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Abstract
The current research presents Dawitech, a sizable linguistic model fashioned to upgrade the artificial

fintelligence capacity with regard to generative modalities especially in medical field. Through passive
feedback from patients and other more advanced self-learning mechanisms that it employs.
Dawitech ensures continuous improvement leading to offering highly reliable and individualized
health support. Real-time GPS tracking is part of its core features for patient surveillance and
situations when emergency response is needed, together with resourceful tools meant to be used

both in managing pre-treatment phase as well as post-treatment phases. The large language model
has its primary goal set on changing the way healthcare services are delivered by providing intelligent
location-based help that understands the context of situation and also establishing an effective
channel of communication between patients and their healthcare providers.

Key words : Generative Al , Large Language Model (LLM) , Transfer learning, Deep learning.

Résumé
La recherche actuelle présente Dawitech, un modele linguistique important congu pour améliorer la

capacité de l'intelligence artificielle en ce qui concerne les modalités génératives, en particulier dans
le domaine médical. Grace au retour d'information passif des patients et a d'autres mécanismes
d'auto-apprentissage plus avancés qu'il emploie. Dawitech assure une amélioration continue qui lui
permet d'offrir un soutien sanitaire tres fiable et individualisé. Le suivi GPS en temps réel fait partie
de ses principales caractéristiques pour la surveillance des patients et les situations ol une réponse
d'urgence est nécessaire, ainsi que des outils ingénieux destinés a étre utilisés a la fois dans la gestion
de la phase de pré-traitement et dans les phases de post-traitement. L'objectif principal de ce
modele de langage étendu est de changer la maniére dont les services de santé sont fournis en
apportant une aide intelligente basée sur la localisation qui comprend le contexte de la situation et
len établissant un canal de communication efficace entre les patients et leurs prestataires de soins de
santé.

Mots clés : IA générative, Large Language Model (LLM), Apprentissage par transfert, Deep learning.




ACKNOWLEDGEMENT

In the name of Allah, the Most Gracious, the Most Merciful. Praise be to Allah,
Lord of all creation. He is capable of everything and has allowed us to study this
topic. Let us thank Him for guiding us through this work and giving us strength in

times when we were weak.

We would also like to thank our supervisors, Bouarara hadj ahmed and zerrouki
kadda, for their help that proved to be very useful. Their expertise and mentorship

have been instrumental in shaping the direction of our work.

We are indebted to our families for their unwavering love and encouragement. Their
support has been a source of strength and motivation.Our colleagues and friends de-
serve gratitude for their encouragement and moral support. Their companionship
has enriched our journey. We also thank the reviewers and editors for their feedback,

which improved the quality of this dissertation.

Finally, we acknowledge the blessings of Allah upon us and express gratitude for

His guidance throughout our academic journey.

July 2024



Contents

List of Figures 9
List of Tables 11
Introduction 1
Context . . . . . . e 1
Motivation and problematic . . . . . . . . ... .. ... ... 2
Research Goals and Objectives . . . . . .. .. ... ... ... .. .... 3

1 Generative and General AI 5
1.1 Introduction: . . . . . . . ... 5
1.2 Generative AL: . . . . ... 5

1.2.1  How does generative Al work? . . . . . ... ... ... .... 7
1.2.2  What are use cases for generative AI7 . . . . . ... ... ... 8
1.2.3  Conceptualization . . . . . . . ... ... ... .. 9
1.2.4 TImplications . . . . . . . . .. ... 10
1.2.5  What are the benefits of generative AI? . . . . . . . ... ... 12
1.2.6 What are the limitations of generative AI? . . . . . .. .. .. 13
1.3 General AL: . . . . . . .. 14
1.31 Coreof AGL . . . . . . . . . 16



1.4

2 The
2.1
2.2

2.3
24

2.5

1.3.2  AGI in the Modern Era: The Development of Large Language

Models . . . . . . . o 19
1.3.3 Benefits of General AI: . . . . ... ... ... ... .. .... 21
1.3.4 Limitations of General AT . . . . ... ... ... .. ..... 22
Conclusion: . . . . .. ... 24
Role Of Digital Health Care Startups 25
Introduction . . . . . ... 25
Telemedicine and Remote Care . . . . . ... ... ... ... .... 27
2.2.1 Artificial Intelligence and Machine Learning . . . . . . . . .. 28
2.2.2  Data Analytics and Genomics . . . . . . . ... ... ... .. 29
2.2.3  Wearable Technology and Internet of Things (IoT) . . .. .. 29
2.2.4 Investment and Funding . . . . . ... ... ... 30
2.2.5  Cultural Differences . . . . . . . . .. ... 30
2.2.6 Regulatory Landscape . . . .. ... ... ... .. ..... 31
Business Models and Market Strategies . . . . . . .. ... ... ... 32
Future Trends of Digital Health . . . . . .. ... ... ... .. ... 33
2.4.1 Several key trends are shaping the future . . . . . . .. . . .. 33
2.4.2 Al and Machine Learning . . . . ... .. ... ... .. ... 34
2.4.3 Telemedicine 2.0 . . . . .. ... Lo 34
2.4.4 Virtual Reality in Healthcare . . . . . .. ... ... .. ... 35
2.4.5 Genomics and Precision Medicine . . . . . ... ... ... .. 36
2.4.6  Connected Medical Devices and IoT. . . . .. ... ... ... 36
Challenges and Opportunities . . . . . . . ... ... ... ... ... 37
2.5.1 Regulatory Barriers . . . . . .. .. ..o 38
2.5.2  Reimbursement and Adoption . . . . ... ... .. ... ... 39



3

2.5.3 Interoperability and Data Integration . . . . . . .. .. .. .. 39

2.5.4  Privacy and Security Concerns . . . . . . . . . ... ... ... 40
2.6 Funding and Scalability . . .. . .. ... ... 0. 41
2.6.1 Streamlining Regulatory Processes . . . . ... .. ... ... 43
2.6.2 Developing Reimbursement Models . . . . . . ... ... ... 43
2.6.3 Prioritizing Interoperability . . . . . . ... ..o 44
2.6.4 Implementing Robust Data Protection Measures . . . . . . . . 44
2.6.5 Securing Strategic Partnerships . . . . . . ... ... ... .. 44
2.7 Conclusion . . . . . .. . 45
DawiTech 46
3.1 Introduction . . . . . . . ... 46
3.2 General System Architecture . . . . . ... ... L. 47
3.3 Home . . . . . 48
3.3.1 Overview . . . . . ... 48
3.3.2 Feature . . . ... 48
3.4 Services . ... .. 48
3.4.1 Immediate suggestions: . . . . . . . . .. ... L. 49
3.4.2 Remote health monitoring: . . . . . . ... ... .. ... ... 49
3.4.3 Active health management: . . . . ... ... .. ....... 50
3.5 Parctices . . . . ... 51
3.5.1 What youshoulddo: . . . ... .. ... ... .. ... .... 51
3.5.2 Youshould avoid: . . . . .. ..o o1
3.6 About Us . . . . . . . .. 52
3.6.1 Our teamwork: . . . . ... ... 52
3.6.2 Front-end Developer: . . . . . . .. ... L. 52



3.8

3.9

3.10

3.11

3.6.4 Backend Developer: . . . . . ... o000 53
Account . . . .. 54
3.7.1 SignlIn: ... 54
3.7.2 Create anew account: . . . . . ... ... ... ... 54
3.7.3 Login and User Dashboard: . . .. .. ... ... ... .... 55
3.7.4 GPS Capabilities in the Premium Plan . . . . . .. . ... .. 59
Model interface . . . . . . . ..o 63
3.8.1 Detection of brain tumors: . . . . .. .. ... 63
3.8.2  Skin disease testing: . . . . ... ... 63
3.8.3 Malaria detector: . . . . .. ..o 63
3.84 Upload page: . . . . . . . . . 64
Deep Learning Model for Brain Tumor Detection . . . . . .. . . .. 65
3.9.1 Data Preparation . . . . . ... .. ... ... ... 65
3.92 Modelresult . . ... ... Lo 68
3.9.3 Training and Validation Performance . . . . . .. .. ... .. 68
3.94 Discussion . . . . ... 69
Deep Learning Model for Malaria . . . . ... ... .. ... .. ... 7
3.10.1 Data Directory Structure . . . . . . . ... ... 7
3.10.2 Image Dimensions. . . . . . . . . .. .. .. .. 78
3.10.3 Model result . . . . .. ..o 78
Deep Learning Model for Derma diseases . . . . . . . . .. ... ... 89
3.11.1 Data Preparation . . . . . . .. ... ... ... ... ... .. 89
3.11.2 Model result . . . . . . . . ..o 91
3.11.3 Training and Validation Performance . . . . . . .. .. .. .. 91
3.11.4 Understanding the Confusion Matrix . . . . .. ... ... .. 100

7



3.12 Chatbot interface . . . . . . . . . . 104

3.12.1 Chatbot characteristic . . . . . . .. ... ... ... ... .. 107
3.12.2 Self-Learning Capabilities of Dawitech Chatbot . . . . . . .. 114
3.12.3 Voice Interaction with GPT-40mni in Dawitech Chatbot . . . 118
3.13 Dawitech’s RAG Chatbot . . . . .. ... ... ... ... ...... 120

3.13.1 Improving Dawitech with Retrieval-Augmented Generation (RAG)124

3.14 Datasets . . . . . . . 127
3.14.1 Brain tumor dataset . . . . . . . . ... .. 127

3.14.2 Malaria detector dataset . . . . . . . . .. ... ... 136

3.14.3 Derma diseases dataset . . . . . . . . ... ... .. 147

3.15 Conclusion . . . . . . . . 158
General conclusion 159
Bibliography 161



List of Figures

1.1 Generative AT [44] . . . . .. .. 6
1.2 A model-, system-, and application-level view on generative AI [2] . . 10
1.3 Overview of the AGI study in education [31] . . . ... ... ... .. 14
1.4 A microscopic view of AGI Core [15] . . . .. ... ... ... .... 16
1.5 A High-level Perspective: Artificial General Intelligence; Characteris-

tics, Disciplines and applications [34] . . . . . ... .. ... ... .. 20
3.1 DawiTech General Architecture. . . . . . . . .. ... ... ... ... 47
3.2 HomePage . . . .. . . . .. 49
3.3 Services Page . . . ... 50
3.4 Practices Page . . . . . ... Lo 52
3.5 About UsPage . . ... ... ... .. ... ... 53
3.6 Subscription plan (Part 1) . . . . . ... ... 56
3.7 Subscription plan (Part 2) . . . ... ... oL 57
3.8 Models Page . . . . . . . .. 64
3.9 upload page . . . . . . . 64
3.10 Training and Validation Performance . . . . . . . .. ... ... ... 68
3.11 Model Accuracy . . . . . . . .. 70
3.12 Model loss . . . . . . . . 71



3.13
3.14
3.15
3.16
3.17
3.18
3.19
3.20
3.21
3.22
3.23
3.24
3.25
3.26
3.27

3.28
3.29
3.30
3.31
3.32
3.33
3.34
3.35
3.36
3.37

Confusion Matrix . . . . . . . . . 73

Model Performance Metrics . . . . . . . .. ... ... ... 78
Model Accuracy . . . . . . . .o 81
Model loss . . . . . . . . o 81
Confusion Matrix . . . . . . . . ... o 86
Model Performance Metrics . . . . . . . .. ... ... ... 88
Training and validation accuracy . . . . .. .. .. ... ... .... 94
Training and validation loss . . . . . . . ... .. ... ... .. ... 95
Confusion matrix . . . . . . . . ... 100
Chatbot interface . . . . . . . . . ... 104
Key Specifications . . . . . . .. .. .. oo 108
Training Details and Carbon Footprint . . . . . . ... ... ... .. 108
Performance Benchmarks . . . . . ... .. ... ... 109
DawiTech Prompt . . . . . . . . . . ... ... ... ... ....... 111

Architecture of Dawitech’s Retrieval-Augmented Generation (RAG)

Chatbot . . . . . . . . 122
Brain tumour dataset description . . . . . ... ... 127
Distribution of dataset BD-BrainTumor Dataset . . . . . . .. .. .. 128
Brain-tumor-detection Dataset Description . . . . . . . .. .. .. .. 128
Architectural Diagram of Model . . . . . . . .. ... ... ... .. 129
Distribution of dataset Brain-tumor-detection . . . . . .. ... ... 130
Brain-mri-images-for-brain-tumor-detection Dataset Description . . . 131

Distribution of dataset Brain-MRI-images-for-brain-tumor-detection . 131

Augmented Images from The Dataset(Tumor : Yes) . . . . . . .. .. 133
Augmented Images from The Dataset(Tumor : No) . . . ... .. .. 134
Augmented Images from The Dataset(Augmented Images) . . . . . . 134

10



3.38 Algorithme 1 . . . . . . . . ... 135
3.39 Classification Results after completion of testing and training . . . . . 145
3.40 Classification Results after completion of testing and training . . . . . 145

3.41 Some dermoscopy image samples of nevus, seborrheic keratosis, and

melanoma . . ... .. 148
3.42 A view of the customized CNN artichecture. . . . . . . . . . .. ... 150
3.43 Proposed transfer learning to Customize CNN . . . . . . .. ... .. 151

List of Tables

3.1 Modelresult . . . . ... 68
3.2 Classification Report . . . . . . . . . . . .. ... ... ... ..... 71
3.3 Model Performance . . . . . . ... ... oo 78
3.4 Classification Report . . . . . . . ... ... 82
3.5 Model Performance Metrics . . . . .. ... ... ... ... ... .. 91
3.6 Classification Report . . . . . . . . .. ... ... .. .. 95

11



Introduction

Context

Medicine requires a trustworthy chatbot that would be able to support patients and
healthcare staff effectively, so developing an advanced chatbot is the focus of this
study. The approach towards this sophisticated chatbot involves the utilization of
cutting-edge computational methods such as deep learning algorithms; this would see
us make use of latest natural language processing models— like GPT-2 and BERT.
Our main goal is to come up with a complete medical chatbot solution aimed at

helping patients and healthcare providers.

A system that exchanges vital medical information plus support solutions and
insights would offer valuable contributions to those who use it. Our goal is to make
sure that the health care delivery systems are efficient, the people can easily access
health information, and generally the patients are satisfied with the services they

receive.



Motivation and problematic

The field of health care is advancing at a rapid pace and the new inventions in this
sector can only mean more thrilling advancements on the front of artificial intelligence
technology. The combination of deep learning and natural language processing which
include models like AT Engine and BERT has taken the functionalities of medical

chatbots to a whole new level.

The reason why these chatbots are now considered a very valuable asset for the
health sector is because they are capable of processing large quantities of sophisti-
cated medical data and that too with very high precision. In relation to symptoms,
patient history plus medical literature, through understanding patterns and interre-
lationships among these elements, medical chatbots can come up with a full diagnosis

as well as treatment proposals.

RNNs and CNNs are what power these sophisticated medical chatbots two ex-
amples of deep learning algorithms. With the help of these algorithms, chatbots can
make sense of intricately woven health narratives that constitute the bulk of data
they receive, Towards enabling care that is more precise and personalized: medical
chatbots have access to an enormous knowledge base which allows them to be aware
of the most recent medical research findings, clinical guidelines, and treatment pro-
tocols; consequently they are always up-to-date. This enables them to offer reliable,
evidence-based information both to patients as well as other health care professionals

with whom they may be working closely.

The blending of Al technology into healthcare has made considerable contribu-

tions to the recipients of care and providers. Medical chatbots come in handy in of-



fering quick access to medical information through a conversation. This ensures that
patients can receive initial assessments, accurate diagnoses, and recommendations
for treatment without necessarily visiting health facilities. On their part, healthcare
providers find these intelligent chatbots useful in managing their workflows better
which ultimately leads to enhanced effectiveness; triage support is an added advan-
tage provided by such systems that can be very valuable especially when dealing with
emergencies. In a nutshell, when you consider integrating deep learning and natural
language processing models into such intelligent systems as the medical chatbots are
revolutionizing, then you definitely see a redefined healthcare characterized not only

by accessibility but also efficiency and precision.

Research Goals and Objectives

The central aim of this study is the creation and assessment of innovative computa-
tion techniques for medical chatbots. The advanced methods involve deep learning
algorithms as well as natural language processing approaches. This research has

specific aims:

e The special characteristics of the health domain like the complexity of med-
ical information, patient data privacy and reliability and accuracy of health

recommendations.

e The chatbot can be able to come up with appropriate responses to medi-
cal queries by adopting a sophisticated deep learning algorithm like Convo-

lutional Neural Networks (CNN) together with Transformer models which in-



clude BERT, introduced in an innovative way for effective and context-sensitive

understanding.

The study aims at evaluating the efficacy of natural language processing meth-
ods such as named entity recognition, entity linking, and semantic analysis.
These techniques are used to extract pertinent medical details from both user

queries and electronic health records.

An innovative model is under development. It will integrate deep learning with
the aforementioned natural language processing strategies. By doing this, the
medical chatbot can deliver customized and scientifically grounded medical
counsel, perform patient triage, and help in determining suitable healthcare

suggestions.

The end goal of the study is simple. The aim is to make medical chatbots
smarter in such a way that they are able to offer right and timely health
care details to the users. The chatbot, through sophisticated computational
techniques, can play a role in positive patient results which will also lead to

greater reachability of healthcare as well as efficient healthcare system.



Chapter 1

Generative and General Al

1.1 Introduction:

The field of Artificial Intelligence (AT) is broad and constantly evolving, characterized
by two distinct subfields Generative Al and General Al each designed for specific

purposes. Let’s explore what distinguishes them:

Definition

1.2 Generative Al:

Generative artificial intelligence (AI) is able to produce new content like text, images,

or music by detecting patterns in the data it has been exposed to. When generative
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Al is based on large language models (LLMs), it means training on massive amounts
of text data and using AI models that have a huge number of parameters. An
example of such a Generative Al system using LLMs is ChatGPT (General Pretrained
Transformers), which is widely known in this domain. OpenAl was the developer
who brought version 3.5 into existence in November 2022, later updated to GPT-4

(version 4.0) in March 2023 and awaited a future near release of version 5.

Artificial intelligence

Systems that mimic human competences, including simple rule-based systems

Machine learning
Data-driven training of models

Deep learning
Utilizing deep neural network layers

Generative Al
Generating flexible output for new content

Figure 1.1: Generative AT [44]

Figurel.l illustrates the terminology within the overarching concept of Al. The
term Al was coined by McCarthy in the 1950s [44] and describes a system that can
mimic human behaviour. This can be realised via expert-driven rule-based systems or
by data-driven training via machine learning. . The latter is capable of accomplishing
classification tasks based on predetermined categories and features, e.g.recognising
patterns in data that have previously been labelled by an expert on a training data
set. Deep learning architectures are a specific subtype of machine learning that
utilise an artificial neural network design characterised by an input layer for data

intake, multiple hidden layers of data analyses, and finally an output layer that



characterises the original data according to either a predetermined classification task
or outlines freshly identified patterns in data that have not yet been identified by
the human observer. While classical supervised machine or deep learning requires
labelled training data and provides a reduced fixed output like a numerical prediction
(e.g. “this patient with hepatocellular carcinoma will benefit from immunotherapy
with 90% certainty”), unsupervised neural networks do not require labelled data
and are able to detect previously unknown patterns in data. An important recent
advance has been semisupervised generative Al, which is trained on unlabelled data
and then fine-tuned for specific supervised tasks. It can create more complex output
based on input prompts and — in its most advanced version — may generate entirely
new data contexts. For instance, ChatGPT utilises transformer neural networks,
which are pre-trained on unlabelled large text corpora to acquire a comprehensive
understanding of language patterns. At this stage it is called a large language model
or LLM. The model is then further fine-tuned in order to answer user prompts. The
principal approach of pre-training and fine-tuning can be adapted for different tasks
beyond text data. For instance, new realistic images can be generated based on user

prompts, as showcased by Dall-E, another creation of OpenAlI[32]

1.2.1 How does generative AI work?

The process of generative Al involves a machine learning model that learns patterns
and connections within a dataset without any direct supervision. It later uses the
identified patterns in generating new content from the knowledge acquired during
the learning process. The typical approach for teaching such an ML model is to

give it some data samples with input features alone and let it learn to mimic how



similar systems would generate output from the given inputs. For example, if we
are creating a music composing Al system, we would feed it many songs with only
musical notes as input (without any lyrics) and allow the Al to learn patterns on

how musical notes should be played to come up with a nice melody.

1.2.2 What are use cases for generative AI?

Generative Al can be applied in various use cases to generate virtually any kind of
content. The technology is becoming more accessible to users of all kinds thanks to
cutting-edge breakthroughs like GPT that can be tuned for different applications[29]

Some of the use cases for generative Al include the following:

e Implementing chatbots for customer service and technical support.

e Deploying deepfakes for mimicking people or even specific individuals.

e Improving dubbing for movies and educational content in different languages.
e Writing email responses, dating profiles, resumes and term papers.

e Creating photo realistic art in a particular style.

e Improving product demonstration videos.

e Suggesting new drug compounds to test.

e Designing physical products and buildings.

e Writing music in a specific style or tone.



1.2.3 Conceptualization

Mathematical Principles of Generative Al:

Generative Al is primarily based on generative modeling, which has distinctive math-
ematical differences from discriminative modeling (Ng and Jordan 2001) often used
in data-driven decision support. In general, discriminative modeling tries to separate
data points X into different classes Y by learning decision boundaries between them

(e.g., in classification tasks with Y € {0, 1}).

In contrast to that, generative modeling aims to infer some actual data distribu-
tion. Examples can be the joint probability distribution P(X, Y) of both the inputs
and the outputs or P(Y), but where Y is typically from some high-dimensional space.
By doing so, a generative model offers the ability to produce new synthetic samples
(e.g., generate new observation-target-pairs (X, Y) or new observations X given a
target value Y) (Bishop 2006). Generative Al involves modeling instantiated with
machine learning architectures like deep neural networks, enabling the creation of
new data samples [2] A generative Al system encompasses infrastructure compo-
nents such as data processing and user interfaces, with the model as its core. Gen-
erative Al applications, like SEO content generation and code generation, address
real world challenges and drive innovation across domains.Figurel.2 provides a sys-
tematic overview of generative Al across various data modalities and perspectives,

detailed in subsequent sections.



Output
Modality (Selection)

Text
Generation

Image/Video
Generation

Speech/Music
Generation

Code
Generation

Model

level

Underlying Al model for
different data modalities
(e.q., image, text, code)

X-to-text models, e.g.,
GPT-4 and LLaMA 2

X-to-image models,
e.g., Stable Diffusion
and DALL-E 2

X-to-music/speech
models, e.g., MusicLM
and VALL-E

X-to-code models, e.g.,
Codex and AlphaCode

Embedding model
functionality to provide
interface for interaction

Conversational agents
and search engines, e.g.,
ChatGPT and YouChat

Image/video generation
systems and bots, e.g.,
Runway and Midjourney

Speech generation
systems, e.g., ElevenLabs

Programming code
generation systems,
e.g., GitHub Copilot

Application
level

Solving dedicated
business problems
and stakeholder needs

Content generation (e.g.,
SEO and customer service)
Translation and text
summarization

Synthetic product and
advertising visuals
Educational content

Al music generation
Text-to-speech
generation (e.g., news,
product tutorials, etc.)

Software development
Code synthesis, review,
and documentation

Figure 1.2: A model-, system-, and application-level view on generative Al [2]

1.2.4 Implications

Implications for scientific activities

While ChatGPT can accelerate the writing process one has to be concerned regarding

fabricated output and amplification of bias. An illustrative example of artificial hal-

lucination in academic writing appears when asking ChatGPT to provide literature

sources for scientific statements or one of its generated answers. Provided sources

are often fabricated with nonexisting titles or PubMed IDs.
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Therefore, literature review and citing remains a critical part of scientific writ-
ing, which should be done manually and could still be supported by other existing
interpretable I'T tools. If a significant amount of an author’s text is generated via
an LLM, this should be mentioned as a further note or acknowledgment of the exact
LLM version. It will depend on the editorial policies of each publisher to specify
what a significant amount means. The future will show if or to what degree LLM

use is acceptable for scientific conferences or journals.

For instance, while the Science Journal [7]and the International Conference for
Machine Learning [34] have recently published a ban on submissions using Chat-
GPT or other LLMs, many other Journals are currently considering updates to their

editorial policies.

In our opinion, LLMs are here to stay, as their aforementioned benefits and
growing use cannot be disregarded. Caution must be exercised as for any emerging

technology

Implications for healthcare

LLMs have enormous potential for improving communication in health care in various
ways. If appropriately trained and validated, such models may excel at patient
education due to their unparalleled ability to provide varying degrees of medical

information to patients in an interactive and iterative manner.

This feature may significantly improve access to care and allow for improved re-
source utilisation with respect to the interactions between patients and healthcare

professionals. While LLMs may never replace the doctor-patient relationship, if prop-
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erly trained, sub-specialised LLMs have the potential to become capable extenders
of physicians, particularly for under-served populations. From providing a reader’s
digest or “simple language” summaries of the most recently published research re-
sults and disease management guidelines, towards assisting patients with gathering
information on upcoming procedures, diagnosed conditions or management of pre-

scriptions — the possibilities are broad.

For physicians, LLMs may potentially play the role of a digital interpreter and
interlocutor between increasingly complex electronic medical record systems, as well
as enabling enhanced workflows related to note writing, report dictation, data ex-

traction and input.

LLMs may quickly become the bridge, interpreting complex or lengthy sub spe-
cialty reports e.g. from pathology or radiology for patients and general practitioners,
easing the linguistic barriers and providing language at the level requested by the

end user.

1.2.5 What are the benefits of generative AI?

Generative Al can be applied extensively across many areas of the business. It can
make it easier to interpret and understand existing content and automatically create
new content. Developers are exploring ways that generative Al can improve existing

workflows [29]

Some of the potential benefits of implementing generative Al include the follow-

ing:

e Automating the manual process of writing content

12



Reducing the effort of responding to emails.

Improving the response to specific technical queries.

Creating realistic representations of people.

e Summarizing complex information into a coherent narrative.

Simplifying the process of creating content in a particular style.

1.2.6 What are the limitations of generative AI?

Here are some of the limitations to consider when implementing or using a generative

ATl app:

It does not always identify the source of content.

It can be challenging to assess the bias of original sources.

Realistic-sounding content makes it harder to identify inaccurate information.

It can be difficult to understand how to tune for new circumstances.

Results can gloss over bias, prejudice and hatred.
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1.3 General Al:

General Al also known as Artificial General Intelligence (AGI) usually refers to

machine intelligence that possesses human-like cognitive abilities [28] For instance,

an AGI agent shall be capable of understanding, learning, and carrying out any

intellectual work that a human person is capable of AGI systems mimic humans’

general-purpose problem solving abilities
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Figure 1.3: Overview of the AGI study in education [31]
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The ability of AGI systems to function autonomously, making judgments and
conducting actions without the need for ongoing human supervision, is one of these
features. Thanks to this degree of autonomy, AGI may work well in complicated,
dynamic situations, enabling it to adjust to unforeseen conditions . AGI may solve
problems and carry out activities in multiple domains without being restricted to
a single area of competence by accumulating information and abilities in a general-

purpose manner.

AGI is further distinguished by its ability to change and grow in response to new

knowledge and evolving circumstances.

AGI systems can change their behavior and can experience this adaptability.
Lastly, goal orientation is another characteristic of AGI systems that allows them to

set and pursue goals while performing actions to achieve desired results.

Researchers are still exploring the creation of intelligent Al systems as they work
to overcome the ongoing problem of AGI. Large language models (e.g., ChatGPT and
GPT-4) recently performed remarkably in language understanding, generation, and
reasoning, demonstrating more general intelligence than previous Al models. There-
fore, many researchers consider these large language models preliminary versions of

AGI systems.

15



1.3.1 Core of AGI

AGI is based on several fundamental ideas and processes that try to imitate general
human intelligence in machines. These principles provide the foundation for creating
AGI systems that can autonomously gather and process knowledge, reason, and
adapt to new tasks and obstacles, which span several facets of cognition, learning,

and decision-making.
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Cognitive Learning and
Architectures Adaptation

- / AGI\ I

-
l" ‘Natural Language \Dre% Multl model Leammg
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Natural Language Planning and
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Figure 1.4: A microscopic view of AGI Core [15]
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Figurel.4 provides a pictorial view of AGI’s core with related nodes

Cognitive architectures:

Designing cognitive architectures, which offer a comprehensive framework for inte-
grating various cognitive processes and modules, such as perception, memory, learn-
ing, and reasoning, is one method for creating AGI systems. AGI systems can operate
similarly to human minds thanks to these architectures, which seek to instantiate

human cognition’s fundamental structure and principles in computational models.

Knowledge representation and reasoning:

One of the core components of AGI is the capacity to represent and manipulate
knowledge. AGI systems must be able to store information about the outside world,
use that information to reason about it to draw inferences and conclusions and update
their knowledge based on new information and experiences. Various formalisms and
methods have been proposed for representing and using knowledge in AGI systems,

including logic, probabilistic models, semantic networks, and knowledge graphs

Learning and adaptation:

AGI systems must possess the capacity for experience-based learning and task-
specific adaptation. Furthermore, AGI systems can learn, modify their behavior,
and improve their performance using various power tools and methods made possi-
ble by machine learning algorithms like deep learning, reinforcement learning, and

unsupervised learning [16]
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Planning and decision-making:

For AGI systems to accomplish their objectives and navigate challenging circum-
stances, they need to be able to plan and make decisions. With tools like search,
optimization, and game-theoretic methods, planning and decision-making issues can
be modeled and resolved, enabling AGI systems to create and carry out plans that

maximize their goals.

Natural language understanding and generation:

AGI systems must comprehend and produce human languages to communicate with
humans and process knowledge similar to that of humans. AGI systems can be
given the ability to comprehend and produce text and voice using natural language
processing techniques, such as syntactic, semantic, and discourse analysis. This will

improve communication and collaboration with human users.

Multimodal learning and inference:

Real-world scenarios usually involve observations in multiple modalities, such as
text, image, video, audio, etc. Exploiting rich information from multimodal data is

essential in building AGI.
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1.3.2 AGI in the Modern Era: The Development of Large

Language Models

AGT’s general-purpose character and capacity for adaptation to various tasks and
obstacles underpin its broad range of applications and areas. AGI systems may
learn, reason, and make judgments across different domains, which enables them to
be deployed in various situations and sectors. AGI systems are not constrained to
specific fields or skill areas. The ChatGPT built on the GPT architecture, is one well-
known example of a system gradually moving towards AGI [5] .ChatGPT exhibits

unique abilities in natural language comprehension, inference, and generation.

It demonstrates verbal proficiency suggesting a step towards AGI by engaging
in context-aware, human-like conversations and producing clear, educational, and

pertinent responses.

The versatility of large language models (LLMs) like GPT-4 in the natural lan-
guage domain makes them particularly interesting. These jobs include, among oth-
ers, text summarization, machine translation, problem-solving, sentiment analysis,

question-answering, and creative writing.

As they can swiftly adjust to new tasks and obstacles in their domains without
needing task-specific training, LLMs exhibit adaptability more akin to AGI systems

than narrow Al.

Creating LLMs (e.g., GPT-4) has educational consequences because these models
can support instructors, students, and administrators in various educational scenar-

ios. LLMs, for instance, can be used to create intelligent tutoring systems, offer
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feedback on student performance, produce educational content, and promote peer-

to-peer learning and cooperation.

One may pick a few examples from the work of [34] As researcher work to enhance
ATl systems’ general purpose learning and reasoning capabilities, the application of

AGI in education and other fields is steadily growing.
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Figure 1.5: A High-level Perspective: Artificial General Intelligence; Characteristics,
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1.3.3 Benefits of General Al:

General Al has the potential to revolutionize many aspects of our lives Here are some

key benefits:

Enhanced Efficiency and Productivity:

Al can automate tasks, analyze data faster, and optimize processes, leading to sig-

nificant gains in efficiency and productivity across various industries.

Improved Decision-Making:

Al systems can analyze vast amounts of data to identify patterns and trends that
humans might miss. This can lead to better-informed decisions in areas like finance,

healthcare, and business strategy.

Scientific Advancement:

AT can assist in scientific research [35] by analyzing complex data, simulating experi-
ments, and formulating new hypotheses. This can accelerate breakthroughs in fields

like medicine, materials science, and climate change.

Innovation and Creativity:

Al can be a powerful tool for generating new ideas and fostering creativity. It can

be used to design new products, develop new materials, and create novel forms of
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art and entertainment.

Improved Quality of Life:

AT can be used to develop solutions to many of the world’s most pressing challenges,
such as poverty, hunger, and disease. It can also be used to create personalized

experiences in areas like education, healthcare, and entertainment.

1.3.4 Limitations of General Al

Despite its potential benefits [30] general Al also faces significant limitations:

Lack of Common Sense Reasoning:

Current Al systems often struggle with common sense reasoning, which is the abil-
ity to apply general knowledge to new situations. This can limit their ability to

understand complex problems and make sound judgments in the real world.

Black Box Problem:

In some cases, Al systems can be opaque, making it difficult to understand how they

arrive at their decisions. This can raise concerns about accountability and bias.
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Ethical Considerations:

As Al becomes more sophisticated, ethical considerations become paramount. We
need to ensure that Al systems are developed and used in a responsible and ethical

manner that benefits all of humanity.

Job displacement:

Concerns exist that Al could automate many jobs currently performed by humans,

leading to unemployment and economic disruption.

Safety and Security:

There are potential safety risks associated with advanced Al, such as the possibility
of autonomous weapons systems or Al systems that could be hacked and used for

malicious purposes.
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1.4 Conclusion:

Generative Al involves creating new content, images, or data using algorithmic ma-
chine learning. On the other hand, General Al aims to develop machines with intel-
ligence comparable to humans. This includes the ability to understand information
and adapt in different areas; while Generative Al focuses more narrowly, General Al
represents the peak point of artificial intelligence that imitates human capabilities
(or even surpasses them). A realization of such an ambitious goal would introduce
significant technical and ethical challenges: striving for achieving parity with human

abilities or exceeding it.
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Chapter 2

The Role Of Digital Health Care
Startups

2.1 Introduction

The field of healthcare is evolving and significantly so, thanks to the digitalization
that makes it even more tech-savvy than ever before. Digital health defined as
the application of information and communication technologies in the delivery of
healthcare services, including public health stands out as one of the major trend

lines.

A significant factor fueling digital health evolution is the appearance of digital
health startups entities newly established with creative business frameworks aimed

at addressing distinct issues in the field of healthcare.

In the revolution of innovation that seeks to supersede and eliminate any vestiges
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of the old, stale traditional health care system are digital health startups taking a
pivotal role introducing novel solutions that could be effective in elevating patient
outcomes, improving effectiveness and cost control. The startup realm is harnessing
state-of-the-art technologies including artificial intelligence (AI), machine learning,
telemedicine, virtual reality (VR), and data analytics to respond to different chal-
lenges of healthcare delivery systems and disease control as well as engaging patients

at large.

This section aims to discuss the effect of digital health startups within healthcare
at large. We will take a look at how it is done: by looking into the transformation
of healthcare into a digital system, studying the picture of digital health startups in
various countries, identifying future trends and noting the challenges plus opportu-
nities available for these young companies. Moreover, we will take care to address
discussions on issues surrounding regulations and policies related to digital health
startups that are likely to foster innovation in this area. Let me explain how the three
factors drive it: The digital transformation of the healthcare system is being driven
by three primary sources: digital companies entering the healthcare industry (”Dig-
ital Gone Healthcare”), healthcare enterprises embracing digitization (”Healthcare

Gone Digital”), and startups introducing new digital business models.

Rinsche[39] identifies five degrees of digital transformation in healthcare:

e Digitization of analog content (e.g., information on websites, digital data stor-

age)

e Bilateral communication between senders and receivers (e.g., email, messaging

tools)
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e Digital processing of manually or digitally entered data

e Communication and data exchange between connected systems (e.g., medical

devices and electronic health records)

e Deep learning and intelligent algorithms that process incoming data and adapt

to new patterns

The evolution of healthcare in the digital age is brought about by numerous forces,
notably the escalation of the need for healthcare services most significantly among
populations in countries like Germany where more than one-third are expected to be

65 years or older by 2060 due to aging. [39]

Furthermore, the rising uptake of digital technologies among patients irrespective
of their age brackets including seniors is also steering the demand for computerized

health care services.

2.2 Telemedicine and Remote Care

One key area of digital transformation is the rise of telemedicine. Telemedicine
allows healthcare professionals to evaluate, diagnose, and treat patients remotely
using telecommunications technology. This has proven to be especially valuable dur-
ing the COVID-19 pandemic, where the need for remote healthcare services surged
[22]. Telemedicine platforms like Teladoc Health and Amwell have gained popularity,
providing services ranging from virtual consultations to remote monitoring. These
platforms are not only convenient but also help reduce the burden on healthcare fa-

cilities by managing non-urgent cases remotely. Telemedicine has expanded beyond
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basic video consultations to include a variety of remote services such as telepathol-
ogy, teledermatology, and telemental health. This expansion has enabled healthcare
providers to offer specialized services to patients in remote or underserved areas,
improving access to care and reducing disparities in healthcare delivery. For ex-
ample, teledermatology platforms allow dermatologists to evaluate skin conditions
through high-resolution images submitted by patients, providing timely diagnoses

and treatment recommendations without the need for in-person visits.

2.2.1 Artificial Intelligence and Machine Learning

Artificial intelligence (AI) and machine learning are playing an increasingly signifi-
cant role in healthcare. AI algorithms can analyze large datasets to identify patterns
and insights that human analysts might miss. For example, Al can help in diagnos-
ing diseases from medical imaging, predicting patient outcomes based on historical
data, and personalizing treatment plans based on individual patient characteristics
[10]. Companies like Zebra Medical Vision and PathAT are leveraging Al to improve

diagnostic accuracy and efficiency.

AT is also being used to enhance clinical decision support systems (CDSS), which
provide healthcare professionals with evidence-based recommendations to guide di-
agnosis and treatment. By integrating Al into CDSS, these systems can continuously
learn from new data, improving their accuracy and relevance over time. This inte-
gration helps clinicians make more informed decisions, reducing the risk of errors and

improving patient outcomes.
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2.2.2 Data Analytics and Genomics

Data analytics and genomics are also at the forefront of the digital health trans-
formation. The integration of big data analytics and genomic sequencing can drive
personalized medicine and more targeted therapies based on an individual’s genetic
profile. Genomic data can reveal susceptibilities to certain diseases, which allows for
preventive measures and tailored treatment strategies [8]. Companies like 23andMe
and Color Genomics are making significant strides in bringing genomic testing to the

consumer market.

The combination of genomic data with other health information, such as elec-
tronic health records (EHRs) and lifestyle data, creates a comprehensive view of a
patient’s health. This holistic approach enables healthcare providers to identify cor-
relations between genetic variations and health outcomes, leading to more precise
diagnoses and treatments. For example, pharmacogenomics studies how genetic dif-
ferences affect an individual’s response to medications, allowing for the selection of

drugs and dosages that are most effective and least likely to cause adverse reactions.

2.2.3 Wearable Technology and Internet of Things (IoT)

Wearable technology and the Internet of Things (IoT) are revolutionizing the way
health data is collected and utilized. Wearable devices such as smartwatches and
fitness trackers can monitor vital signs, physical activity, and other health metrics
in real-time. These devices provide continuous health monitoring and can alert
users and healthcare providers to potential health issues before they become critical.

Companies like Fitbit and Apple are leading the market with their health-focused
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wearables.

The integration of wearables with IoT technology enables the creation of con-
nected health ecosystems where data from multiple devices is aggregated and ana-
lyzed to provide comprehensive insights into a patient’s health. For example, con-
nected glucose monitors can transmit blood sugar readings to a smartphone app,
which then analyzes the data and provides personalized recommendations to man-
age diabetes. This real-time monitoring and feedback loop empower patients to take

proactive steps in managing their health [19].

2.2.4 Investment and Funding

In the first quarter of 2016 alone, over $1.8 billion in venture capital funds were raised
for digital health startups in the United States, reflecting the significant investment
interest in this sector [47]. The availability of funding is a crucial factor for the
growth and success of startups. In the U.S., venture capitalists are more willing
to invest in high-risk, high-reward startups, which drives innovation and accelerates
growth. In contrast, the funding landscape in Germany is more conservative, with a

preference for stable and less risky investments.

2.2.5 Cultural Differences

The cultural differences between the two countries play a role in how digital health is
perceived and adopted. While German physicians tend to view digital applications as

potential risks for patients, American doctors are more open to adapting innovations

30



to drive medical progress . This openness to innovation in the U.S. is reflected in

the faster adoption rates of new digital health technologies and services.

German healthcare providers often emphasize the importance of evidence-based

practices and thorough validation of new technologies before adoption.

This cautious approach can slow the integration of digital health solutions but
ensures that new interventions are safe and effective. In contrast, the U.S. healthcare
system is more flexible and willing to experiment with new technologies, allowing for

quicker adoption and iteration.

2.2.6 Regulatory Landscape

The regulatory landscape presents another challenge. In the United States, digital
health startups must navigate the FDA’s complex approval process, which includes
the 510(k) premarket notification for medical devices. Similarly, in Germany and the
broader European Union, startups must comply with the Medical Device Regulation
(MDR) and obtain a CE mark to ensure their products meet EU safety, health, and
environmental protection requirements. These regulatory requirements are essential
for ensuring the safety and efficacy of medical products but can also be a significant

barrier for startups with limited resources.

The FDA has introduced several initiatives to streamline the regulatory process
for digital health products, including the Digital Health Software Pre certification
(Pre-Cert) Program. This program aims to create a more efficient regulatory frame-
work by focusing on the software developer’s quality management processes rather

than the individual products. Similar efforts are being made in the EU to support
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the development of innovative medical technologies while maintaining rigorous safety

standards [11].

2.3 Business Models and Market Strategies

One of the main challenges for digital health startups in both countries is develop-
ing sustainable business models and identifying who will pay for their services. In
Germany, where healthcare services are typically covered by statutory health insur-
ance (SHI), the willingness of individuals to pay additional fees for digital health
services is limited . Consequently, many German digital health startups operate in
the consumer-oriented business-to-consumer (B2C) market, focusing on areas such
as health monitoring and tracking. In contrast, U.S. startups often explore a vari-
ety of business models, including business-to-business (B2B) and direct-to-consumer
(DTC) approaches, and may also target niche markets such as chronic disease man-

agement or mental health.

To succeed in these markets, startups must demonstrate the value of their solu-
tions to various stakeholders, including patients, healthcare providers, and payers.
This involves providing evidence of improved health outcomes, cost savings, and
enhanced efficiency. Startups can also explore alternative revenue models, such as
subscription-based services, freemium models, and partnerships with healthcare or-
ganizations to diversify their income streams and reduce dependence on traditional

reimbursement mechanisms.
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2.4 Future Trends of Digital Health

Digital health is expected to set the pace for the development and deployment of

new medical applications and transform healthcare markets worldwide [6].

2.4.1 Several key trends are shaping the future

e Artificial Intelligence (AI) and Machine Learning: Al and machine
learning algorithms can enhance the understanding of diseases and patient be-
havior, leading to improved diagnosis, treatment, and population health man-

agement.

e Telemedicine 2.0: Advanced telemedicine solutions that go beyond basic
video consultations, offering more comprehensive remote monitoring and care

delivery.

e Virtual Reality (VR): VR technology can be applied in areas such as surgical
training, patient education, and even therapeutic interventions for conditions

like anxiety and pain management.

e Data Analytics and Genomics/Sequencing: The integration of big data
analytics and genomic sequencing can drive personalized medicine and more

targeted therapies based on an individual’s genetic profile.

e Digital Medical Devices: The development of connected medical devices
and wearables that can continuously monitor patient data and provide real-

time insights to healthcare providers.
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2.4.2 Al and Machine Learning

AT and machine learning continue to be at the forefront of digital health innovation.
These technologies are being used to develop predictive models that can anticipate
patient needs and streamline clinical workflows. For instance, Al-powered chatbots
are being used to triage patient symptoms and provide preliminary diagnoses, freeing
up healthcare professionals to focus on more complex cases [48] . Additionally,
machine learning algorithms are being developed to predict patient deterioration in

hospital settings, allowing for timely interventions and improved patient outcomes.

Al is also being used in drug discovery and development, where machine learning
models can analyze vast datasets to identify potential drug candidates and predict
their efficacy and safety. This approach can significantly reduce the time and cost
associated with bringing new drugs to market. Companies like Atomwise and Benev-
olentAl are leveraging Al to revolutionize the drug discovery process, accelerating

the development of new therapies for various diseases.

2.4.3 Telemedicine 2.0

The next generation of telemedicine, often referred to as Telemedicine 2.0, is set
to offer more than just virtual consultations. Advanced telemedicine platforms are
incorporating remote monitoring tools, Al-driven diagnostics, and integration with
electronic health records (EHRs) to provide a seamless and comprehensive care ex-
perience. These platforms aim to improve chronic disease management by enabling
continuous monitoring and timely interventions, thus reducing hospital readmissions

and improving quality of life for patients with chronic conditions [9].
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Telemedicine 2.0 also includes the use of advanced imaging technologies, such
as digital pathology and radiology, which allow specialists to review high-resolution
images remotely. This capability can enhance the accuracy and speed of diagnoses,

particularly in areas with limited access to specialized care.

Additionally, telemedicine platforms are integrating with wearable devices and
[oT technology to provide real-time health data, enabling more proactive and per-

sonalized care ).

2.4.4 Virtual Reality in Healthcare

Virtual reality (VR) is being increasingly utilized in healthcare for various applica-
tions. VR can provide immersive training environments for medical professionals,
allowing them to practice complex procedures in a risk-free setting. It is also being
used for patient education, helping patients understand their conditions and treat-

ment options through interactive visualizations.

Moreover, VR is being explored as a therapeutic tool for conditions such as post-
traumatic stress disorder (PTSD), phobias, and chronic pain, providing patients with

innovative ways to manage their symptoms [13].

VR can also be used in rehabilitation, where it creates engaging and motivating
environments for patients undergoing physical therapy. By simulating real- world
scenarios, VR can help patients regain mobility and function more effectively than
traditional rehabilitation methods. Companies like MindMaze and VRHealth are
developing VR-based rehabilitation solutions that improve patient outcomes and

enhance the rehabilitation experience.
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2.4.5 Genomics and Precision Medicine

The field of genomics is rapidly advancing, with significant implications for precision
medicine. By analyzing an individual’s genetic makeup, healthcare providers can de-
velop personalized treatment plans that are more effective and have fewer side effects.
This approach is particularly promising in the field of oncology, where genomic data
can guide the selection of targeted therapies that are tailored to the genetic profile
of a patient’s tumor [8]. Startups like Foundation Medicine and Tempus are pio-
neering the use of genomic data to inform cancer treatment. Genomics is also being
integrated into preventive healthcare, where genetic testing can identify individuals
at risk for certain hereditary conditions. By understanding their genetic risk fac-
tors, individuals can take proactive measures to mitigate their risk through lifestyle
changes, regular screenings, and preventive treatments. This approach to healthcare
can lead to earlier detection and intervention, ultimately improving health outcomes

and reducing healthcare costs.

2.4.6 Connected Medical Devices and IoT

The proliferation of connected medical devices and the Internet of Things (IoT) is
transforming how health data is collected and utilized. These devices can contin-
uously monitor patients’ vital signs and other health metrics, transmitting data to
healthcare providers in real-time. This continuous flow of data enables proactive
management of health conditions and timely interventions. For example, continuous
glucose monitors (CGMs) for diabetes management provide real-time blood sugar
readings, helping patients maintain optimal glucose levels and avoid complications

[19].
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Connected medical devices are also enhancing the management of chronic dis-
eases, such as hypertension and heart failure. Remote monitoring devices can track
blood pressure, heart rate, and other vital signs, alerting healthcare providers to any
significant changes that may require intervention. This continuous monitoring helps
prevent complications and reduces the need for hospitalizations, improving patient

outcomes and reducing healthcare costs.

2.5 Challenges and Opportunities

While digital health startups offer significant opportunities to transform healthcare,

they also face several challenges:

¢ Regulatory Barriers: Navigating complex regulatory frameworks, such as
obtaining approvals for medical devices and ensuring data protection and se-

curity, can be a significant hurdle for startups .

e Reimbursement and Adoption: Convincing healthcare providers, payers,
and patients to adopt and pay for digital health solutions can be challeng-
ing, especially in systems where healthcare services are primarily covered by

msurance .

e Interoperability and Data Integration : Ensuring seamless integration
of digital health solutions with existing healthcare information systems and

enabling data exchange across different platforms is a critical requirement [6].

e Privacy and Security Concerns: Addressing privacy and security concerns

related to the handling of sensitive patient data is crucial for building trust
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and adoption of digital health solutions.

e Funding and Scalability : Securing adequate funding and achieving scala-
bility to reach a broader patient population can be challenging for startups in

the highly regulated and complex healthcare industry .

2.5.1 Regulatory Barriers

Regulatory barriers are one of the most significant challenges faced by digital health
startups. The process of obtaining regulatory approval for medical devices and dig-
ital health solutions can be lengthy, complex, and costly. In the United States, the
FDA’s 510(k) process requires substantial evidence to demonstrate that a new de-
vice is safe and effective. Similarly, in the European Union, the Medical Device
Regulation (MDR) imposes strict requirements for medical devices, including digital
health products . These regulatory hurdles can delay product launches and increase

development costs, posing a significant challenge for startups with limited resources.

Startups can navigate these regulatory challenges by collaborating with regula-
tory experts and leveraging resources provided by regulatory agencies. For example,
the FDA offers guidance documents, pre-submission meetings, and other resources
to help startups understand the regulatory requirements and streamline the approval
process. Engaging with these resources early in the development process can help
startups anticipate and address potential regulatory issues, reducing the time and

cost associated with obtaining approval [11].
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2.5.2 Reimbursement and Adoption

Convincing healthcare providers, payers, and patients to adopt and pay for digital
health solutions can be difficult. In many healthcare systems, including Germany’s
SHI system, there is limited willingness to pay additional fees for digital health
services [39]. To overcome this challenge, startups need to demonstrate the value of
their solutions in terms of improved patient outcomes, cost savings, and enhanced

efficiency.

Collaborating with payers and healthcare providers to develop reimbursement

models that incentivize the use of digital health solutions can also facilitate adoption.

Startups can also explore alternative business models, such as value-based care
agreements, where reimbursement is tied to the achievement of specific health out-
comes. This approach aligns the interests of startups, healthcare providers, and
payers, creating a shared incentive to improve patient outcomes and reduce costs.
Additionally, startups can engage in pilot programs and real-world evidence studies
to generate data on the effectiveness of their solutions, building the case for broader

adoption and reimbursement.

2.5.3 Interoperability and Data Integration

Interoperability and data integration are critical for the success of digital health so-
lutions. Ensuring that digital health products can seamlessly integrate with existing
healthcare information systems and enable data exchange across different platforms
is essential for providing comprehensive care. Standards such as Health Level Seven

(HL7) and Fast Healthcare Interoperability Resources (FHIR) arebeing developed
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to facilitate interoperability, but challenges remain in achieving widespread adop-
tion and implementation of these standards (White & Case, n.d.). Startups need
to prioritize interoperability in their product development to ensure their solutions
can be easily integrated into existing healthcare infrastructures. Startups can foster
interoperability by adopting open standards and collaborating with other technol-
ogy providers, healthcare organizations, and standards bodies. By participating in
industry consortia and initiatives, such as the CommonWell Health Alliance and the
FHIR Community, startups can contribute to the development and adoption of in-
teroperability standards, ensuring that their solutions are compatible with a wide

range of systems and devices [1].

2.5.4 Privacy and Security Concerns

Privacy and security concerns are paramount in the healthcare sector, where the han-
dling of sensitive patient data is involved. Data breaches and unauthorized access
to patient information can have severe consequences, including loss of trust, legal
repercussions, and harm to patients. Startups must implement robust data protec-
tion measures to safeguard patient data, comply with regulations such as the General
Data Protection Regulation (GDPR) in the EU, and ensure that their solutions meet
the highest standards of security. Building trust with users by demonstrating a strong
commitment to data privacy and security is crucial for the adoption of digital health

solutions.

Startups can enhance data privacy and security by adopting best practices for
data protection, such as encryption, access controls, and regular security audits.

Additionally, implementing privacy by design principles, where data protection is
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integrated into the design and development process, can help ensure that security
measures are comprehensive and effective. Collaborating with cybersecurity experts
and participating in industry initiatives, such as the Health Information Trust Al-
liance (HITRUST), can also help startups stay informed about emerging threats and

best practices for data protection [20].

2.6 Funding and Scalability

Securing adequate funding and achieving scalability are significant challenges for
digital health startups. The healthcare industry is highly regulated and complex,
requiring substantial investment in research, development, and regulatory compli-
ance. Startups need to attract investors who understand the unique challenges of
the healthcare sector and are willing to provide the necessary funding to bring in-
novative solutions to market. Additionally, achieving scalability requires strategic
planning and partnerships with healthcare providers, payers, and other stakehold-
ers to expand the reach of digital health solutions and impact a broader patient

population .

To secure funding, startups can explore various sources of capital, including ven-
ture capital, angel investors, government grants, and strategic partnerships. Partic-
ipating in accelerator programs and pitch competitions can also help startups gain
visibility and attract investment. Building a strong value proposition and demon-
strating traction through pilot programs and early adopters can increase the likeli-

hood of securing funding .

To achieve scalability, startups should focus on building scalable technology plat-
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forms and business models that can support growth. This includes investing in robust
infrastructure, developing efficient operational processes, and leveraging partnerships
to expand market reach. Collaborating with established healthcare organizations can
provide startups with the resources, expertise, and market access needed to scale
their solutions effectively . Strategies for Overcoming Challenges To address these

challenges, digital health startups should consider the following strategies:

e Streamlining Regulatory Processes: Collaborating with regulatory bodies
to streamline approval processes and reduce barriers to entry. This can involve
participating in pilot programs, providing feedback on regulatory guidelines,

and working with regulatory experts to navigate the approval process efficiently.

¢ Developing Reimbursement Models: Collaborating with payers and health-
care providers to develop reimbursement models that incentivize the adoption
of digital health solutions. Demonstrating the value of these solutions in terms
of cost savings, improved patient outcomes, and enhanced efficiency can help

secure reimbursement.

e Prioritizing Interoperability: Ensuring that digital health solutions are
designed with interoperability in mind. Adopting industry standards such as
HL7 and FHIR and collaborating with other technology providers to facilitate

data exchange and integration.

¢ Implementing Robust Data Protection Measures: Implementing strin-
gent data protection measures to safeguard patient data. This includes com-
plying with regulations such as GDPR, conducting regular security audits, and

employing advanced encryption and access control technologies.
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e Securing Strategic Partnerships: Forming strategic partnerships with health-
care providers, payers, and other stakeholders to expand the reach of digital
health solutions. Collaborating with established organizations can provide star-
tups with the resources, expertise, and market access needed to scale their

solutions effectively.

2.6.1 Streamlining Regulatory Processes

Startups can work with regulatory bodies to streamline approval processes by partic-
ipating in pilot programs and providing feedback on regulatory guidelines. Engaging
with regulatory agencies early in the development process can help startups un-
derstand the requirements and address potential issues proactively. Additionally,
collaborating with industry groups and associations to advocate for regulatory re-
forms can help create a more supportive environment for digital health innovation

11,

2.6.2 Developing Reimbursement Models

Collaborating with payers and healthcare providers to develop reimbursement mod-
els that incentivize the adoption of digital health solutions is crucial. Startups can
demonstrate the value of their solutions through pilot programs, real-world evidence
studies, and economic analyses that highlight cost savings and improved patient out-
comes. Developing value-based care agreements and exploring alternative payment

models can also help startups secure reimbursement and drive adoption.
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2.6.3 Prioritizing Interoperability

Ensuring that digital health solutions are designed with interoperability in mind is
essential for their success. Startups can adopt industry standards such as HL7 and
FHIR and participate in initiatives and consortia focused on promoting interoper-
ability. Collaborating with other technology providers, healthcare organizations, and
standards bodies can help startups develop solutions that arecompatible with a wide

range of systems and devices, facilitating data exchange and integration [1].

2.6.4 Implementing Robust Data Protection Measures

Implementing stringent data protection measures is critical for safeguarding patient
data and building trust with users. Startups should adopt best practices for data
protection, including encryption, access controls, and regular security audits. Inte-
grating privacy by design principles into the development process can help ensure
that security measures are comprehensive and effective. Collaborating with cyber-
security experts and participating in industry initiatives can also help startups stay

informed about emerging threats and best practices for data protection [20].

2.6.5 Securing Strategic Partnerships

Forming strategic partnerships with healthcare providers, payers, and other stake-
holders is crucial for expanding the reach of digital health solutions and achiev-
ing scalability. Startups can leverage partnerships to access resources, expertise,

and market opportunities that can support growth. Collaborating with established
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healthcare organizations can also provide validation and credibility, helping startups

gain trust and traction in the market.

2.7 Conclusion

A revolutionary role is being played by the startups in digital health to foster in-
novation and shake up the traditional healthcare market. In order to help achieve
these goals, such startups have introduced a new business model that blends ad-
vanced technologies with a potent potential for high impact on the patient’s clinical

outcome as well as efficiency and cost reduction within the healthcare system.

However, the convergence of successful implementation of digital health tech-
nology is contingent upon overcoming certain regulatory impasses; those pertaining
to data protection and privacy as well as fostering synergy among stakeholders in
health care eco-system. This would mean that the policymakers should come up with
policies that support innovation without compromising patient safety and ensure re-
sponsible use of data and new technologies as a result of a conducive environment
that ought to be created. As such, in its pace towards digital metamorphosis, the
healthcare industry will increasingly depend on these new startups for fresh innova-
tions that can completely change patient experience revolutionising delivery systems
through cutting-edge technological solutions introduced at affordable costs. The
need for adoption of these transformative technologies is therefore only realizable if
all challenges related to embracing innovation are adequately addressed considering

it an important approach.
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Chapter 3

DawiTech

3.1 Introduction

There is an innovative startup that uses an Al-driven chatbot platform to revolu-
tionize the healthcare industry. The sophisticated solution delivers instant medical
guidance but also uses advanced technology for quick diagnostics, bespoke treatment

suggestions and patient enlightenment.

The goal of the program is to reduce traffic in health facilities yet ensure that
everyone has access to effective medical services with a considerable level of conve-

nience.

The company has found several ways to generate income so as to achieve sus-
tainable growth while at the same time offering good quality services. Dawitech
the platform is not merely transforming healthcare but is delivering quality medical

support at any time and any place.
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3.2 General System Architecture

Dawitech’s structure combines high-level artificial intelligence mechanisms and natu-

ral language processing within an interface that is easily accessible by the user. This

is aimed at ensuring instant medical consultation. The system analyses text plus

multimedia input for a valid diagnosis alongside effective treatment suggestions, an

indication that the model will be dependable in all cases.

In this part we will be going over the general system architecture of dawitech, let

us begin

DawiTech Platform

General Interface of our platform

|’_ Instant Consultation

- Information about cur services
Senvices —L Remate Health Manitoring

Proactive Healthcars Managemeant

You should do
You should avoid

—  Front end developer
Cur team wark
Back end developer

7 Slgnin  — Create new account

= Login = Userdashboard = subscription plan

Figure 3.1: DawiTech General Architecture.
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3.3 Home

Common interface of our platform:

3.3.1 Overview

The Home area is the main landing page of the Dawitech platform. It provides a
user-friendly interface that welcomes users and guides them in using the platform’s

products.

3.3.2 Feature

e Navigation Bar: Quick links for navigating to various sections such as Ser-

vices, Practice, About Us, and Account.

e Introduction: A brief overview of Dawitech, its mission and how it helps

users with their healthcare needs.

e Announcements/Updates: The latest news or updates about the platform,

new features, or important health tips.

e Search function: allows users to quickly search for specific information or

services within the platform.

3.4 Services

Information about our services:
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{amessing Technology for Instant Medical ¢ nalized Healt
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2 & &

Fast Assistance 24/7 Avdilability Continuous Education

Figure 3.2: Home Page
3.4.1 Immediate suggestions:

e Description: Provide users with instant access to medical advice and advice
through an AI chatbot. Users can describe their symptoms and get fast and

reliable medical advice.

e Features: Text input and multimedia upload to provide detailed symptom

descriptions.

3.4.2 Remote health monitoring:

e Description: Achieve continuous monitoring of user health indicators by in-
tegrating with wearable devices. It can track vital signs such as heart rate and

blood pressure.
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e Functions: Real-time data collection and analysis, abnormal reading reminder,

health trend report.

3.4.3 Active health management:

e Description: Provides healthcare tools and resources to help users manage

chronic conditions and maintain overall health.

e Functions: Personalized health tips, routine checkup reminders, disease pre-

vention education content.

& DawiTech. Home Services Practices Chat Model About US

Our services

I‘ Dawitech: An Al-driven healthcare platform.

m I ultation: Provides immediate medical

® Proactive Healthcare Management: Em,

with tools for dia treatment guidance, and

ongoing health monitoring

LEARN MORE

§i7) protection @ Prevention Treatments -m— Symptoms

Figure 3.3: Services Page
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3.5 Parctices

Here’s what you should do and avoid:

3.5.1 What you should do:

e Healthy Practices: Tips for maintaining a healthy lifestyle, such as regular

exercise, a balanced diet, getting enough sleep and stress management.

e Precautions: Health care tips, including vaccinations, regular health exams

and hygiene practices.

e Using Services: A guide on how to get the most out of Dawitech services to

achieve better health outcomes.

3.5.2 You should avoid:

e Unhealthy Habits: Warnings about unhealthy habits such as smoking, ex-

cessive alcohol consumption, and poor diet.

e Abuse of the Service: Instructions on how to avoid abusing the Platform,
such as entering incorrect information or relying solely on a chatbot to handle

serious medical emergencies that require professional intervention.
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Figure 3.4: Practices Page

3.6 About Us

3.6.1 Our teamwork:

e Team Overview: Introducing the professional team behind Dawitech, high-

lighting their roles and contributions to the platform.

3.6.2 Front-end Developer:

e Role: Design and develop the user interface, ensuring it is intuitive and re-

sponsive.

e Contribute: Create the look and feel of the platform and improve the user

experience.
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3.6.3 Designer:

e Role: Focus on visual design elements including layout, color schemes, and

graphics.

e Contribute: Ensure the platform is visually appealing and user-friendly.

3.6.4 Backend Developer:

¢ Role: Handle server-side logic, database management and Al model integra-

tion.

e Contribute: Ensure smooth, safe and efficient operation of the platform.

& DawiTech. Home Services Practices Chat Model About US
Our Team
Collaborative Efforts Driving Innovation in Healthcare Solutions

Slimani islem abdelkader Becharef mohamed amine
Full stack web develope Designer and front end developel
Connect on social Connect on social
f in f in

Figure 3.5: About Us Page
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3.7 Account

Sign In and Create New Account:

3.7.1 Sign In:

e Feature: Allow existing users to log into their accounts.

e Details: Users enter their email address/username and password to access

personalized services and stored data.

Feature:

e Forgot password: If you forget your password, you can choose to recover/reset

it.

e Stay signed in: Option to stay signed in on trusted devices for easier access.

3.7.2 Create a new account:

e Features: Allow new users to register and create Dawitech accounts.

e Details: Users set up their profile by providing basic information such as

name, email address, and password.

Feature:

e Email verification: Ensure account security through email verification.
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e Profile Settings: Users can add additional information such as contact de-

tails, health history, and preferences.

3.7.3 Login and User Dashboard:

Login:
e Function: Alternative way for registered users to access their accounts.

e Details: Similar to the registration process, it provides quick access to per-

sonalized services.

User Dashboard:

Overview: A personalized interface that allows users to manage their account set-

tings, access services, and view their health information.

Feature:

e Profile Management: Update personal information, change passwords and

manage privacy settings.

e Health Records: View and manage uploaded photos, videos, and consulta-

tion history.

e Notifications: Receive notifications and reminders for health checks, sub-

scription renewals, and other important updates.
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e Service Access: Direct link access to instant advice, remote health monitoring

and proactive health management.

Models intarface

— Models

~— Free trial for 7 days  ——— you cam try our platform —
Chatbot interface
— Chatbaot
— Basicplan ——— ability to use chatbat only
=~ Chatbot & upload photo / video
—  Modeals interface
= Map —— Active location GPS = You will find

== Pramiom plan = Ability bo use =

—  live chat with doctor (Text or video call )

"— Wearable device —— Smartwatch

— EMS

Figure 3.6: Subscription plan (Part 1)
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Causeas

Whien you click chat, e will give you
== Chat button Symptams
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Solution

The nearast medical hDSpilﬂl
Liste of doctors

Liste of nurses

Figure 3.7: Subscription plan (Part 2)

Subscription plan:

Free 7-day trial:

e Description: Allows new users to try the platform for free for a limited time.

e Health Records: View and manage uploaded photos, videos, and consulta-

tion history.
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e Purpose: : Provide 7 days of access to all features to test the service before

committing to a paid plan.

Basic plan:

e Description: A cost-effective plan that provides access to the core function-

ality of the platform.

e feature:: Ability to use Al chatbots for text-based consultations only.

Premium plan:

e Description: Full access to all features and premium services.

feature:

e Full Access: Unlimited use of the chatbot, including photo/video uploads.
e Model Interface:: Access advanced diagnostic tools for a variety of diseases.

e GPS Services: Integrate with active location services to find nearby medical

facilities, doctors and nurses.
e Live Chat: Interact with your doctor in real time via text or video call.

e Wearable device integration: Connect and sync health data from smart-

watches and other wearable devices.

e SMS Alerts: Receive important health alerts and reminders via text message.
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3.7.4 GPS Capabilities in the Premium Plan

The integration of advanced GPS capabilities with the Dawitech Chatbot Premium
Plan improves healthcare delivery which is intended for the health management of
the patients. These features are meant to enhance detailed location-based services
through use of such advanced GPS technologies, thus facilitating effective and re-

sponsive healthcare systems.

Real-Time Location Tracking

e Patient Monitoring: Real-time GPS tracking allows healthcare providers
to monitor the location of patients, especially those with chronic conditions
or those who require regular monitoring. This feature is crucial for elderly

patients or those with cognitive impairments who may wander off.

e Emergency Response: In the event of an emergency, the GPS feature can
provide the exact location of the patient to emergency responders, ensuring

timely and accurate intervention.

Geofencing

e Safety Zones: Geofencing technology can create virtual boundaries around
specific areas, such as a patient’s home or a healthcare facility. Alerts can be
sent to caregivers or healthcare providers if a patient crosses these boundaries,

indicating potential risk situations.

e Restricted Areas: For patients with conditions that necessitate restricted
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movements, geofencing can help ensure they remain within safe areas, prevent-

ing exposure to potential hazards.

Location-Based Reminders and Notifications

e Medication Reminders: Patients can receive reminders to take their medi-

cation when they are within specific locations, such as their home or workplace.

e Appointment Alerts: Notifications can be sent to patients when they are
near their healthcare provider’s office, reminding them of upcoming appoint-

ments.

Route Optimization for Home Healthcare Services

e Efficient Scheduling: For home healthcare providers, GPS can optimize

travel routes to ensure timely visits and reduce travel time and costs.

e Visit Verification: GPS data can verify the exact time and location of home

visits, ensuring accountability and accurate billing.

Proximity-Based Health Advisories

e Localized Health Alerts: Patients can receive health advisories and alerts
based on their current location. For instance, if there is an outbreak of a
contagious disease in their vicinity, they can be alerted and provided with

preventive measures.
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e Weather-Related Health Advice: Patients can receive health advice re-
lated to weather conditions in their area, such as precautions to take during

extreme heat or cold.

Integration with Other Healthcare Systems

Electronic Health Records (EHR) Integration

e Automated Documentation: GPS data can be integrated into EHR sys-
tems to automatically document patient movements and locations, providing

a comprehensive view of patient activity and mobility patterns.

e Data Analysis: Healthcare providers can analyze GPS data alongside medical
records to identify patterns and trends, such as frequent hospital visits or areas

where patients might face health risks.

Telemedicine Support

e Virtual Consultations: During telemedicine consultations, healthcare providers
can use GPS data to gain insights into the patient’s environment, which might

impact their health conditions.

e Location-Specific Prescriptions: Providers can prescribe treatments or in-
terventions that are tailored to the patient’s location, considering factors such

as local climate, altitude, or accessibility to healthcare facilities.
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Privacy and Security

Ensuring the privacy and security of GPS data is paramount. The Premium Plan

includes robust measures to protect patient location data:

e Data Encryption: All GPS data is encrypted during transmission and storage

to prevent unauthorized access.

e Access Controls: Strict access controls ensure that only authorized personnel

can access GPS data, maintaining patient confidentiality.

e Consent Management: Patients have full control over their location data,

with the ability to provide or withdraw consent for GPS tracking at any time.

e Anonymization Techniques: Where possible, GPS data is anonymized to
protect patient identities while still providing useful information for healthcare

management.

Benefits to Healthcare Providers and Patients

e Enhanced Patient Safety: Continuous monitoring and real-time alerts sig-

nificantly enhance patient safety, particularly for vulnerable populations.

e Improved Healthcare Delivery: Efficient route planning and visit verifica-

tion improve the reliability and efficiency of home healthcare services.

e Personalized Patient Care: Location-based reminders and health advisories
ensure that patients receive timely and relevant health information, contribut-

ing to better health outcomes.
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3.8 Model interface

The model interface is a key component of the Dawitech platform, allowing users to
interact with a variety of artificial intelligence models designed to diagnose specific

diseases.

3.8.1 Detection of brain tumors:

e Function: Analyze uploaded images to detect the presence of brain tumors.

e Process:Users upload MRI or CT scan images, and the model predicts the

likelihood of brain tumors.

3.8.2 Skin disease testing:

e Function:Identify various skin diseases based on uploaded photos.

e Process:Users upload skin disease pictures, and the model diagnoses the type

of skin disease.

3.8.3 Malaria detector:

e Function:: Diagnose malaria based on blood smear images.

e Process:Users upload microscopic images of blood samples, and the model

detects malaria parasites.
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Figure 3.8: Models Page

3.8.4 Upload page:

e Purpose: A central page where users can upload images or videos for analysis.

e Function:: The user selects an appropriate model (e.g. brain tumor, skin

disease, malaria), uploads an image and clicks ”Predict”.

e Results: The system processes the image and returns the results for the

DawiTech Model

Figure 3.9: upload page
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3.9 Deep Learning Model for Brain Tumor Detec-
tion

Brain tumors are serious diseases that require accurate and timely diagnosis for

effective treatment. Traditional diagnostic methods require manual review of medical

images, which can be time-consuming and prone to errors. In recent years, deep

learning, especially convolutional neural networks (CNNs), has become a powerful

tool in the field of medical imaging, providing automated and accurate diagnostic

solutions. This section provides a detailed overview of how to build a CNN model

to classify brain images as tumor or non-tumor.

3.9.1 Data Preparation
Directory Structure and Image Collection

The first step in the preprocessing pipeline is to organize the MRI images into direc-
tories. Typically, images are divided into two categories: “no” for images without
brain tumors, and “yes” for images with brain tumors. This structured organization

makes the subsequent loading and labeling process much easier.

The directory structure may look like this:

e datasets/no/::Contains images without brain tumors

e datasets/yes/:Contains images with brain tumors.
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Loading and Labeling Images

Once the images are organized, the next step is to load them into the program. Read
each image file and make sure that only valid image files (e.g., JPGs) are processed.
In this step, each image is labeled according to its category: images in the “no”
directory are labeled 0 (no tumor), while images in the “yes” directory are labeled 1

(tumor).

Resize images

MRI images can vary widely in size and resolution. To standardize the input to the
CNN, all images are scaled to a uniform size, typically 64 x 64 pixels. This resizing
ensures that each image has the same shape, which is critical for batch processing
in neural networks. Resizing is performed while maintaining the aspect ratio as

accurately as possible to avoid distortion of image features.

Convert images to arrays

After resizing, each image is converted from its original format to a NumPy array.
This conversion is necessary because neural networks, including those implemented
using libraries such as Keras and TensorFlow, process data in array format. Each

pixel in the image array represents a feature that the neural network will learn.
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Preparation of the dataset

After all images are converted to arrays and properly labeled, they are compiled into
two lists: one for the image data and the other for the corresponding labels. These
lists are then converted to NumPy arrays, which are more computationally efficient

and compatible with machine learning frameworks.

Normalizing the data

Normalization is a key preprocessing step that scales the pixel values of the image to
the range [0, 1]. This is achieved by dividing the pixel values by 255 (the maximum
possible value of a pixel in an 8-bit image). Normalization helps stabilize the training
process and speed up convergence by ensuring that input values are small and in a

similar range.
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3.9.2 Model result

accuracy

loss

val_accuracy

val_loss

0.9904

0.0344

0.9617

0.1589

Table 3.1: Model result

3.9.3 Training and Validation Performance

The model was trained over 10 epochs with a batch size of 16, using the Adam

optimizer and binary cross-entropy loss function. The results of the training process

are as follows:
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Figure 3.10: Training and Validation Performance
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3.9.4 Discussion

Training Accuracy and Loss:

The model achieved a high training accuracy of 99.04learned the patterns in the
training dataset very well. The low training loss of 0.0344 further confirms that the

model’s predictions on the training set were highly accurate with minimal error.

Validation Accuracy and Loss:

The validation accuracy of 96.17% is slightly lower than the training accuracy, which
is expected as the model is tested on unseen data. The validation loss of 0.1589 is
higher than the training loss, suggesting that the model may have encountered more

variability in the validation set compared to the training set.

Implications

The results demonstrate that the model is effective in classifying brain tumor images
with high accuracy. However, the difference between the training and validation met-
rics indicates a mild degree of overfitting, where the model performs slightly better
on the training data than on the validation data. This is common in machine learn-
ing and can be addressed by techniques such as regularization, data augmentation,

or obtaining more diverse training data.
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Performance Metrics

e Accuracy:: High accuracy on both training and validation sets suggests that

the model is reliable in making predictions.

e Loss:: The relatively low loss values indicate that the model’s predictions are

close to the true labels.

Response Time

The response time for making predictions was measured to ensure that the model
can be used in real-time applications. The total time taken to make predictions on

the test set was a few seconds, indicating the model’s efficiency.

Model Accuracy
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Figure 3.11: Model Accuracy
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Model Loss
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Figure 3.12: Model loss

Classification Report:

Precision | Recall | F1-Score | Support
No Tumor 1.00 0.94 0.97 343
Tumor 0.93 1.00 0.96 257
Accuracy 0.97 0.97 0.97 600
Macro Avg 0.96 0.97 0.97 600
Weighted Avg 0.97 0.97 0.97 600

Table 3.2: Classification Report
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e Precision and Recall:

For the ”No Tumor” class, the model achieved a precision of 100indicating that
all instances classified as ”No Tumor” were correct. The recall, however, was
slightly lower at 94%, implying that a small proportion of actual ”No Tumor”
cases were misclassified as "Tumor.” Conversely, for the ”"Tumor” class, the
precision was 93small number of instances classified as ” Tumor” were incorrect.
However, the recall was 100%, indicating that all actual " Tumor” cases were

correctly identified.

e F1-Score:

The Fl-score, which balances precision and recall, was high for both classes,
indicating a robust performance of the model in terms of both false positives

and false negatives.

e Accuracy:

The overall accuracy of the model was 97%, implying that the vast majority

of the test set samples were correctly classified.

Implications

The classification report demonstrates the model’s capability to accurately distin-
guish between brain MRI images with and without tumors. The high precision and
recall values signify the model’s reliability in medical diagnosis, with minimal false

positives and false negatives.
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Confusion Matrix

Confusion Matrix
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Figure 3.13: Confusion Matrix

Understanding the Confusion Matrix

The confusion matrix provided is as follows:

‘ \ multicolumn2c¢Predicted Labels

No Tumor Tumor
‘\multirow2+True Labels No Tumor 324 19
Tumor 1 256
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The entries in the confusion matrix represent the following:

True Positives (TP): 256 (Tumor correctly predicted as Tumor)

True Negatives (TN): 324 (No Tumor correctly predicted as No Tumor)

False Positives (FP): 19 (No Tumor incorrectly predicted as Tumor)

False Negatives (FIN): 1 (Tumor incorrectly predicted as No Tumor)

Key Performance Metrics

Using the values from the confusion matrix, we can calculate several important per-

formance metrics:

e Accuracy: The proportion of total predictions that were correct.

TP + TN 256 + 324 580

Accuracy — e

TP + TN + FP + FN 256 +324 + 19 +1 600

The accuracy of the model is approximately 96.7%

e Precision: The proportion of positive predictions that were actually correct

TP 256 256

= - — - =~ 0.931
TP + FP 256 + 19 275

Precision —

The precision of the model is approximately 93.1%.
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TP 956 256 |
D2 0,096

Recall — —
T TP T EN O 256+1 257

e Recall (Sensitivity or True Positive Rate): The proportion of actual

positives that were correctly identified.
The recall of the model is approximately 99.6%.

e Specificity (True Negative Rate): The proportion of actual negatives that

were correctly identified.

TN 324 324

— — == (0,945
TN +FP 324 +19 343 ’

Specificity =

The specificity of the model is approximately 94.5%.

e F1 Score: The harmonic mean of precision and recall, providing a single

metric that balances both concerns.

F1 Score — 2 x Precision x Recall _ 5 0.931 = (.996

— it : —— == 0.963
Precision 4+ Recall 0.931 + 0.996

The F1 score of the model is approximately 96.3

Interpretation

e High Accuracy: The model performs well overall, correctly predicting the

presence or absence of tumors 96.7% of the time.
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e High recall: The model has a high recall rate, meaning it successfully identifies

almost all actual tumor cases (99.6%).

e Good Precision: The model maintains a high precision, indicating that

when it predicts a tumor, it is correct 93.1% of the time.

e Balanced Specificity:The model also performs well in identifying nontumor

cases, with a specificity of 94.5%.
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3.10 Deep Learning Model for Malaria

Malaria remains a significant global health challenge, and the accurate detection of
infected cells is crucial for effective treatment. Leveraging machine learning and deep
learning techniques, specifically Convolutional Neural Networks (CNNs), can greatly
enhance the accuracy and efficiency of malaria detection from microscopic images.
This article explores the initial steps in analyzing and visualizing a dataset of malaria

cell images, laying the groundwork for developing a robust detection model.

3.10.1 Data Directory Structure

The dataset is organized into training and testing sets, each containing images of cells
labeled as either infected or uninfected. This structured directory setup facilitates the

loading and processing of images, allowing for efficient model training and evaluation.

e Training Set: Contains images used to train the machine learning model.

e Testing Set: Contains images used to evaluate the model’s performance.

The directory paths for the dataset are as follows:

../input/filesl/Malaria Cells/training_set

../input/filesl/Malaria Cells/testing_set
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3.10.2 Image Dimensions

For consistent processing and model input requirements, all images are resized to a
uniform shape of 130x130 pixels with three color channels (RGB). This standardiza-
tion ensures that the CNN receives input in a consistent format, crucial for effective

learning.

3.10.3 Model result

Accuracy | Loss | Validation Accuracy | Validation Loss
0.9501 | 0.1536 0.9476 0.1499

Table 3.3: Model Performance

Model Performance Metrics
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Figure 3.14: Model Performance Metrics
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Accuracy and Validation Accuracy

Training Accuracy (95.01%): This high accuracy indicates that the model has learned
to correctly classify the vast majority of images in the training set. A training ac-
curacy above 90% generally signifies that the model has effectively captured the
underlying patterns in the training data. Validation Accuracy (94.76%): The valida-
tion accuracy is similarly high and very close to the training accuracy. This proximity
suggests that the model generalizes well to unseen data, meaning it performs nearly
as well on the validation set as it does on the training set. This high validation
accuracy is a strong indicator that the model is robust and not overfitting to the

training data.

Loss and Validation Loss

e Training Loss (0.1536): The training loss represents the error in the model’s
predictions on the training set. A low loss value like 0.1536 indicates that the

model’s predictions are close to the actual labels, reflecting effective learning.

e Validation Loss (0.1499): Similar to the validation accuracy, the validation
loss being close to the training loss suggests that the model is not over fit-
ting. A validation loss of 0.1499 indicates that the model’s performance on the

validation set is consistent with its performance on the training set.
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Interpretation of Results

e High Accuracy: The model’s high accuracy on both the training and vali-
dation sets demonstrates its ability to accurately classify malaria-infected and
uninfected cells. This is particularly significant in medical applications, where

high accuracy is essential for reliable diagnostics.

e Low Loss Values: The low values of both training and validation loss signify
that the model’s predictions are highly accurate, with minimal error. This

further supports the model’s reliability.

e Generalization Capability: The closeness of the training and validation
metrics (both accuracy and loss) indicates that the model has not overfitted to
the training data. Overfitting is a common issue where a model performs well

on training data but poorly on unseen data.
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Figure 3.16: Model loss
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Classification Report:

Precision | Recall | F1-Score | Support
0 0.97 0.93 0.95 7952
1 0.93 0.97 0.95 7880
Accuracy 0.95 - - 15832
Macro Avg 0.95 0.95 0.95 15832
Weighted Avg 0.95 0.95 0.95 15832

Table 3.4: Classification Report

Classification Report Overview

The classification report provides a detailed breakdown of the model’s performance
across different metrics for each class (infected and uninfected). The key metrics

include precision, recall, Fl-score, and support, which together paint a complete

picture of the model’s performance.

Precision

Precision measures the accuracy of the positive predictions made by the model. It

is defined as the ratio of true positive predictions to the total number of positive

predictions (true positives + false positives).

e Class 0 (Uninfected): 0.97

e Class 1 (Infected): 0.93
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The high precision values for both classes indicate that the model is very accurate in
its predictions, with 97of the infected cell predictions being correct. This is particu-
larly important in medical diagnostics, where false positives can lead to unnecessary

anxiety and treatment.

Recall

Recall (also known as sensitivity) measures the model’s ability to identify all relevant
instances in the dataset. It is defined as the ratio of true positive predictions to the
total number of actual positives (true positives + false negatives).

e Class 0 (Uninfected): 0.97

e Class 1 (Infected): 0.93
The recall values show that the model successfully identifies 93uninfected cells and

97infected class (0.97) is critical as it indicates the model’s effectiveness in detecting

malaria cases, minimizing the risk of missing infected cells.

F1-Score

F1-Score is the harmonic mean of precision and recall, providing a single metric
that balances both concerns. It is particularly useful when the class distribution is

imbalanced.

e Class 0 (Uninfected): 0.95
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e Class 1 (Infected): 0.95

The Fl-scores for both classes are identical at 0.95, indicating a balanced perfor-
mance. This suggests that the model is equally proficient in identifying both unin-
fected and infected cells, which is essential for maintaining overall diagnostic accu-

racy.

Support

Support refers to the number of actual occurrences of each class in the dataset.

e Class 0 (Uninfected): 7952

e Class 1 (Infected): 7880

The nearly equal support values for the two classes indicate a balanced dataset,

which is beneficial for training a well-rounded model.

Accuracy

The overall accuracy of the model is 95%, meaning that it correctly classifies 95%
of the images in the dataset. This high accuracy reflects the model’s robustness and

reliability.

*Macro Average: Averages the precision, recall, and F1-score for all classes with-

out considering class imbalance.

84



e Precision: 0.95
e Recall: 0.95

e F'1-Score: 0.95

*Weighted Average: Averages the precision, recall, and Fl-score for all classes,

weighted by the number of instances in each class.

e Precision: 0.95
e Recall: 0.95

e F1-Score: 0.95

Both the macro and weighted averages are the same in this case, reflecting the

balanced nature of the dataset and the consistent performance of the model across

classes.

Confusion Matrix

The confusion matrix has four main components:

e True Positives (TP): The model correctly predicts the positive class.

True Negatives (TIN): The model correctly predicts the negative class.

False Positives (FP): The model incorrectly predicts the positive class (Type

I error).

False Negatives (FN): The model incorrectly predicts the negative class
(Type II error).
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Confusion Matrix

True

Predicted

Figure 3.17: Confusion Matrix

Specific Values from the Confusion Matrix

From the confusion matrix provided:

True Negatives (TN): 7354

False Positives (FP): 598

False Negatives (FIN): 256
e True Positives (TP): 7624
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Interpretation of Results

e True Negatives (TN): The model correctly identified 7354 instances as neg-
ative (uninfected). This high value indicates that the model is effective at

identifying uninfected samples.

e False Positives (FP): There are 598 instances where the model incorrectly
predicted infection in uninfected samples. While this number is relatively small
compared to the true negatives, it represents cases where the model could

potentially cause unnecessary concern or further testing.

e False Negatives (FN): The model missed 256 infected samples, predicting
them as uninfected. This number is crucial because false negatives are generally
more critical in medical diagnoses as they represent cases where the model failed

to identify an actual infection.

e True Positives (TP): The model successfully identified 7624 infected sam-
ples. This high number indicates strong performance in detecting infected

cases.
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Model Performance Metrics

From these values, we can derive several performance metrics:

s Accuracy:

TP + TN 7354 4 7624
Accuracy = - - = =~ (.944
IP +TN + FP + FN 7354 + 7624 + 598 + 256

The model's accuracy is approximately 94.4%, indicating that it correctly predicts the class for a

majority of the samples.

s Precision:

TP 7624
TP + FP 7624 | 598

== 0.927

Precision —

Precision of approximately 92.7% shows that when the model predicts infection, it is correct

92.7% of the time.

* Recall (Sensitivity):

TP 7624 .
Recall = TP L EN 7624 956 0.967

A recall of approximately 96.7% indicates that the model detects 96.7% of actual infected cases,
showing high sensitivity.

* F1Score:

F1 Seore — 2 « Precision x Recall ~ 0.947

Precision + Recall

The F1 score, which is the harmonic mean of precision and recall, is approximately 94.7%,

indicating a good balance between precision and recall.

Figure 3.18: Model Performance Metrics
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3.11 Deep Learning Model for Derma diseases

3.11.1 Data Preparation
Importing Libraries

The script imports necessary libraries such as Keras, OpenCV, and utility func-

tions/modules for handling data.

Dataset Setup:

It defines constants for folder paths (BASE_DATASET_FOLDER,
TRAIN_FOLDER, VALIDATION_FOLDER, TEST_FOLDER) to organize the dataset

into training, validation, and test sets.

Image Data Preparation:

It sets the image size (IMAGE_SIZE) and input shape
(INPUT_SHAPE) for the CNN model.

Model Architecture:

The script doesn’t define a specific model architecture but imports VGG16, a pre-
trained CNN model, which will be used as a base for transfer learning. The VGG16

model is imported from keras.applications.
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Keras Settings:

Various hyperparameters are defined such as batch sizes
(TRAIN_BATCH_SIZE, VAL_BATCH_SIZE), number of epochs (EPOCHS), and
learning rate (LEARNING_RATE).

Data Augmentation:

The script seems to be missing data augmentation code which is typically included
using ImageDataGenerator in Keras. Data augmentation is essential for training

robust models, especially when the dataset is limited.

Callbacks:

It imports EarlyStopping and ModelCheckpoint callbacks from Keras. These call-
backs are used during model training to stop training early if the validation loss stops

improving and to save the best model weights respectively.

Ignoring Warnings:

It ignores warnings to keep the output clean
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3.11.2 Model result

Accuracy | Loss | Validation Accuracy | Validation Loss
0.9631 | 0.1083 0.7538 1.1728

Table 3.5: Model Performance Metrics

3.11.3 Training and Validation Performance

The provided model results indicate promising performance in terms of accuracy and
loss on the training and validation sets. Let’s delve into a discussion about these

results as if we were crafting an article:

High Training Accuracy and Low Loss

The training accuracy of 96.31% and loss of 0.1083 suggest that our model has learned
to classify dermatology images with a high degree of accuracy on the training data.
A low training loss indicates that the model’s predictions closely match the actual

labels, demonstrating effective learning and convergence during training.

Discrepancy in Validation Performance

While the training performance is impressive, the validation accuracy of 75.38%
and loss of 1.1728 indicate a significant drop in performance on unseen data. This
discrepancy between training and validation metrics suggests potential overfitting,
where the model learns to memorize the training data rather than generalize to new

examples.
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Discussion on Overfitting

The observed overfitting phenomenon is common in deep learning models, especially
when dealing with relatively small datasets or complex architectures. In our case,
despite data augmentation techniques, the model may have learned to recognize
specific patterns present only in the training set, failing to generalize well to unseen

data.

Potential Solutions for Overfitting

To mitigate overfitting and improve model generalization, several strategies can be

considered:

e Regularization Techniques: Introduce regularization methods such as dropout
or L2 regularization to prevent the model from relying too heavily on specific

features.

e Data Augmentation: Further augment the training dataset with diverse
transformations to expose the model to a wider range of variations present in

real-world scenarios.

e Model Architecture Modifications: Simplify or modify the model archi-
tecture to reduce its complexity and enhance its ability to generalize to new

data.

e Hyperparameter Tuning: Experiment with different hyperparameters, op-
timizer settings, and learning rates to find configurations that yield better

validation performance.
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Real-world Implications and Future Directions

Despite the observed challenges, the model’s high training accuracy demonstrates its
potential utility in assisting dermatologists in diagnosing skin diseases. With further
refinement and optimization, the model could be integrated into clinical workflows,

providing valuable support to healthcare professionals.
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Future research directions may include:

e Dataset Expansion: Acquiring a larger and more diverse dataset to improve

model generalization and performance.

e Ensemble Learning: Exploring ensemble learning techniques to combine

multiple models and improve overall predictive accuracy.

e Interpretability: Enhancing model interpretability to provide insights into
the features and patterns driving predictions, aiding dermatologists in decision-

making processes.

Model Accuracy

Training and validation accuracy

— Training acc
— Validation acc
0.9 4
0.8
0.7 A
0.6
0.5 4

Figure 3.19: Training and validation accuracy
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Model Loss

Training and validation loss
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Figure 3.20: Training and validation loss
Classification Report:
Class Precision | Recall | F1-Score | Support
Melanoma 0.57 0.57 0.57 118
Nevus 0.71 0.64 0.67 146
Seborrheic Keratosis 0.55 0.63 0.59 104
Average/Total 0.62 0.61 0.62 368

Table 3.6: Classification Report

95




Overview of Metrics

The classification report presents three key metrics for each class: precision, recall,
and Fl-score. Additionally, the support indicates the number of instances for each

class in the dataset.

e Precision: Precision is the ratio of true positive predictions to the total pre-
dicted positives. It answers the question: ”Of all the instances the model

predicted as positive, how many were actually positive?”

e Recall: Recall is the ratio of true positive predictions to the total actual
positives. It answers the question: ”Of all the instances that were actually

positive, how many did the model correctly identify?”

e F1-Score: The Fl-score is the harmonic mean of precision and recall, provid-
ing a single metric that balances the two. It is especially useful when the class

distribution is imbalanced.

e Support: Support indicates the number of actual occurrences of the class in

the dataset.

Class-Specific Analysis

Let’s examine the metrics for each class individually:
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Melanoma:

Precision: 0.57

Recall: 0.57

F1-Score: 0.57

Support: 118

For melanoma, the model’s precision and recall are both 0.57, resulting in an F'1-
score of 0.57. This indicates that the model correctly identifies melanoma in 57% of
the cases it predicts, and it identifies 57% of all actual melanoma cases. This per-
formance suggests room for improvement, especially considering the critical nature

of melanoma detection.

Nevus:

Precision: 0.71

Recall: 0.64

F1-Score: 0.67

Support: 146
The model performs better with nevus, achieving a precision of 0.71 and a recall

of 0.64, resulting in an Fl-score of 0.67. This indicates that the model is relatively

more effective at identifying nevus compared to melanoma and seborrheic keratosis.
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Seborrheic Keratosis:

Precision: 0.55

Recall: 0.63

F1-Score: 0.59

Support: 104

For seborrheic keratosis, the precision is 0.55, while the recall is slightly higher at
0.63. The resulting F'l-score is 0.59. This suggests that while the model has a decent
ability to identify actual cases of seborrheic keratosis, it also incorrectly labels some

other lesions as seborrheic keratosis.

Average / Total:

e Precision: 0.62

Recall: 0.61

F1-Score: 0.62

Support: 368
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The overall performance metrics, calculated as the weighted average across all

classes, are:

e Precision: 0.62
e Recall: 0.61
e F1-Score: 0.62
These scores indicate that the model has a balanced performance across the classes

but is not highly accurate. The near-equal precision and recall suggest that the

model is equally balanced in terms of false positives and false negatives.

Implications and Next Steps

The classification report highlights several key areas for improvement. Given the
importance of accurate skin lesion classification in medical diagnostics, enhancing

the model’s performance is crucial. Potential steps for improvement could include:

e Data Augmentation: Increasing the diversity and volume of the training

dataset to help the model learn better.

e Algorithm Tuning: Fine-tuning the hyperparameters of the current model

or experimenting with more sophisticated algorithms.

e Feature Engineering: Incorporating additional relevant features that might

help the model distinguish between the classes more effectively.

e Ensemble Methods: Using ensemble techniques to combine the predictions

of multiple models to improve overall performance.
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Confusion matrix
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Figure 3.21: Confusion matrix

3.11.4 Understanding the Confusion Matrix

A confusion matrix is a table that is used to evaluate the performance of a classi-
fication algorithm. FEach row of the matrix represents the actual class, while each
column represents the predicted class. The diagonal elements represent the number

of correct predictions, while the off-diagonal elements represent the misclassifications.
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Here is the confusion matrix from the provided image:

Predicted: Predicted: Predicted: Sebarrheic
Melanoma MNevus Keratosis

Actual: Melanoma Q.57 022 0.21

Actual: Nevus 017 0.64 0.19

Actual: Seborrheic 0.25 012 0.63

Keratosis

Class-Specific Performance

Melanoma:

e Correctly predicted as melanoma: 57%
e Misclassified as nevus: 22%
e Misclassified as seborrheic keratosis: 21%
The model correctly identifies 57% of melanoma cases but misclassifies 43% of

melanoma cases as either nevus or seborrheic keratosis. This high rate of misclassi-

fication is concerning, especially given the serious nature of melanoma.

Nevus:

e Correctly predicted as nevus: 64%

o Misclassified as melanoma: 17%
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e Misclassified as seborrheic keratosis: 19%

The model performs relatively well for nevus, with a 64% correct classification rate.
However, there is still a notable misclassification rate, with 36% of nevus cases being

incorrectly labeled as melanoma or seborrheic keratosis.

Seborrheic Keratosis:

e Correctly predicted as seborrheic keratosis: 63%
e Misclassified as melanoma: 25%
e Misclassified as nevus: 12%

For seborrheic keratosis, the model has a 63% accuracy, but a significant 37% of

cases are misclassified, primarily as melanoma.

Overall Implications

The confusion matrix provides valuable insights into the model’s strengths and weak-

nesses:

e Strengths: The model has a relatively higher accuracy for nevus and sebor-

rheic keratosis compared to melanoma.

e Weaknesses: The high misclassification rate for melanoma is a critical issue,
indicating that the model may not be reliable enough for clinical use without

further improvements.
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Recommendations for Improvement

To enhance the model’s performance, particularly for melanoma detection, several

strategies can be considered:

e Data Augmentation: Increase the diversity and quantity of melanoma im-

ages in the training set to help the model learn better distinguishing features.

e Feature Engineering: Introduce additional features that may help the model

differentiate between the classes more effectively.

e Algorithm Enhancement: Experiment with more advanced machine learn-

ing algorithms or ensemble methods that can improve classification accuracy.

e Hyperparameter Tuning: Fine-tune the hyperparameters of the current

model to optimize its performance.

e Class Balancing: Use techniques like class weighting or oversampling to ad-

dress the class imbalance in the training dataset.
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3.12 Chatbot interface

The chatbot interface facilitates users to interact with the Al chatbot for medical
consultation.

& Chat with DawiTech

Learn more about Dawitech

Malaria Brain
Tumor

Dermam\ogyl [ ‘

Figure 3.22: Chatbot interface

Text Area:

e Function: Allows users to enter a description of symptoms or medical issues.

e Purpose: Provide detailed information to the chatbot to support the diagnos-

tic and consultation process.
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Upload Button:

e Features: Allows users to upload photos or videos related to their medical

issues.
e File Type:

— Photos: Images of visible symptoms, such as rashes or sores.

— Video: Clips showing dynamic symptoms, such as impaired movement

due to pain or abnormal behavior.

e Process: User clicks the upload button, selects the file type (photo or video),

and uploads the relevant media.

Chat Button:

e Function: Initiate a chat session with an Al chatbot.

e Process: After providing a text description and/or uploading media, the user

clicks the chat button to start the consultation.

Result:

e Disease Name: Possible diagnosis based on the information provided.
e Cause: A possible cause of the disease has been identified.

e Symptoms: A list of the most common symptoms associated with the disease.
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e Solution: Recommended treatment steps or further action, such as seeing a

doctor.

User Interaction Process:

e Select Model: Users select appropriate diagnostic models (brain tumors, skin

diseases, malaria) based on their needs.

e Upload Media: Users enter the upload page, select the file type (photo or

video), and upload relevant media.

e Predictions and Results: Al models analyze media, predict diseases, and

display results to users.

e Describe Symptoms: Users can further describe their symptoms in the text

area to provide more context.
e Initiate a Chat: The user clicks the chat button to interact with the chatbot.

e Receive Feedback: The chatbot provides diagnosis, possible causes, symp-

toms, suggestions, and recommended solutions.
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3.12.1 Chatbot characteristic

Recent advancements in large language models (LLMs) such as ChatGPT and LLaMA
have demonstrated their potential to revolutionize natural language processing across
various domains. However, the application of these models in specialized areas, like
customer support and technical assistance, often reveals limitations due to a lack of
tailored training data and contextual understanding specific to these fields. The
challenge lies in adapting these general-purpose models [49] to meet the precise
and intricate needs of specialized applications, where relevance and accuracy are
paramount. This study aims to address these challenges through the introduction
of Llama3, Meta’s latest and most advanced family of LLMs. Llama 3, with its
significantly increased context window and enhanced performance, is designed to
offer unprecedented capabilities for specialized applications. The focus will be on
fine-tuning Llama 3 for the Dawitech chatbot, demonstrating how these advanced
models can be customized to deliver exceptional performance in customer support

and technical assistance roles.

Model Variants

Llama 3 includes several variations with different parameter sizes, specifically opti-

mized for dialogue use cases:

e 8 billion parameters (8B)

e 70 billion parameters (70B)
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These models are available as both pre-trained and instruction-tuned versions, opti-

mized for generating text and code with high performance on industry benchmarks.

Key Specifications

Feature Details

Developer Meata

Parameter Sizes 8B and VOB

Architecture Optimized Transformer with GQA
Training Data COwer 15 trillion tokens

Context Window 28000 tokens

Knowledge Cutoff March 2023 (8B), December 2023 (70B)

Figure 3.23: Key Specifications

Training Details and Carbon Footprint

Training Llama 3 utilized extensive computational resources. The following table

outlines the GPU hours and estimated carbon emissions for training the models:

Model GPU Hours (million) Power Consumption (W) Carbon Emitted (tCO2eq)
Llama 3 8B 1.3 700 390

Llama 3 70B 6.4 700 1900

Total 7.7 2290

Figure 3.24: Training Details and Carbon Footprint
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Performance Benchmarks

Llama 3 models demonstrate substantial improvements in various benchmarks. The
following tables provide detailed performance comparisons across different categories

and benchmarks:

Base Pretrained Models

Llama 3 Llama 2 Llama 2 Llama 3 Llama 2

Category Benchmark 8B 7B 13B 70B 70B
General MMLU (5-shot) 66.6 457 53.8 79.5 69.7

AGIEval English (3-5 459 28.8 387 63.0 54.8

shot)

CommonSenseQA (7- 726 57.6 67.6 83.8 78.7

shot)

Winogrande (5-shot) 76.1 73.3 754 83.1 81.8
Knowledge TriviaQA-Wiki (5-shot) 785 721 79.6 89.7 87.5
Reasoning
Reading SQuAD (1-shot) 764 72.2 72,1 85.6 82.6
Comprehension

QuAC (1-shet, F1) 44.4 39.6 44.9 51.1 49.4

BoolQ (0-shot) 757 65.5 66.9 79.0 73.1

DROP (3-shot, F1) 6.4 37.9 49.5 79.7 70.2

Instruction Tuned Models

Benchmark Llama 3 8B Llama 2 7B Llama 2 13B Llama 3 70B Llama 2 70B
MMLU (5-shot) 684 341 47.8 §2.0 529
GPQA (0-shat) 34.2 21.7 22.3 395 21.0
HumanEval (0-shot) 62.2 7.9 14.0 81.7 25.6
G5M-8K (8-shot, CaT) 79.6 25.7 774 93.0 57.5
MATH (4-shot, CaT) 30.0 3.8 6.7 504 11.6

Figure 3.25: Performance Benchmarks
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Fine-Tuning: Dawitech Chatbot

Fine-tuning Llama 3 for a specific application like the Dawitech chatbot [12] involves
several steps to customize the model to perform optimally in the intended use case.
This includes both supervised fine-tuning (SFT) and reinforcement learning with

human feedback (RLHF).

Steps for Fine-Tuning:
e Define Objectives: Establish clear goals for the chatbot, such as providing

customer support, answering FAQs, or engaging users.

e Curate Data: Collect a comprehensive dataset of example dialogues, user

queries, and appropriate responses relevant to the chatbot’s domain.

e Fine-Tune the Model: Use SFT to train the model on the curated dataset,

adjusting its parameters to minimize errors and improve response relevance.

e Reinforcement Learning: Apply RLHF to further refine the model, ensuring

that responses align with human preferences and expectations.

e Implement Safety Measures: Ensure the chatbot’s responses are safe, accu-
rate, and free from harmful or biased content by incorporating filtering mech-

anisms.

Prompt Engineering:

Prompt engineering is essential for directing Llama 3 to generate relevant and con-

textually appropriate responses for the Dawitech chatbot.
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e Our prompts:

,» and I will do

Figure 3.26: DawiTech Prompt

Responsible Use and Safety:

Meta emphasizes responsible Al development, integrating several safeguards within

Llama 3 to prevent misuse and harm [50] . Developers are encouraged to use these
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safeguards and consider additional safety measures to enhance the model’s reliability

and appropriateness.

e Key Considerations:

— Misuse Prevention: Adhere to the Acceptable Use Policy and leverage

built-in safeguards.

— Community Engagement: Collaborate with the open-source community

to advance Al safety standards.

— Ethical Deployment: Ensure the model respects user dignity and auton-

omy, and mitigate potential risks.

Applications of DawiTech Chatbot:

e Smart Health Companion: Imagine Dawitech introduces a friendly digi-
tal assistant that helps you manage your health. This assistant, let’s call it
"DawiAssist,” could remind you to take your medication, track your daily ac-
tivities like steps taken or calories burned, and even offer gentle nudges to make
healthier choices, like drinking more water or getting enough sleep. It could
also provide simple explanations for common health questions and direct you

to reliable resources for more information.

e Health Check-Up at Home: With Dawitech’s technology, you might be
able to perform basic health check-ups from the comfort of your home. They
could offer easy-to-use devices, like smart scales or blood pressure monitors,
that seamlessly connect to your smartphone. The DawiAssist app could then

analyze your data and provide personalized insights, such as trends in your

112



weight or blood pressure over time, and offer suggestions for improving your

health.

Instant Medical Advice: Suppose you're feeling unwell and not sure if you
need to see a doctor. DawiAssist could be there to help. You could describe
your symptoms to it, and based on its knowledge of common illnesses and red
flags, it could offer advice on whether you should rest at home, schedule a
doctor’s appointment, or seek emergency care. It could also provide tips for

managing your symptoms while you wait for medical help.

Personalized Health Goals: DawiAssist could work with you to set achiev-
able health goals based on your individual needs and preferences. Whether
you want to lose weight, quit smoking, or improve your fitness level, DawiAs-
sist could create a personalized plan tailored to your lifestyle. It could offer
encouragement and celebrate your milestones along the way, making it easier

and more enjoyable to adopt healthier habits.

Stay Connected with Your Doctor:Dawitech’s technology could also strengthen
your connection with your healthcare provider. Through secure messaging and
video calls, you could easily communicate with your doctor, ask questions about
your treatment plan, and share updates on your health. This seamless commu-
nication could lead to better coordination of care and more timely interventions

when needed.

Medical Imaging AI: Dawitech could invest in AI technologies for medical
imaging interpretation to enhance diagnostic accuracy and efficiency. By devel-
oping Al algorithms capable of analyzing medical images, such as Xrays, MRIs,

and CT scans, Dawitech could assist radiologists in detecting abnormalities,
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diagnosing conditions, and prioritizing cases for further review. Al-powered
medical imaging solutions could expedite diagnosis, reduce turnaround times,

and improve patient outcomes by facilitating early detection of diseases.

3.12.2 Self-Learning Capabilities of Dawitech Chatbot

An evolving technology, the Dawitech Chatbot is created to adapt and change in
relation to healthcare provider and patient needs as a result of its advanced self-
learning capabilities. These two features guarantee that the chatbot will always be
aware of the most current medical knowledge (through which it can provide accurate

information) at all times.

Machine Learning and Al Integration

e Continuous Learning: The Dawitech Chatbot utilizes machine learning al-
gorithms that enable it to learn from each interaction. This continuous learning
process allows the chatbot to refine its understanding of medical terminology,

patient inquiries, and clinical guidelines.

e Adaptive Algorithms: The chatbot employs adaptive algorithms that adjust
its responses based on feedback from users. This ensures that the chatbot can

improve its accuracy and relevance in providing medical advice and support.

Data-Driven Improvements

e Feedback Loop: Users can provide feedback on the chatbot’s responses, which

is then used to fine-tune its algorithms. This feedback loop is crucial for iden-
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tifying areas where the chatbot can improve and for implementing necessary

adjustments.

e Data Analytics: The chatbot analyzes large volumes of interaction data to
identify common queries, patterns, and trends. This data-driven approach
allows the chatbot to anticipate user needs and provide more personalized

responses.

Knowledge Base Updates

e Medical Literature Integration: The Dawitech Chatbot regularly inte-
grates new information from medical literature, clinical guidelines, and research
papers. This ensures that it stays current with the latest advancements in med-

ical science.

e Dynamic Knowledge Base: The chatbot’s knowledge base is dynamically
updated to reflect new findings, treatment protocols, and best practices in
healthcare. This dynamic updating process ensures that users receive the most

accurate and up-to-date information.

Natural Language Processing (NLP)

e Contextual Understanding: Advanced NLP techniques enable the chatbot
to understand the context of user queries better. This contextual understanding
allows the chatbot to provide more accurate and relevant responses, even for

complex medical questions.
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e Semantic Analysis: The chatbot performs semantic analysis to grasp the
meaning behind user inputs. This capability helps in interpreting nuanced

questions and delivering precise answers.

Collaborative Learning

e Multi-Source Learning: The Dawitech Chatbot learns from various sources,
including patient interactions, clinician feedback, and healthcare databases.
This multi-source learning approach ensures a comprehensive understanding of

medical knowledge.

e Collaborative Filtering: By employing collaborative filtering techniques,
the chatbot can recommend personalized healthcare solutions based on the

experiences and feedback of other users with similar conditions.

Privacy and Security in Learning

e Data Anonymization: To protect patient privacy, all data used for learning
is anonymized. This ensures that personal health information remains confi-

dential while still allowing the chatbot to improve its services.

e Secure Data Handling: The chatbot adheres to strict data security pro-
tocols to prevent unauthorized access to sensitive information. This includes

encryption and secure storage of all interaction data.

116



Benefits of Self-Learning

¢ Enhanced Accuracy: Self-learning capabilities enable the chatbot to contin-
uously refine its responses, leading to increased accuracy in medical advice and

support.

e Improved User Experience: By learning from user interactions and feed-
back, the chatbot can provide a more personalized and satisfactory user expe-

rience.

e Staying Current: Regular updates to the knowledge base ensure that the
chatbot provides information that reflects the latest medical research and guide-

lines.

e Scalability: Self-learning allows the chatbot to efficiently handle a growing

number of interactions without compromising on the quality of responses.

The self-learning capabilities of the Dawitech Chatbot represent a significant ad-
vancement in medical Al, ensuring that it remains a valuable tool for both healthcare

providers and patients by continually enhancing its performance and knowledge base.
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3.12.3 Voice Interaction with GPT-40mni in Dawitech Chat-
bot

The merging of GPT-40mni into the Dawitech Chatbot for vocal exchange has a big
impact. In this way, patients are not only going to chat with the chatbot but they
can talk out their thoughts. This feature lets users interact with the chatbot through
spoken words which is more natural and easier than typing text. The advantages

that come with this new feature are as follows:

e Accessibility: The voice interaction function targets those old and disabled
patients who have difficulty in typing offering a hands-free mode of communi-

cation.

e Natural Communication: talking to the chatbot creates a natural exchange
that closely resembles how people converse with each other. This fosters an
intuitive approach in the interaction which would be less daunting for users

compared to a formal exchange where questions are typed and responses given.

e Real-Time Responses: voice interaction makes it possible for both parties
involved to receive feedback as soon as they have made their contributions; this
ensures swift sharing of information that contributes significantly to enhancing

the experience of patients on the whole.

e Personalized Care: the chatbot has an ability to provide specific advice that
would be relevant and accurate for an individual thereby ensuring that any

guidance offered meets personal needs.
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e Multilingual Support: GPT-40mni has multilingual support, thus making
it capable of understanding different languages and dialects which would ensure

an effective communication with a diverse patient population.

e Enhanced Applications: medication management or appointment schedul-
ing and health education all managed through simple voice commands that

flow naturally.

This feature, enabled by voice, not only enhances the comfort and engagement
levels for patients but also helps healthcare providers deliver timely care as per the

individual’s needs.
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3.13 Dawitech’s RAG Chatbot

In the ever-evolving landscape of healthcare, technological advancements are key to
improving patient care and accessibility. Dawitech, an innovative startup, is at the
forefront of this revolution with its cutting-edge RAG (Retrieval-Augmented Gener-
ation) chatbot. Designed to provide immediate and accurate medical consultation,
this Al-driven platform is set to transform the way individuals access healthcare

information and services.

What is a RAG Chatbot? A RAG chatbot combines the power of retrieval-
based methods and generation-based models to provide comprehensive and accurate
responses. While retrieval-based methods pull information from a predefined set of
data, generation-based models create responses based on patterns and knowledge
learned during training. By integrating both approaches, the RAG chatbot ensures

that users receive both precise information and contextually relevant advice.

How Dawitech’s RAG Chatbot Works

1. Seamless User Interaction: The chatbot interface is user-friendly, allowing
individuals to easily describe their symptoms or health concerns. Users can
either type their queries or upload multimedia files, such as images or videos of
their medical conditions. This flexibility ensures that the chatbot can handle

a wide range of inquiries and provide personalized responses.

2. Advanced AI Models: Dawitech’s platform integrates state-of-the-art Al
models capable of diagnosing various health issues. For instance, users can up-

load images for brain tumor detection, derma disease identification, or malaria
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diagnosis. The AI models analyze the uploaded media and provide swift, reli-

able results, enhancing the efficiency of care delivery.

3. Comprehensive Health Information: Upon analyzing the input, the RAG
chatbot generates a detailed response. Users receive a potential diagnosis, the
causes of the condition, common symptoms, and practical advice for treatment
or further action. This comprehensive approach ensures that users are well-

informed and can make educated decisions about their health.

4. Personalized and Proactive Care: Dawitech’s RAG chatbot doesn’t just
stop at providing information; it actively engages with users to offer proac-
tive healthcare management. By analyzing user interactions and health data,
the chatbot can provide personalized recommendations and reminders for reg-
ular health check-ups, medication schedules, and lifestyle changes to prevent

illnesses.

Benefits of Dawitech’s RAG Chatbot

e Accessibility and Convenience: In an era where healthcare facilities are
often overcrowded, Dawitech’s chatbot offers a convenient alternative. Users
can access medical consultation from the comfort of their homes, reducing the

need for physical visits to healthcare centers.

e Speed and Efficiency: The integration of advanced Al models ensures rapid
analysis and response times. This speed is crucial in emergency situations

where timely medical advice can make a significant difference.

e Educational Resource: Beyond immediate consultation, the chatbot serves

as a valuable educational tool. Users can learn about various medical condi-

121



tions, their prevention, and management, empowering them to take control of

their health.

e Cost-Effective Solution: By providing instant medical consultation and re-
ducing the need for frequent hospital visits, Dawitech’s RAG chatbot offers a

cost-effective solution for both users and healthcare providers.

Monetization and Sustainability To sustain its operations and drive growth,
Dawitech employs various monetization strategies. These include subscription plans
for premium services, licensing agreements with healthcare institutions, sponsored
content, and telemedicine services. These revenue streams enable Dawitech to main-

tain high-quality service while ensuring financial sustainability.
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Figure 3.27: Architecture of Dawitech’s Retrieval-Augmented Generation (RAG)
Chatbot
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Understanding the Architecture of Dawitech’s RAG Chatbot

1. Data Source Integration: The process begins with the integration of diverse

data sources. Users can provide input in various formats, including:

e Textual descriptions of symptoms or health concerns.
e Images of medical conditions, such as skin rashes or injuries.
e Videos capturing symptoms or other relevant medical scenarios.

e Audio recordings of symptoms or patient descriptions.

These inputs are essential as they form the foundation for the chatbot’s analysis

and response generation.

2. Tokenization and Embedding: Once the data is received, it undergoes
a process called tokenization. Tokenization involves breaking down the input
data into smaller, manageable chunks of text. Each chunk is then converted into
numerical representations known as embeddings. These embeddings capture
the semantic meaning of the input data, enabling the Al models to understand

and process the information effectively.

3. Database Storage and Retrieval: The embeddings generated from the
input data are stored in a specialized database (DB). This database is designed
to facilitate quick and efficient retrieval of relevant information. When a user
query is received, the system retrieves the most pertinent embeddings from the

database to ensure accurate and contextually appropriate responses.

4. Interaction with LLaMA 3: At the core of the RAG chatbot is the LLaMA
3 model. LLaMA 3 is a state-of-the-art Al language model that excels in gen-

erating human-like text based on the embeddings retrieved from the database.
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It combines the precision of retrieval-based methods with the creativity and

contextual understanding of generation-based models.

3.13.1

e User Interaction: Users interact with the chatbot by submitting their

queries through a user-friendly interface. This could involve typing a ques-
tion, uploading an image or video, or describing their symptoms through

voice input.

Database Query: The system queries the database to retrieve the most

relevant embeddings related to the user’s input.

Response Generation: LLaMA 3 utilizes these embeddings to generate
a comprehensive and accurate response. This response may include a po-
tential diagnosis, recommended treatment options, preventative measures,

and educational information about the medical condition.

Improving Dawitech with Retrieval-Augmented Gen-

eration (RAG)

Integrate a Retrieval System

To enhance Dawitech’s capability of fetching and utilizing relevant external infor-

mation, we will implement a robust retrieval system capable of searching through

extensive medical databases.
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Combine with a Generative Model

We will merge the strengths of retrieval and generation by using the retrieved doc-
uments as additional input context for Dawitech’s generative model, ensuring more

accurate and informative responses.

Fine-Tuning and Training

Dawitech will be fine-tuned using datasets that pair queries with relevant documents
and high-quality responses, training the generative model to effectively incorporate

retrieved information.

Implementing the RAG Framework

Adopting the RAG framework involves:

e Retriever: Fetches relevant documents based on the input query.

e Generator: Uses the query and retrieved documents to generate a response.

We will fine-tune pretrained models for both components on medical-specific data.

Continuous Learning and Feedback Incorporation

We will implement mechanisms for collecting user feedback on response quality and
relevance, incorporating this feedback into periodic retraining and fine-tuning to

enhance the model’s accuracy and relevance.
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Evaluation and Validation

Rigorous testing will be conducted to validate the enhanced model’s performance
using medical benchmarks and real-world scenarios, focusing on metrics such as

accuracy, relevance, coherence, and contextual appropriateness.

Deployment and Monitoring

The enhanced Dawitech chatbot will be deployed with ongoing performance moni-
toring, using logging and monitoring tools to track interactions, detect issues, and

gather data for further improvements.
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3.14 Datasets

3.14.1 Brain tumor dataset

The ”Brain-Tumor” dataset on Kaggle is structured for brain tumor detection using
MRI images. It’s divided into training, testing, and validation sets. Te training
set includes 1,220 images with tumors ("Yes’) and 844 without ('No’). The testing
set is larger, with 6,480 "Yes’ and 7,067 'No’ images . Finally, the validation set
contains 2,220 'Yes’ and 2,136 'No’ images. This comprehensive dataset supports
the development of machine learning models for medical imaging. Figure 3.28 de-

picts the description of the dataset Brain Tumour while Fig 3.29 shows the dataset

distribution.
BD_Brain_tumour dataset description
Yes No
Train 1220 Hedd
Test 6480 7067
Validate 2220 2136

Figure 3.28: Brain tumour dataset description

Brain-tumor-detection dataset

The ”Br35H: Brain Tumor Detection 2020” dataset focuses on detecting and classify-
ing brain tumors using MRI images. It contains 3,060 MRI images divided into three
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Figure 3.29: Distribution of dataset BD-BrainTumor Dataset

folders: ’yes’ with 1,500 images of tumorous brains, 'no” with 1,500 non-tumorous im-
ages, and "pred’ for predictions . This dataset is designed to support the development
of automated classification systems using deep learning techniques like Convolutional
Neural Network (CNN) and Transfer Learning (TL), aiding in the accurate diagnosis

and treatment planning for brain tumors [3].

Table 3.30 shows the description of Brain tumor-detection.

Brain-tumor-detection Dataset Description

Yes No

1500 1500

Figure 3.30: Brain-tumor-detection Dataset Description
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Figure 3.31: Architectural Diagram of Model

129



While Fig 3.32 represents the dataset distribution.
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Figure 3.32: Distribution of dataset Brain-tumor-detection

Brain-mri-images-for-brain-tumor-detection dataset

The dataset titled "Brain MRI Images for Brain Tumor Detection” available on
Kaggle serves as a comprehensive collection of MRI images designed to support
the advancement of machine learning models for the detection of brain tumors [17].
Encompassing MRI scans of brains both with and without tumors, this dataset
facilitates the training and evaluation of models in discerning between these two
conditions. Its significance lies in its applicability for researchers and practitioners
engaged in medical image analysis and the implementation of machine learning in
healthcare. Table 3.33 provides a detailed description of the dataset for Brain MRI

Images for Brain Tumor Detection.

while the accompanying Fig 3.34 illustrates the distribution of data within the

dataset.
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Table 4 Brain MRI images for brain tumor detection

Yes No

155 S8

Figure 3.33: Brain-mri-images-for-brain-tumor-detection Dataset Description

180
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Brain MRI Images for Brain Tumor Detection
Distribution of dataset Brain-MRI-images-for-brain-tumaor-detection

Figure 3.34: Distribution of dataset Brain-MRI-images-for-brain-tumor-detection
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Image processing techniques

In our study, we employed an advanced data augmentation strategy using the Im-
ageDataGenerator class in TensorFlow. This approach systematically modifes the
training images through various transformations to enhance the model’s ability to
generalize from the training data to unseen data. Specifically, our augmentation
pipeline included rotations within a range of 15 degrees, width and height shifts
up to 5%, shear transformations up to 5%, and brightness adjustments between 0.1
and 1.5 times the original image brightness. These augmentations were carefully se-
lected to simulate potential variations in MRI imaging conditions, thereby enriching
the robustness of our model. Te following advanced techniques were harnessed to

preprocess the MRI images:

¢ Homomorphic Filtering: To further enhance the quality of MRI images, our
preprocessing pipeline incorporated a homomorphic filtering technique. This
method is particularly effective in improving the contrast of images by simul-
taneously amplifying the high-frequency components (enhancing edges and de-
tails) and suppressing low-frequency components (diminishing the effects of
uneven illumination). By applying this filter, we aimed to accentuate the fea-
tures relevant for tumor detection, such as the boundaries and textures of brain

tumors.

e Equalization: Equalization techniques were systematically applied to stan-
dardize the intensity distribution across the images. This method aimed to
enhance the contrast of the images, ensuring a more balanced representation
of pixel intensities. Consequently, this process facilitated better visualization

of subtle features, potentially aiding in the identification of tumor regions.
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e Cropping: Precision-driven cropping techniques were instrumental in isolat-
ing and extracting specific regions of interest within the MRI images. By
identifying and delineating the most relevant sections pertaining to potential
tumor sites, these techniques optimized the focus on crucial areas , reducing

computational overhead and augmenting the model’s efficiency.

e Standardization and Resizing: Consistency across the dataset was paramount.
Therefore, rigorous standardization processes were employed to ensure unifor-
mity in pixel resolutions, grayscale levels, and overall image dimensions . Resiz-
ing techniques were systematically applied to bring all images to a standardized
size, facilitating seamless integration into the model and ensuring consistent in-

put dimensions for robust and uniform model training.

Tumor: YES

REEE

Augmented Images from The Dataset

Figure 3.35: Augmented Images from The Dataset(Tumor : Yes)

Figures 3.35, 3.36 and 3.37 depicts the augmented images taken from the dataset

and algorithm one depicts steps involved in Image Preprocessing.
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Tumor: NO

arge IR b »
Augmented Images from The Dataset

Figure 3.36: Augmented Images from The Dataset(Tumor : No)

Augemented Images

Augmented Images from The Dataset

Figure 3.37: Augmented Images from The Dataset(Augmented Images)
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The algorithm 1(3.38) enhances MRI image quality to facilitate more accurate
tumor detection. It includes converting images to grayscale to reduce complexity,
applying Gaussian blur to smooth images, thresholding to highlight the tumor re-
gion, and employing erosion and dilation to refine image features. Contour detection
focuses on the tumor and cropping isolates it. Histogram equalization improves con-
trast, and homomorphic filtering adjusts image brightness and contrast, optimizing
the images for subsequent analysis.

Algorithm 1 Image Preprocessing

1. Grayscale Conversion: Convert RGB images to grayscale to reduce computational complexity while maintaining
essential structural details necessary for tumor detection,

2. (Gaussian Blur: Apply Gaussian blur to smooth the image, reducing noise and irrelevant details that could affect the
detection process.

3. Thresholding: Utilize binary thresholding to distinguish the tumor area from the rest of the brain by converting the
grayscale image into a binary image.

4. Erosion and Dilation: Employ erosion to remove small white noises followed by dilation to accentuate the main
features after erosion.

5.  Contour Finding: Identify the largest contour that represents the tumor and calculate its extreme points to focus on
the region of interest,

6. Cropping: Crop the image around the tumor region, adding optional padding to ensure no relevant details are cut
off.

7. Equalization: Apply histogram equalization to enhance the contrast, making features more distinguishable for the
maodel.

8. Homomorphic Filtering: Implement a homomaorphic filter to improve the appearance of the image by enhancing
brightniess and reducing noise.

Figure 3.38: Algorithme 1

Our image processing pipeline was further augmented with custom steps to iso-
late and enhance tumor features. After converting images to grayscale, we applied
Gaussian blurring to reduce noise, followed by a series of erosions and dilations to
refne the tumor’s shape. Additionally, adaptive thresholding was employed to seg-
regate the tumor from the background. We also explored various kernel filters to
enhance the edges and textures within the tumors, optimizing the visual inputs for

our deep learning model.
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3.14.2 Malaria detector dataset

Malaria is a very infectious disease that is caused by female anopheles mosquito.
This disease not only harms humans but also animals. If this disease not diagnosed
properly in the early stage than it can cause muscular paralysis or even death of the
patient in worst case. Due to lack of highly technical expertise in industry, it becomes
very difficult to confirm the presence of disease. In this context, the intervention of
IT must be involved for proper and rapid detection of disease. Modern day IT sectors
are putting their blood and sweat for fighting this disease by taking the help of IT
sector buzz words technologies like Machine Learning, Deep Learning and Artificial
Intelligence. These technologies have been a backbone for healthcare since the last
few years and will continue to be if used properly. This paper uses the CNN algorithm
on the microscopic image of the malaria infected blood cells to predict if an organism
is suffering from malaria or not. Our proposed model got accuracy of 95.23% and

out of 16 random images, 15 are always predicted correctly.

Background study

A. Deep CNN Deep Convolutional Neural Networks (DCNN) is the complex
neural network architecture widely used in the industry to solve complex real world
problems. DCNNs are capable of handling and processing audio, video and images
etc. DCNN proves as a very good feature extractor among all kinds of data as it has
a complex set of hidden convolutional layers within it. Real world problems in the
domains like medical science, human activities, object detection, sound classification
and many more are solved by Deep CNN. Gu et al., (2018) has explained all the
recent advances in the field of Deep CNN [18]. The productiveness of deep learning
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techniques is evolved by the continuous invention and evolution in the area of neural
networks. Khan et al., (2019) has explained some of the evolving modern day Deep
CNN architectures like AlexNet, VGG and LeNet-5. Deep CNNs are one of the major
reasons that the industry and whole world has woken up to believe in the amazing
power of Deep learning. Here is an example for a complex deep CNN architecture

[25].

Tx512
=612 .
7% s, 13%1x4096 1x1x 1000

ﬂ convolution+ReL.U

) max pooling
fully connected+ReLU

softmax

Fig. 1. A Deep CNN Architecture

B. Mathematics behind CNN

x Input

ak :  After convoluted image

k Index of kernel (weight filter)
W : Kernel (weight filter)
b : Bias
E : Cost function

C. Convolution Layer We have taken a filter/kernel matrix for feature extrac-
tion and convolve that to the original image matrix. This layer is mainly responsible

for feature extraction [24].
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For forward propagation In this layer, we pick up the important features or

k k
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For backward propagation
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the features which we require to extracted from the convolution layer. The size of

the matrix gets reduced after it passes from this layer [43].
Forward Propagation E. Fully Connected Layer This layer is very crucial
a;j = max(0,X(+s)(j+e))

Backward Propagation:
dE
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as it converts the previously processed matrix to the 1-dimensional vector which will
be further used for classification [4]. ReLU Activation Function: It is an activation

function which adds non-linearity to the graph.
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F. Output Layer As depicted by the name, the output layer is used for demon-

stration of output of our model. Sigmoid activation function:

10 1

= L= =
. o o

Sigmoid({X)

=
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=100 75 =50 =25 00 25 50 15 10.0

X

Fig. 2. Graph for Sigmoid activation function.

PROPOSED ARCHITECHTURE

Deep CNN architectures are very complex in nature as it contains multiple layers

inside it. Here’s the description of our proposed DCNN architecture.
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Fig. 3. Proposed Architecture for Malaria Disease detection.
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V. MODEL IMPLEMENTATION

A. Dataset Description We have used dataset from the official website of NIH
[27]. We have used a balanced dataset of blood cells. There are total number of 27560
images which are equally divided into two classes that are Parasitized and Uninfected
cells. We have divided the dataset into 3 categories known as training sets, test set
and validation sets. The model is trained using the train set and validated using the
validation set [36]. After the training phase is over, we have used the test set to test
the model to verify the accuracy. The dataset contained thin blood smear images
of infected and uninfected blood cells. Below are the some samples images from the

dataset which is categorized in to two classes i.e. parasitized and uninfected.

r.v
e )

Fig. 4. Parasitized Blood Smear Images.

REZET
B

Fig. 5. Uninfected Blood Smear Images.
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B.Image Augmentation

Image data generator is basically used to expand our dataset artificially to prevent
the model from overfitting and to get better training results. What the image data
generator does is, it augments the data artificially by performing various methods
like brightening, shearing the image, and rotating it left and right. It also increases
and decreases the brightness and contrast level of the image in order to artificially

create new training images [33].

C.Training the Model

After finishing the data preprocessing and image augmentation, we trained the model
on the training set and validated the model on the validation set. We have taken a
total of 22046 training samples divided into 2 classes and a total of 2756 validation

samples also divided into 2 classes.

e Loss Function: Cross-entropy loss function is a type of function or parameter
that is often used to measure the performance of the model in terms of loss.
For a problem which has binary labels as its output (often termed as binary
classification) the binary cross-entropy loss function is used [23]. For a multi-
class problem having multiple labels as its output (often coined as multiclass
classification) the categorical cross-entropy loss function is used. In our model,
we have used the binary cross-entropy loss function because our dataset has

two labels which is a binary classification problem.

e Activation Function: The activation function is considered a gateway be-

tween the input layer and its output layer. In other words, it is a type of
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function that limits the output signals to a finite value [37]. So it is important
to put an activation function just to stop the output value to a certain finite
value. We have used a Rectified Linear Unit (ReLLU) as an activation function
in the input and hidden layers. The sigmoid function is used in the output

layers as the activation function as our data has a binary label.

Optimizer: Optimizers are considered as a group of certain algorithms that
are used to change the features of the neural network such as weights and the
learning rate in order to reduce the loss. There are various optimizers like
SGD, RMSprop, Adam, Adamax, etc. [42]. Out of all these optimizers, we
have chosen the Adam optimizer for our model. We can look at the Adam
optimizer as a combination of both RMSprop and Stochastic Gradient Descent

with the momentum.

Validation and Testing: After training our model in each epoch, we are
validating our model on the random batches of 30 samples. This validation
occurs after the training of each epoch. After validating the model, we are
testing our model by taking random images from the test set and the testing

accuracy after final evaluation is coming out to be 95.44%.
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VI. RESULT AND ANALYSIS

After training our model for 30 epochs, we have tested our model on a test dataset
which is giving us an accuracy of 95.23% and the model is working well as a whole.
We are evaluating our model in various parameters which are very important for

analysis of results.

Model accuracy
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Fig. 6. Accuracy Curve.
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Fig. 7. Loss Curve.

From the above graphs, it is evident that our training and testing accuracy are
increasing progressively which means the model is learning very well with time. It

can also be seen that the loss in our model is decreasing.
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Class Precision | Recall | F1-Score | Support
Parasitized(0) 0.97 0.92 0.95 1370
Uninfected(1) 0.93 0.98 0.95 1385

Figure 3.39: Classification Results after completion of testing and training

From the above table, it is clear that our model has achieved a precision of 97%
for the parasitized class and 93% for the uninfected class. The recall for both classes
is 92% and 98% respectively, F1-Score for the both classes are 95% respectively. The
supports are 1370 and 1385 respectively. After in-depth analysis, we have tested our
model on randomly generated images from the test set. For a current instance of 12
images we get 11 correctly classified images and 1 incorrect result (denoted by red

colored text). The image is displayed below for reference.

Actual: Uninfected Actual: Parasitized Actual: Parasitized Actual: Parasitized
Predicted: Uninfected Predicted- Parasitized Predicted: Parasitized Predicted: Parasitized

Actual: Uninfected
Predicted: Uninfected
—— ——

Actual: Uninfected
Predicted: Parasitized Predicted: Parasitized Predicted: Parasitized

Actual: Parasitized Actual: Parasitized

Actual: Uninfected

Actual: Uninfected Actual: Uninfected Actual: Uninfected
Predicted: Uninfected Predicted: Uninfected Predicted: Uninfected Predicted: Uninfected

Actual: Uninfected Actual: Parasitized Actual: Uninfected Actual: Parasitized
Predicted: Uninfected Predicted: Parasitized Predicted: Uninfected Predicted: Parasitized

Fig. 8. Predicted results for randomly taken thin blood smears.

Figure 3.40: Classification Results after completion of testing and training
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FUTURE SCOPE

Malaria is a deadly disease that has taken countless lives and is on a verge to take
more. It not only affects humans but also affects a lot of organisms. It is a type of
disease for which even the World Health Organization is concerned about. The early
detection of malaria is very important to save someone life. Our proposed model
has used a famous deep learning technique popularly known as Deep Convolutional
Neural Network (DCNN). The proposed mode takes the images of a microscopic
blood samples which are the thin blood smear images and detects whether malaria
is present in that smear or not. This model can be very helpful in curing the malaria
disease at the earliest. Disease detection and healthcare applications using Artificial
Intelligence can be a new step towards the modern industrial revolution and digiti-
zation. In future, we can build a full-fledged and working application and website
which will work for detecting malaria disease. We can also embed a sensor along with
the camera device to capture the microscopic images in the microscope for detection

of malaria.
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3.14.3 Derma diseases dataset

The most prevalent form of cancer in the United States is skin cancer, with 5 million
cases occurring annually . Melanoma, the most dangerous type, leads to over 9,000
deaths a year . Even though most melanomas are first discovered by patients [40] ,
the diagnostic accuracy of unaided expert visual inspection is only about 60% [45] .
Dermoscopy is a recent technique of visual inspection that both magnifies the skin
and eliminates surface reflection. Research has shown that with proper training,
diagnostic accuracy with dermoscopy is 75%-84% . In an attempt to improve the
scalability of dermoscopic expertise, procedural algorithms, such as “3-point check-
list,” “ABCD rule,” “Menzies method,” and “7-point checklist,” were developed .
However, many clinicians forgo these methods in favor of relying on personal experi-
ence, as well as the “ugly duckling” sign (outliers on patient) . Recent reports have
called attention to a growing shortage of dermatologists per capita [26]. This has

increased interest in techniques for automated assessment of dermoscopic images .

However, most studies have used isolated silos of data for analysis that are not
available to the broader research community. While an earlier effort to create a public
archive of images was made , the dataset was too small (200 images) to fully represent
scope of the task. The International Skin Imaging Collaboration (ISIC) has begun
to aggregate a large-scale publicly accessible dataset of dermoscopy images [40] .
Currently, the dataset houses more than 20,000 images from leading clinical centers
internationally, acquired from a variety of devices used at each center. The ISIC
dataset was the foundation for the first public benchmark challenge on dermoscopic

image analysis in 2016 .
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The goal of the challenge was to provide a fixed dataset snapshot to support
development of automated melanoma diagnosis algorithms across 3 tasks of lesion
analysis: segmentation, dermoscopic feature detection, and classification. In 2017,
ISIC hosted the second instance of this challenge [45], featuring an expanded dataset.
In the following sections, the datasets, tasks, metrics, participation, and the results

of this challenge are described.

Ep e ]
]

¥

Nevus Seborrheic Keratosis

Figure 3.41: Some dermoscopy image samples of nevus, seborrheic keratosis, and
melanoma

DATASET DESCRIPTIONS AND TASKS

The image set is from the International Skin Imaging Collaboration dataset (ISIC)
[41]. This dataset is built from images labeled by Hospital Clinics de Barcelona,Medical
University of Vienna, Memorial Sloan Kettering Cancer Center, Melanoma .Insti-
tute Australia, the University of Queensland, and the University of Athens Medical
School.

In addition, the images of benign and malignant have been taken from the
Complete-Mednode-Dataset, published by the Department of Dermatology of the

University Medical Center Groningen [14] which are combined and used to conduct
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the present investigation. In general, these lesions are divided into three categories:
melanoma lesions and nevus and seborrheic keratosis, which are used to detect lesions

suspected of malignant melanoma.

For each, data consisted of images and corresponding ground truth annota-
tions, split into training (n=2000), validation (n=150), and holdout test (n=600)
datasets. Predictions could be submitted on validation and test datasets. The val-
idation submissions provided instantaneous feedback in the form of performance
evaluations, as well as ranking in comparison to other participants. Test submis-
sions only provided feedback after the submission deadline. The training, validation,
and test datasets continue to be available for download from the following address:

http://challenge2017.isicarchive.com/

Model architecture

The basis of our proposed model lies in the integration of transfer learning prin-
ciples with the renowned AlexNet architecture, thereby enhancing its performance
within the context of our specific dataset. To accomplish this, we embark on a
layered approach, supplementing the pre-trained architecture with additional layers
through the application of transfer learning techniques. In essence, we amalgamate
the weights garnered from the training of the ImageNet dataset using VGG16 archi-
tecture with those associated with both the initial three layers and the concluding
two layers of our tailored AlexNet variant. This intricate fusion of weights and ar-
chitectural components not only imparts a sophisticated depth to our network but
also endows it with a broader capacity to discern intricate patterns within the data.

Moreover, the amalgamation of these diverse
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Figure 3.42: A view of the customized CNN artichecture.

sources of knowledge mitigates overfitting tendencies, a feat that can be at-
tributed to our strategic implementation of the dropout method. This approach
introduces a deliberate element of randomness during training, thereby curbing the
network’s inclination to excessively fit the training data. Through these meticulous
steps, our model emerges as a robust solution that not only harnesses the strengths
of transfer learning and architectural customization but also effectively manages the

delicate balance between model complexity and overfitting prevention [38].

The proposed model has been implemented on kaggle along with the other ar-
chitectures as reference. We have considered 100 rounds for the training of each
network, but at the same time, the early stopping technique has been used to stop
the training process to reach the highest available performance in the fastest possible
time [21]. Finally, based on our problem of classifying the image set into two classes,

the last layer of the neural network has been implemented with 2 neurons. For the
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core part, ImageNet weights were used for the weights of the proposed network; how-
ever, since the images under investigation are medical microscopic images, we freezed
the weights of the first three layers of the network. Usually, to implement transfer
learning, it is customary to freeze the last two layers, but due to our examination of
dermoscopy images, to better detect the boundaries of the lesion, we have also kept

the weights of the few first layers, and used the ImageNet weights for the rest .

Figure 3.43 depicts the schematic of the presented CNN model with the applica-
tion of the customized transfer learning scheme. Particularly, the customization of
the network improves the ability of the algorithm to well detect the lesion bound-
aries, and also increases the speed of convergence and improves the accuracy of model

training.

convl - Convolution

224x224x64

Relu

conv2 - ¢

224x224x128 - MaxPoolin
g

conv3

224%224%256 - FCL

Transfer Leaning
(Vggl6-veggl9) I

1x1 Soft Max

Figure 3.43: Proposed transfer learning to Customize CNN
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Figure 3 shows some examples of both cases. In general, the size of the images
are 224 x 224 pixels. It is noteworthy that, especially, since each network architecture
implementation requires a particular specifications for the input images, we employed
a pre-processing function for each case. Some researches conducted in the field tried
to generate more images in their data set by cropping or rotating the images or

weighting the data. However, in present study, we integrated several datasets to

avoid the utilization of duplicated image.

.

Fig. 3 The first row shows some examples of melanoma lesions, and the second row some examples
of harmless moles

Results and Discussion

In order to present the effectiveness of the proposed model, Figure 4 illustrates
the accuracy and performance of our customized transfer learning network based
on VGG16 in comparison with the performance of the reference transfer learning
network [46]. As can be observed, the detection accuracy increases from 96.5% to

97.51%. Moreover,

152



Table 1 Comparison results based on evaluation criteria in percent.

Architecture Train Validation | Test k-fold Test Sensi- | Test Speci-
Accuracy | Accuracy | Accuracy | Accuracy | tivity ficity
Modified AlexNet | 97 96.5 91 95.81 90.9 90.8
VGG16 98 97.5 92.5 97.51 96.6 95.4
VGG19 98.7 98.4 94.2 98.18 98.08 98.2
orginal transfer Learning( VGG1 6)|
Proposed Transfer Learning( VGG1 6)|
0.98
e\ S
J y
0.97 ) —
[&]
Q
<
096
095 |
50 100
Epoch

Fig. 4 A comparison chart of Transfer Learning changes based on VGG16, Green: Model perfor-

mance using normal transfer learning, Red: Model performance using modified transfer learning

Figure 5 shows the difference between the use of transfer learning network based

on VGG-19 and the model that we have set up. In particular, it is evident that higher

accuracy can be reached with the passing of fewer epochs (from 97% to 98.4%).
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Fig. 5 A comparison chart of Transfer Learning changes based on VGG19, Green: Model perfor-
mance using normal transfer learning, Blue: Model performance using modified transfer learning

Ablation Study

In this experiment, we conducted three separate runs, systematically excluding each
of the newly introduced layers, and assessed the resulting impact on the network’s
performance. The outcomes clearly underscored the remarkable efficacy of the added
layers, as the omission of any single layer invariably led to a noticeable decline in
accuracy. This compelling evidence highlights the indispensable contribution of each
layer to the overall functionality and effectiveness of the network, reaffirming their

role in enhancing the model’s performance and robustness.
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Optimizer Selection

In this experiment, we looked at different optimizers. We focused on two specific
ones: SGD and Adam. We compared how well they worked and put the results into
a graph shown in Figure 6. From the graph, it’s pretty clear that the Adam optimizer
performed better than the SGD optimizer. This finding is important because it helps

us understand which optimizer is more effective for our specific experiment.

K-fold Cross Validation

We employed K-fold cross-validation algorithm in order to evaluate and obtain a re-
liable prediction regarding the true performance of the proposed model to accurately
detect the skin lesion between unseen data. Moreover, we can exploit the method to
obtain the most optimal values for the hyperparameters of the implemented neural
network. We assumed the value of 10 for the K. The average accuracy obtained
from the modified VGG-16 and VGG-19 training architecture by employing K-fold

method was upper than 97.5%. Table 1 summarizes the details.

Early Stopping

Two methods have been exploited to prevent overfitting. The first is the dropout
setting and the second is the early stopping, as can be seen in the following graphs.
By using early stopping, the time required for data processing is significantly reduced.
Figures 6 and 7 compare the results of the method as advanced by early stopping with
the reference cases for the both VGG-16 and VGG-19 based architecture networks.
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Fig. 6 Comparison of SGD and Adam optimizers.
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Fig. 7 Comparing the results of the validation data on VGG-16 when the early stop is used with
when the early stop is not used.
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In order to evaluate the performance of the proposed model in comparison with
other models, Table 2 summarizes and compares the results of the present study and
researches reported in the literature. It can be observed the proposed TL method can
achieve significant accuracy with relatively low workflow in comparison with other

methods.

As the wrap-up, the examination of skin lesion images is a challenging task due
to high degree of similarity between the images; however, based on the modification
that was introduced into the transfer learning method, we could beneficially increase
the accuracy of the detection. Table 2 summarizes the superiority of the proposed
model in present paper over the reference studies. The table present the average

values.

Transfer learning has caught the interest of many researchers for enhancing model
performance, but there are still details of each dataset that need to be taken into
consideration while training the network. This paper explores this complex field
aiming to boost the abilities of deep networks not by blind adjustment of weight
values, but by careful adaptation to the demands of detecting various visual concepts

through fine-tuning both layer configuration and weight distribution.
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3.15 Conclusion

The dawitech corporation gives a presentation of the general architecture and func-
tioning of its system; where it highlights the monitoring of health at a distance,
tracking patients through GPS in real time for surveillance purposes which constitute
major components that make up active health management. The system is designed
to learn by itself from an advanced level which is meant to help it in providing con-
tinuous improvement reliable personalized health care support. The deep learning
models introduced by dawitech have high accuracy plus robustness. For instance,
they are used in detection of brain tumors, malaria or derma diseases. DawiTech’s
use of chatbot as an interface has made significant improvements in user experience
and patient-provider communication: the chatbot is capable of self-learning and
voice interactions through GPT-40mni hence more effective in intelligent context-
aware healthcare delivery, making DawiTech a notable milestone achieved towards

provision of digital healthcare at par with individual needs.
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General conclusion

dawitech’s Al-based chatbot is an emerging leader in the healthcare sector with a
distinctive fusion of state-of-the-art technology and ease of use. Its primary aim is
to offer immediate medical guidance, fast determination of diagnosis and individu-
alized treatment proposals. In creating the platform, we merged advanced artificial
intelligence algorithms and natural language processing that can effectively analyze
both text and multimedia input this guarantees precision in diagnosis and viable
treatment suggestions. The cloud-based infrastructure presents itself in the form of

smooth scalability plus reliability: two properties that make it suitable for any.

The remedy for healthcare institutions and end users both. Dawitech’s platform,
which has the capability of lightening the load on health centers and making qual-
ity care readily available at any time and place, is set to revolutionize the realm
of health services an indispensable resource for individuals in search of top-notch

medical support.
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Future work

Continuing our strides to push Dawitech forward, we have indeed hit 70% of the
initial goals and we celebrate that as a success. As we take step after step into the
future, our aim is to make sure that the system evolves to reach 100% capability. It
calls for going deeper into the core of Generative Al model refinement without any
compromise on sophistication which demands including self-learning mechanisms de-
veloped from patient feedback in more advanced ways; it also calls for optimization
of GPS-based features meant for patient monitoring with an aim of ensuring quality
service during emergency response. These are continuous improvements we are work-
ing on with keen dedication: hoping that through these enhancements the support
will be more reliable, personal and efficient for each individual relying on Dawitech

for their healthcare needs.
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