to-date with the latest research without the need to manually sift through a

vast amount of information. By leveraging LLMs, clinicians can make more informed

decisions, improve patient care, and accelerate the translation of research into clinical

practice[65].

LLMs provide healthcare professionals are continuously informed about the latest

medical research. These models can be integrated into digital platforms or clinical

decision support systems to provide real-time updates on new studies, clinical trials,

and emerging treatments[74]. By delivering personalized research summaries and

recommendations based on the clinician’s area of specialization, LLMs help healthcare

professionals stay ahead of the curve and provide their patients with the most up-to-

date and evidence-based care[72].

another tasks LLMs can accelerate the drug discovery process by analyzing vast

amounts of data, including chemical structures, genomic information, and biological

mechanisms[75]. These models can identify promising drug candidates by recogniz-

ing patterns and relationships that may not be readily apparent to human researchers.
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This capability helps to the drug discovery pipeline, reducing the time and cost asso-

ciated with traditional methods[76].

Predicting Drug Interactions and Side Effects Predicting potential drug interac-

tions and side effects is a crucial aspect of drug development and patient safety. LLMs

can leverage their natural language processing abilities to analyze clinical trial data,

patient records, and scientific literature to anticipate possible adverse reactions and

drug-drug interactions[77]. By incorporating this information into the drug develop-

ment process, LLMs can help researchers and clinicians make more informed deci-

sions, leading to safer and more effective treatments[78].

2.5 Conclusion

The integration of Large Language Models (LLMs) in the medical field has the po-

tential to greatly enhance various aspects of healthcare delivery. LLMs offer a wide

range of applications, from improving clinical decision support systems to advanc-

ing telemedicine platforms, which can ultimately lead to better patient outcomes and

more efficient healthcare processes.

Telemedicine platforms, powered by LLMs, enable remote consultations and real-

time health monitoring, making healthcare more accessible, especially in underserved

areas. Through the use of video conferencing tools, secure messaging platforms, and

remote monitoring devices, continuous patient care and timely interventions can be

achieved. Mobile health applications further complement these efforts by allowing for

symptom tracking, medication reminders, and health behavior monitoring, thereby

promoting greater patient engagement and adherence to treatment plans.

Furthermore, the application of AI algorithms for medical diagnosis highlights the

transformative potential of LLMs. Machine learning models, such as Support Vector

Machines, Random Forests, and Neural Networks, have demonstrated their effective-

ness in diagnosing conditions and predicting patient outcomes. Deep learning mod-

els, particularly Convolutional Neural Networks, have shown remarkable success in

medical image analysis, opening up new possibilities for early detection and precise

treatment of diseases.

In summary, the adoption of LLMs in the medical field represents a significant ad-
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vancement in healthcare technology. By leveraging these models, healthcare providers

can improve diagnostic accuracy, streamline clinical workflows, and ultimately en-

hance patient care. As technology continues to evolve, the role of LLMs in medicine

is expected to expand, paving the way for more innovative solutions and improved

health outcomes.

34



Chapter 3

Theoretical Framework

3.1 Introduction

In the new era of healthcare, the accuracy and timeliness of diagnoses are crucial for

effective treatment and management of medical conditions. However, the diagnostic

process can be complex, especially in scenarios where symptoms present ambiguously

or overlap. Traditional diagnostic methodologies heavily rely on the expertise of med-

ical professionals, which is inherently bounded by individual knowledge and experi-

ence. These limitations can lead to misdiagnoses, delayed treatment, and suboptimal

patient outcomes.

To tackle this challenge, we introduce an AI-powered medical assistant that har-

nesses the capabilities of large language models (LLMs) to facilitate the diagnosis pro-

cess. LLMs, a class of artificial intelligence models, are trained on vast corpora of

textual data, enabling them to comprehend and do human-like missions. This allows

the medical assistant to engage in natural language conversations, understand user

queries, and provide relevant diagnostic information based on the provided symp-

toms and contextual cues.

The integration of AI-powered technologies, such as LLMs, in healthcare has the

potential to revolutionize the diagnostic process. By leveraging the vast knowledge

and processing capabilities of these models, the medical assistant can complement

and enhance the expertise of human medical professionals, leading to more accurate

and timely diagnoses, and ultimately, improved patient care
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3.2 System Requirements

To develop an effective medical AI assistant utilizing large language models (LLMs)

for medical diagnosis, several system requirements need to be met:

• Chatbot Interface Development: The core of the system is a chatbot that sim-

ulates doctor-patient interactions. This involves creating an intuitive and user-

friendly interface that can effectively interact with users, interpret their queries,

and provide accurate disease predictions.

• Personalization Engine: To enhance the user experience, the system must incor-

porate a personalization sets. This component try to collects relevant personal

details, such as medical history, age, gender, and other demographic information

if possible, to customize the diagnostic responses to the individual user. This en-

sures that the advice and predictions are as relevant and specific as possible.

• LLM Configuration and Control: Proper configuration and control of the LLM

are crucial to ensure the generation of relevant and context-appropriate responses.

This includes setting appropriate parameters, provide the model based with

medical data if availble, and implementing mechanisms to guide the model’s

outputs in line with medical standards and protocols.

• Input Preprocessing: To improve the accuracy and consistency of the diagno-

sis, user inputs must be preprocessed before being fed into the LLM. This in-

volves techniques for reformulating and standardizing queries, such as correct-

ing grammar, removing ambiguities, and ensuring clarity,breakdown query to

enhance the model’s understanding and response accuracy.

• Data Management: Efficient handling of the collected personal details and user

inputs is essential. The system must integrate and manage this data well, ensur-

ing it is readily accessible for personalized response generation while maintain-

ing data integrity and performance.

By addressing these system requirements, the medical AI assistant can deliver a reli-

able, personalized, and accurate diagnostic experience for users.
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3.3 Overvall architecture

The overview provides a conceptive description of the AI medical assistant system we

developed, detailing its core functionality and the interactions between the user and

the system. The system is designed as a conversational AI, leveraging large language

models (LLMs) to assist users in diagnosing medical conditions through an intuitive

and user-friendly interface.

The following use case diagram3.1 illustrates the interaction between the user and

the system Enhancement module within the AI medical assistant system:

• the system Enhancement module : This module serves as the central compo-

nent of our AI assistant. It is responsible for processing queries using various

methods, which can be adjusted based on the approach employed.Also he is de-

signed to be flexible, allowing for different query processing techniques to be

implemented as needed.It also has the capability to configure and manage large

language models (LLMs). This includes tasks such as adjusting model parame-

ters affecting performance,andintegration with other methods.

• Choose Method: The user begins by selecting the preferred method of interaction.

They can either enter a query directly or input their symptoms and personal

details for another method approach.

• Send Request: The user then sends a request or query to the system. This could be

a direct question about a medical condition or entered some additional details.

• Generate Diagnosis: Upon receiving the request, the system processes the infor-

mation and generates an appropriate response. This response generation is fa-

cilitated by the LLM, which uses DATAs retreived from the knowledge base and

provide a contextually accurate answer.

• Reformulate Query: the system enhancement module reformulate the user’s query

to better align with the available data or to clarify ambiguous information. This

ensures that the LLM can provide the most accurate and relevant response.

• Instruct LLM: The system enhancement module provides specific instructions to

the LLM, guiding it to generate a Diagnosis that adheres to the medical context

37



Chapter 3. Theoretical Framework

and user requirements.

The user initiates the Choose Method of Diagnosis and Send Health Description status

use cases, starting the interaction with the system. The system agent is actively in-

volved in the Reformulate Query and Instruct LLM use cases. The system enhancement

module role is crucial in ensuring that user queries are correctly interpreted and that

the LLM is properly guided to generate the response. The language model (LLM) per-

forms the Generate Diagnosis use case, producing the final output based on the system

enhancement module instructions.

The Send Health Description status use case extends to the Reformulate Query use

case, indicating that the system may need to reformulate the user’s query before it can

be processed effectively by LLM. The Reformulate Query use case extends to the Choose

Method of Diagnosisuse case, suggesting that if the query reformulation indicates a

different approach might be more suitable, the user may be prompted to choose a

different method. The Generate Response use case includes the Send Health Description

status use case, meaning that generating a response is contingent upon receiving and

understanding the user’s initial request.

This use case diagram3.1 encapsulates the core functionality of the AI medical

assistant system, highlighting the interactions and processes that ensure users receive

accurate and contextually relevant medical prediction . By structuring the system in

this manner, we ensure a seamless and efficient user experience, leveraging advanced

AI techniques to assist with medical diagnoses.
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Figure 3.1: Use Case Diagram of system interactions.

To further dissect the idea, we present two derived use case diagrams to show the

main differences between the two methods, as shown in Figure 3.2 and Figure3.3:

Enter Query and Enter Required Details. These use cases represent the two primary

ways in which users can interact with the AI medical assistant system.

The Enter Query use case involves the user directly entering a query or question

related to their medical condition. The system enhancement module processes this

query, then passes it to the LLM to generate a diagnosis.
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Figure 3.2: Native Diagnosis Use Case Diagram

The Enter Required Details use case ensures the user provides extra details about

their medical condition, which are added in Send Health Description. This use case

is designed to gather more detailed information by making the system enhancement

module perform the Process Required Details use case, which can help the system gen-

erate a more accurate diagnosis.
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Figure 3.3: Assisted Diagnosis Use Case Diagram

3.4 Details descriptions

The basic idea behind this is to develop an AI-medical assistant that can predict po-

tential diseases based on a user’s query or description of symptoms. Instead of directly

feeding the user’s query to a Large Language Model (LLM), this approath very simple

and efficiant.

We’re going to rely the Retrieval-Augmented Generation (RAG) technique, which

combines the power of retrieving relevant information from a knowledge base with

the language generation capabilities of LLMs. Here’s how it works:

• User Query: The user inputs their query or symptom description into the sys-

tem.

• Informations Retrieval: Based on the user’s query, we’ll use an information

retrieval system to fetch relevant medical knowledge as from a Vector database
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or knowledge base. This could include information about diseases, symptoms,

treatments, and other related medical data.

• Prompt Construction: Using the retrieved information, we’ll construct a con-

text or prompt that provides relevant background knowledge to the LLM. This

context will contain the essential information needed to understand and accu-

rately respond to the user’s query.

• LLM Generation: We’ll feed the constructed context or prompt into the LLM,

which will impact its language understanding capabilities and the provided con-

text to generate a response. In our case, the LLM will aim to predict potential

diseases or conditions based on the user’s symptoms and the relevant medical

knowledge.

By integrating the RAG in this approach, we’re essentially giving the LLM a fo-

cused and relevant source of knowledge, tailored specifically to the user’s query.

This way, the LLM can better understand the context and provide more accurate

and informed predictions, benefiting from the combination of retrieved medical

knowledge and its own language generation capabilities.

Now, let’s navigate through the intricacies of our two approaches:

3.4.1 Option 1: Native Diagnosis

The figure 3.4 illustrates our first approach, which relies solely on the language model’s

capability and user-provided context. This approach utilizes a Retrieval-Augmented

Generation (RAG) technique by preprocessing a dataset containing medical informa-

tion and setting it up as a vector database. The assistant initiates a conversational

dialogue with the user, prompting them to enter a description. It diligently collects

relevant symptoms and contextual nuances. Based on this input, the assistant gener-

ates a list of potential diseases or conditions, accompanied by succinct descriptions

and alignment indicators showcasing symptom congruence. To break down the work-

flow of the system, we present a map explaining it:

• 1. User Interaction: The user inputs a query describing symptoms or conditions.

• 2. Query Processing: The system sends the user’s query to an embedding model.

42



Chapter 3. Theoretical Framework

• 3. Embedding: The embedding model converts the query into an embedded

format.

• 4. Vector Database Retrieval: The embedded query is used to retrieve relevant

context from the vector database.

• 5. Contextual Enrichment: The retrieved context is combined with the original

query to provide comprehensive information.

• 6. Response Generation: A response is generated and sent back to the user,

offering potential diagnoses and relevant information.

Figure 3.4: Workflow Diagram of System Interactions case.N°1.

The assistant taps into the stored Vector Database to enhance its comprehension

and provide more precise diagnoses, epitomizing a synergy between cutting-edge AI

and robust medical knowledge bases.
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3.4.2 Option 2: Assisted Diagnosis

Contrary to the independent nature of Option 1, our second approach fuses external

APIs, which can also be considered a RAG approach to enhance our system. Particu-

larly, a symptom checker API is used to augment the diagnostic process. The assistant,

following a conversational paradigm, prompts the user to provide symptoms, gender,

and year of birth. Subsequently, leveraging the symptom checker API, the assistant

retrieves a collection of potential diagnoses adjusted to the user’s input.

Moreover, the assistant harnesses the API’s wealth of detailed health information

to enrich the diagnostic discourse, fostering a holistic understanding of the user’s

health profile. Much like Option 1, the dataset complements the API-integrated di-

agnoses, providing an augmented knowledge base to refine diagnostic recommenda-

tions. Here is figure 3.5 and the map explaining:

Figure 3.5: Workflow Diagram of System Interactions case.N°2.

• 1. User Interaction: The user inputs a query that describes their condition along

with personal information such as gender and year of birth.

• 2. Query Processing and API Call: The system processes the query and sends

it to the embedding model, and the personal information to a symptom checker

API.
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• 3. Embedding: The embedding model converts the query into an embedded

format for semantic search.

• 4. Vector Database Retrieval and API Response: The API returns a list of poten-

tial diagnoses and descriptions based on the user’s input, and relevant context is

retrieved from the vector database.

• 5. Contextual and API-Response Enrichment: The original query, API response,

and relevant context are combined and given to the LLM model.

• 6. Response Generation: A comprehensive response, breaking down the user’s

medical conditions with logical explanations, is generated by the LLM and sent

back to the user.

3.4.3 Datasets

a. WebMD Dataset

The WebMD Dataset consists of medical data sourced from WebMD, a popular on-

line resource for medical information. This dataset includes various types of medical

information such as symptom descriptions, conditions, medications,paitient-doctor

conversation and user reviews.it can be usead as medical knowledge The data is valu-

able for its comprehensive coverage of common medical conditions and treatments

[79].this data source are the main component to act like Vector Database for our ar-

chitectures.

3.5 Evaluation

Evaluating the performance of our chatbot is a critical step to ensure its reliability

and effectiveness in providing accurate medical diagnoses. The evaluation process

involves comparing the responses generated by the LLM model to real-world diag-

noses provided by medical professionals. This approach aims to measure how well

the chatbot can deliver correct diagnoses based on user-reported symptoms.

The primary goal of this evaluation is to determine the accuracy of our chatbot in

diagnosing medical conditions compared to actual medical outcomes. This involves
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analyzing and testing the chatbot’s responses to various user inputs and comparing

them to established medical diagnoses to see if the chatbot provides correct and rele-

vant information.

In addition to evaluating our custom chatbot, we also applied the same evaluation

process to GPT-3.5 to benchmark its performance against our chatbot. By calculating

the accuracy of diagnoses provided by GPT-3.5 and comparing it to our chatbot, we

aim to verify the improvements and effectiveness of our approach. This comparative

analysis helps in identifying the strengths and weaknesses of both models, providing a

comprehensive understanding of their diagnostic capabilities in real-world scenarios.

The key metric used to assess the chatbot’s performance is accuracy. Accuracy is

defined as the proportion of correct diagnoses made by the chatbot out of the total

number of cases evaluated. This metric provides a straightforward and quantifiable

measure of the chatbot’s diagnostic capabilities.

In our evaluation, we performed two methods: the first method involved using a cus-

tom criteria evaluator, and the other method involved calculating the semantic sim-

ilarity using the model ’dmis-lab/biobert-base-cased-v1.1’ on both the chatbot and

GPT-3.5 models.

3.5.1 Semantic Similarity

Semantic similarity measures how similar two pieces of text are in terms of meaning.

In the context of medical diagnosis, this involves comparing the generated responses

from the chatbot to the reference diagnoses to see how closely they match in terms of

meaning, rather than exact wording.

For this purpose, we used the model ’dmis-lab/biobert-base-cased-v1.1’, which is specif-

ically designed for biomedical text. This model helps in quantifying the semantic

similarity between the chatbot’s responses and the reference diagnoses. The higher

the semantic similarity score, the closer the chatbot’s response is to the actual medical

diagnosis in terms of meaning.

The procedure involves encoding both the chatbot’s response and the reference

diagnosis into vectors using the BioBERT model, and then calculating the cosine sim-

ilarity between these vectors. This similarity score is then used to assess the accuracy
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of the chatbot’s diagnosis in a more nuanced manner, capturing the semantic essence

of the responses.

3.5.2 LangChain String Evaluators

LangChain’s string evaluators are flexible tools designed to assess the quality of tex-

tual outputs generated by AI models. There are several types of string evaluators, such

as Exact-Match,embedding distance and question answering evaluators, each tailored

to different use cases, including chatbots [80].

The Exact-Match evaluator measures the degree to which the generated response matches

a predefined correct answer exactly. While this approach is useful for tasks requiring

precise answers, it may not be suitable for evaluating medical diagnoses, where mul-

tiple correct diagnoses might exist for a given set of symptoms.

The question answering evaluator assesses an AI model’s ability to provide accurate

and relevant answers to specific questions,this commonly used in testing RAG models

to evaluate the quality of the generated output by yhe AI or LLMs. However, this

type of evaluator might fall short in scenarios where the complexity and variability of

medical diagnoses require nuanced understanding and interpretation.

The criteria evaluator is used for a more nuanced evaluation by considering various

aspects of the generated responses, such as Conciseness, Coherence, Harmfulness, Ma-

liciousness, and Misogyny. However, this approach is not suitable for our methodol-

ogy of evaluation because these criteria assess the output from a general perspective,

rather than focusing specifically on whether the generated output is medically accu-

rate or relevant.

Due to these limitations, we employ a custom criteria evaluator to better suit our

needs for medical diagnosis evaluation.

Custom Criteria Evaluator

The custom criteria evaluator allows for a more focused and detailed assessment of

the chatbot’s diagnostic capabilities. This evaluator uses user-defined benchmarks

that address specific aspects of the generated text relevant to the use case. In our

context, these criteria include the accuracy of medical diagnoses, the appropriateness

of medical advice, and the clarity of the diagnosis provided.
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For our evaluation, we use a dataset containing queries with reference diagnoses. The

process involves providing the LLM model with these queries, generating responses,

and then comparing these responses to the reference diagnoses. The custom criteria

evaluation assigns values of Y (Yes) or N (No) and scores of 0 or 1 based on whether

the LLM model correctly predicts the diagnosis[80].

Here is an overview of the evaluation procedure as illustrated in Figure 3.6:

Figure 3.6: Evaluation Overview

[80]

The custom criteria evaluator systematically compares the AI-generated responses to

actual medical diagnoses, ensuring that the responses are not only accurate but also

clear, relevant, and useful to the user. This comprehensive evaluation helps maintain

a high standard of quality in the chatbot’s interactions.
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3.6 Conclusion

In this chapter, we have established a comprehensive theoretical look for the devel-

opment and evaluation of an AI-powered medical assistant aimed at enhancing the

diagnostic process in healthcare. The introduction underscored the critical need for

accurate and timely diagnoses and the inherent limitations of traditional methodolo-

gies. By leveraging large language models (LLMs), we propose an innovative solution

to complement and augment the expertise of medical professionals, thereby improv-

ing diagnostic accuracy and patient outcomes.

We detailed the essential system requirements necessary for implementing this AI

medical assistant, emphasizing the importance of a user-friendly chatbot interface,

a robust personalization engine, effective LLM configuration and control, thorough

input preprocessing, and efficient data management. These components are crucial to

creating a reliable and effective diagnostic tool.

The overall architecture of the system was described, highlighting the interac-

tions between users and the AI medical assistant through a conversational interface.

The use case diagrams illustrated the core functionalities and the flow of information

within the system, demonstrating how user queries are processed and translated into

accurate diagnostic responses.

Additionally, we introduced two primary approaches for diagnosis: the Native Di-

agnosis approach, which relies solely on the LLM’s capabilities, and the Assisted Di-

agnosis approach, which integrates external symptom checker APIs to enhance the

diagnostic process. By comparing these approaches, we aim to identify the most ef-

fective method for integrating AI into medical diagnostics.

Through the detailed descriptions of these approaches, particularly the applica-

tion of the Retrieval-Augmented Generation (RAG) technique, we have outlined how

the AI medical assistant can harness both the power of LLMs and external medical

knowledge to provide informed and contextually relevant diagnoses.

This theoretical framework sets the stage for the practical implementation and

evaluation of the proposed AI medical assistant. By addressing the identified system

requirements and carefully designing the architecture, we can develop a tool that not

only assists in medical diagnosis but also represents a significant step forward in the
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application of AI in healthcare.
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Chapter 4

Operational framework

4.1 Introduction

This chapter presents a detailed overview of the operational framework developed for

an advanced medical chatbot. It begins by introducing the various tools and environ-

ments used in the development process, such as Google Colab and Python libraries,

which provide the foundational infrastructure for coding and computation. The chap-

ter then delves into the specific frameworks and toolkits that power the chatbot’s ca-

pabilities, including LangChain, FastAPI, and Pinecone, highlighting their roles in

managing prompts, handling data, and facilitating model interactions. Additionally,

the integration of external APIs, such as ApiMedic, is discussed to showcase how the

chatbot can access and utilize extensive medical knowledge bases. Finally, the chapter

outlines the implementation details, from data preprocessing to user interaction, and

concludes with an evaluation of the chatbot’s performance, emphasizing the accuracy

and reliability of its diagnostic outputs.

4.2 Development Environment

Google Colab

Google Colaboratory, commonly known as Google Colab, is a free, cloud-based plat-

form that allows users to write and execute Python code in a web-based, Jupyter note-

book environment. It provides free access to computing resources, including GPUs,
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which makes it particularly useful for machine learning and data analysis tasks [81].

4.2.1 Python

Python is a high-level, interpreted programming language known for its simplicity

and readability. It supports multiple programming paradigms, including procedu-

ral, object-oriented, and functional programming. Python is widely used in various

domains such as web development, data science, artificial intelligence, and scientific

computing due to its extensive standard library and active community [82].One of the

main libraries that we used to reach our work is:

I. Transformers

The Transformers library, developed by Hugging Face, is a powerful library for nat-

ural language processing (NLP). It provides a unified interface for using pre-trained

models for various NLP tasks, such as text classification, question answering, and

language translation. The library supports a wide range of transformer architectures,

including BERT, GPT, and T5 [83].

II. Datasets

The Datasets library, also developed by Hugging Face, is a lightweight library for ac-

cessing and sharing datasets. It is designed to be efficient and easy to use, providing

tools for loading, preprocessing, and manipulating large datasets for machine learn-

ing and data science projects [84].

III. OpenAI

The OpenAI library provides a Python interface to OpenAI’s powerful language mod-

els, such as GPT-3 and GPT-4. It allows developers to integrate these models into

their applications for tasks like text generation, summarization, and translation. The

library simplifies the process of making API calls to OpenAI’s services [85].

ApiMedic API

The ApiMedic API provides a symptom checker and medical diagnosis service. It is

designed to be integrated into applications to provide users with information about

potential medical conditions based on their symptoms. The API leverages a com-

prehensive medical knowledge base and advanced algorithms to deliver accurate and
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reliable diagnostic informations [86].

Flutter

Flutter is an open-source UI software development toolkit created by Google. It is

used to develop cross-platform applications for mobile, web, and desktop from a sin-

gle codebase. Flutter’s framework includes a rich set of pre-designed widgets and

tools that enable developers to build visually attractive and performant applications

[87].

Frameworks and Toolkits

I. LangChain

LangChain is an open-source framework designed to facilitate the development of

applications powered by large language models (LLMs). Its primary goal is to sim-

plify the complex processes involved in integrating and utilizing language models,

providing a user-friendly interface and a robust set of tools.

LangChain offers advantanges features:

• Prompt Management: LangChain provides tools for managing prompts effec-

tively. It allows developers to create, store, and modify prompts easily, ensuring

that they can leverage the full potential of LLMs in various applications.

• Data Handling: The framework includes capabilities for seamless data integra-

tion and preprocessing. It supports different data formats and sources, enabling

developers to feed diverse datasets into their language models efficiently.

• Model Interaction: LangChain simplifies the interaction with multiple language

model providers. It abstracts the complexities of model API interactions, mak-

ing it straightforward to switch between or combine different models as needed.

• Customizability: The framework is highly customizable, allowing developers to

tailor its components to fit their specific use cases. This flexibility is particularly

beneficial for building specialized applications in areas like natural language

understanding, text generation, and conversational AI.
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• Integration: LangChain can be integrated with other popular frameworks and

tools in the machine learning ecosystem, such as TensorFlow, PyTorch, and Hug-

ging Face Transformers. This interoperability enhances its utility in diverse de-

velopment environments.

LangChain has gained traction in the developer community due to its ability to stream-

line the development process for language model-based applications. By providing a

comprehensive set of utilities and abstractions, it enables developers to focus on cre-

ating innovative solutions without getting bogged down by the intricacies of model

management and data processing.[88]

”LangChain is designed to make the development of language model ap-

plications easier, more productive, and more reliable.” — LangChain Doc-

umentation

.

Figure 4.1: Langchain Modules

[88]

II. FastAPI

FastAPI is a modern, fast (high-performance), web framework for building APIs with

Python 3.7+ based on standard Python type hints. It is designed to be easy to use and
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to provide high performance. FastAPI allows developers to quickly create robust and

efficient web APIs, with automatic generation of interactive API documentation [89].

III. Uvicorn

Uvicorn is a lightning-fast ASGI server implementation, using uvloop and http-

tools. It is designed to serve fast HTTP requests and support the development of

asynchronous web applications. Uvicorn is often used in conjunction with FastAPI to

provide a high-performance, production-ready web server [90].

IV. Pinecone

Pinecone is a scalable hybrid cloud storage system that combines the benefits of cloud

storage and local storage to provide efficient and reliable data storage. It is designed

to address the challenges of large-scale data management, including data growth, het-

erogeneous storage environments, and the need for high performance and availability[91].

4.3 Implementation Details

4.3.1 Chatbot Implementation

The core component of our system is a conversational AI chatbot powered by Ope-

nAI’s ChatGPT model. The implementation of the chatbot involves the following

steps:

a. Data Preprocessing

We begin by loading a dataset containing medical questions and answers from Hug-

gingface platform. The preprocess text function is applied to clean and preprocess

the text data, removing specific substrings and replacing them with appropriate de-

limiters.

b. Sentence Embedding

To convert the text data into numerical representations suitable for vector similar-

ity operations, we employ the Sentence Transformer model. Specifically, we utilize
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the ”sentence-transformers/all-MiniLM-L6-v2” model, which generates dense vector

embeddings for the DATAs in the dataset.

c. Vector Database Setup

After generating the embeddings, we set up a vector database using Pinecone, a vector

database service. We establish a connection to the Pinecone API and create an index

named ”medical source Knowlegde” to store our data. The dataset is then batched

and uploaded to the Pinecone index, associating each row with its corresponding em-

bedding vector and metadata.

d. Vector Search and Retrieval

To test the vector database retrieval, we define a sample query string, encode it us-

ing the Sentence Transformer model, and perform a vector similarity search on the

Pinecone index. The top-k most similar results are retrieved, along with their corre-

sponding scores and contexts.

e. Conversational Integration

We integrate the OpenAI ChatGPT model to assist with diagnosis based on the re-

trieved medical information from the vector database. After setting up the OpenAI

API key and creating a ChatOpenAI instance with desired parameters, we initialize

a conversation with the ChatGPT model, providing it with instructions to act as an

AI-assisted doctor and diagnose the patient’s symptoms based on the provided infor-

mation.

f. Query Processing and Response Generation

For each user query, we retrieve relevant medical information from the vector database

by encoding the query and performing a vector similarity search. We then construct

an augmented prompt that includes the retrieved medical information and the user’s

query. This augmented prompt is sent to the ChatGPT model, which generates a di-

agnosis response based on the provided information and its own knowledge.
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The integration of the vector database and the conversational AI model allows our

chatbot to leverage both external medical knowledge sources and its own language

understanding capabilities to provide accurate and informative diagnoses tailored to

the user’s input.

4.3.2 Symptom Checker API Integration

To enhance the capabilities of our chatbot and provide more accurate and informative

medical diagnoses, we integrated a third-componnent symptom checker API. This

API offers a range of functionalities, including retrieving a list of available symptoms,

obtaining potential diagnoses based on the provided symptoms and user information,

and retrieving detailed information about specific health issues.

The integration process involved several steps:

a. API Setup and Authentication

We first established a connection with the symptom checker API by configuring the

necessary API endpoints and credentials. This included setting up the authentication

process, which involved generating a secure hash using the provided API key and

secret key, and obtaining an authentication token.

b. Retrieving Symptoms and Diagnosis

With the authenticated connection, we implemented functions to retrieve a list of

available symptoms from the API. Additionally, we developed a function to obtain

potential diagnoses based on the user’s input, which included their specified symp-

toms (represented as IDs), gender, and year of birth.

c. Retrieving Issue Information

To provide more detailed information about the predicted diagnoses, we implemented

a function that retrieves comprehensive details about specific health issues by sending

requests to the API’s issue information endpoint with the corresponding issue ID.
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d. User Interaction and Diagnosis Output

In the main program flow, we first obtained an authentication token from the API.

Then, we prompted the user to enter their gender, year of birth, and a comma-separated

list of symptoms they are experiencing. We mapped the user-entered symptom names

to their respective IDs using the list of available symptoms retrieved from the API.

e. Diagnosis Prediction and Output

With the user’s symptoms, gender, and year of birth, we called the diagnosis function

to obtain a list of potential diagnoses from the API. Finally, we presented the predicted

diagnoses to the user, along with their descriptions, by iterating over the diagnosis list

and retrieving the issue information for each predicted diagnosis.

By integrating the symptom checker API, our chatbot can leverage the power of a spe-

cialized medical knowledge base to provide more accurate and informative diagnoses

based on the user’s input. This integration enhances the overall functionality and re-

liability of our chatbot, making it a more valuable resource for users seeking medical

advice or information.

By combining the implementation details of the chatbot and the symptom checker

API integration, we have developed a helpful system that can assist users in diagnos-

ing potential health issues based on their reported symptoms and provide relevant

medical information to support the diagnosis.

4.4 Graphical User interface

to make a gui for the user to help him use in easy way our chatbot,First we truned our

chatbot to a Fastapi app who splitted into endpoints URIs who expect a request JSON

from user and he reply also with JSON , after that we develloped interfaces using

Flutter-SDK,then we connected the Flutter Dart code to the Fastapi server, here the

breakingdown of the app interfaces discussing the possible interactions of the User :
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I. Login interface

Figure 4.2: Login Interface

The login interface is the first screen the user encounters. It features a simple design,

creating a welcoming atmosphere. The user is expected to enter their username and

password in dedicated input fields. A blue ”Login” button is prominently displayed

for user authentication.The authentication interface of our web application serves as

the initial point of interaction for users to access the system.

II. Method of diagnosis selection interface

This interface presents the user with two options for diagnosis: Assisted Diagnosis

and Native Diagnosis. The interface is visually appealing.The user can choose their

preferred method by tapping on the corresponding button.
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Figure 4.3: Method Selection Interface

III. Assisted Diagnosis interface

This interface guides the user through a step-by-step diagnosis process. It starts by

asking the user to provide basic information like gender, Yearofbirth and symptoms

as we see in the Figure4.4. The user can search for symptoms using a search bar and

select from a list of options(figure4.5). The interface also force the user to enter their

year of birth and describe their condition in detail. A blue ”Submit” button allows the

user to proceed with the diagnosis.
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Figure 4.4: Assisted Diagnosis Interface

Figure 4.5: Selecting symptoms Tags
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IV. Native Diagnosis interface

This interface allows the user to directly input their symptoms and receive a diagnosis.

It features a simple design with a doctor and medical tools in the background. The

user is prompted to enter their description in a text field. Buttons for Cancel and Send

are provided for user interaction.

Figure 4.6: Native Diagnosis Interface

V. Conversation interface

This interface shown in Figure4.7 facilitates a conversational interaction between the

user and the chatbot. The user can input their query in a text field and send it using

a ”Send” button. The chatbot’s response is displayed in a separate area, providing in-

formation and guidance. The interface features a visual representation of the chatbot,

enhancing the user experience. The user can ask follow-up questions or provide more
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information to refine the conversation.

Figure 4.7: Conversation Interface

4.5 Evaluation

In the evaluation process and implementation, we apply the evaluation exclusively to

the native diagnosis. The assisted diagnosis method wasn’t applicable to the evalua-

tion process and methods :

4.5.1 Results and Discussions

In this section, we present the results of our evaluation methods to assess the diagnos-

tic accuracy of our chatbot compared to GPT-3.5-turbo. The evaluation comprises two

methods: custom criteria evaluation and semantic similarity analysis. Both methods
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applied the same dataset of 120 queries to ensure a consistent and fair comparison.

The outcomes of these evaluations are discussed in detail below:

a) First Method

The first evaluation method involved calculating the semantic similarity between the

responses generated by the chatbot and GPT-3.5-turbo against the reference diag-

noses. Semantic similarity was computed using the ’dmis-lab/biobert-base-cased-

v1.1’ model, which is tailored for biomedical text.

For this evaluation, we considered a cosine similarity score threshold of 0.6. Scores

above this threshold were deemed as similar, indicating a correct diagnosis. The ac-

curacy was then computed based on the proportion of responses that met or exceeded

this similarity threshold.

The accuracy scores obtained from the semantic similarity evaluation are pre-

sented in Table 4.1:

Model Accuracy

Chatbot 73%

GPT-3.5-turbo 42%

Table 4.1: Accuracy scores based on Semantic Similarity for Chatbot and GPT-3.5-

turbo

The results indicate that our chatbot achieved a semantic similarity-based accu-

racy of 73%, while GPT-3.5-turbo scored 42%. This demonstrates that our chatbot

not only performs better in custom criteria evaluations but also in terms of semantic

similarity to reference diagnoses. The significant improvement in accuracy highlights

the effectiveness of our approach in providing accurate medical diagnoses, capturing

the semantic essence of medical responses more effectively than GPT-3.5-turbo.

b) Second Method

In our evaluation, we performed custom criteria evaluation using 120 queries on both

our chatbot and GPT-3.5. For this evaluation, we employed Anthropic Claude 3 Haiku

as the judge, as it is known for its superior reasoning capabilities among free models.

Each response generated by the LLM models was compared to the reference diagnoses,
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and the custom criteria evaluation assigned values of Y (Yes) or N (No) and scores of

0 or 1 based on the accuracy of the predictions. The use of Claude 3 Haiku model as

the judge ensures a high standard of reasoning and fairness in the evaluation process.

Additionally, we set the parameter temperature = 0 to sharpen the reasoning task.This

approach try to cover the manual phase in Method 1 to do auto-evaluations processes.

The accuracy scores obtained from the evaluation are presented in Table 4.2:

Model Accuracy

Chatbot 73.4375%

GPT-3.5-turbo 41.8803%

Table 4.2: Accuracy scores of Chatbot and GPT-3.5-turbo

The results clearly demonstrate that our custom chatbot significantly outperforms

GPT-3.5-turbo in diagnostic accuracy. Our chatbot achieved an impressive accuracy

rate of 73.44%, compared to GPT-3.5-turbo’s accuracy of 41.88%. This substantial dif-

ference of 31.56% highlights the effectiveness of our approach in delivering accurate

medical diagnoses.

This superior performance can be attributed to the precise configuration of the

large language model (LLM) parameters. By fine-tuning settings such as tempera-

ture, top-p, and frequency-penaltyand more, we optimized the model for integration

with Retrieval-Augmented Generation (RAG) techniques. This careful adjustment of

parameters ensured that our chatbot could provide more reliable and accurate diag-

nostic results.

To further understand the diagnostic accuracy, we analyzed the number of correct

diagnoses identified by both methods. The outcomes are summarized as follows:

• Number of correct diagnoses by both the chatbot and GPT-3.5: 38

• Number of correct diagnoses by the chatbot but not by GPT-3.5: 49

• Number of correct diagnoses by GPT-3.5 but not by the chatbot: 11

While our chatbot significantly outperforms GPT-3.5-turbo overall, providing a

higher number of unique correct diagnoses,there were 31 false prediction in diagno-

sis more specifically 11 cases where GPT-3.5-turbo made correct diagnoses that the
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chatbot did not. These discrepancies can be attributed to certain limitations in our

chatbot’s model, such as potential gaps in its retrieved data, less optimal handling

of ambiguous queries, or differences in how model interprets and prioritizes medical

information. Understanding these limitations provides valuable insights for future

improvements to enhance the chatbot’s diagnostic accuracy.

4.6 Conclusion

In summary, this chapter has outlined the development and implementation of a com-

prehensive operational framework for an advanced medical chatbot. Leveraging a

combination of cutting-edge technologies, including large language models, cloud-

based environments, and specialized APIs, the framework ensures high accuracy and

user-friendly interaction. The integration of detailed evaluation methods and custom

criteria has demonstrated the chatbot’s superior performance in diagnostic accuracy

compared to other models. This robust setup highlights the potential for future im-

provements and broader applications in medical diagnostics and other domains.
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General Conclusion

The thesis presents a comprehensive study on the design and development of a medi-

cal assistant application that leverages large language models (LLMs) to revolutionize

healthcare services. The primary objective is to create an intelligent system that assists

healthcare professionals and patients by facilitating large language models conversa-

tions, answering queries, and providing personalized healthcare recommendations.

The research explore into the capabilities of cutting-edge language models, show-

casing their potential to transform healthcare delivery significantly. It emphasizes

three critical areas: the system architecture, the data processing techniques employed,

and the integration of domain-specific medical knowledge. By meticulously address-

ing these aspects, the thesis provides a robust framework for developing a medical

assistant that is both efficient and reliable.

A significant portion of the work is dedicated to the evaluation and testing of the

medical assistant. Rigorous assessments, including tests on real-world clinical scenar-

ios, are conducted to demonstrate the system’s effectiveness in enhancing healthcare

outcomes. These evaluations are crucial as they validate the assistant’s capabilities,

ensuring that it meets the high standards required in the medical field. The results

underscore the assistant’s potential to positively impact healthcare by improving di-

agnostic accuracy, facilitating better patient management, and providing timely and

relevant medical information.

The thesis also explores the challenges associated with deploying LLMs in health-

care applications. These include issues related to data quality and availability, accu-

racy and reliability of the models, and the need for transparency and interpretability

in their decision-making processes. Addressing these challenges is essential for the

successful integration of LLMs into healthcare, ensuring that the technology is both

safe and effective for clinical use.
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In conclusion, this research highlights the transformative potential of large lan-

guage models in the healthcare domain. By leveraging it advanced natural language

processing capabilities, the medical assistant developed in this study offers a promis-

ing solution to several pressing challenges in healthcare. It aims to enhance healthcare

delivery, improve patient care, and provide accessible, personalized healthcare infor-

mation. The work underscores the significance of integrating artificial intelligence

into healthcare systems, paving the way for more innovative and efficient healthcare

solutions in the future.

Transformers, introduced by Vaswani et al.[4], have emerged as a prominent ar-

chitecture for LLMs due to their parallelization capabilities and effectiveness in cap-

turing long-range dependencies in text. The self-attention mechanism employed in

transformers allows the model to weigh the importance of different words in a se-

quence, facilitating better contextual understanding[9].
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