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Abstract:

This research focuses on the application of deep transfer learning in disease analysis
using biomedical data. This research explores the application of deep transfer learning
models, such as ResNet50, DenseNet-121, and EfficientNet-B3, in analyzing brain
tumors, Alzheimer's disease, respiratory diseases, skin cancer, and gastrointestinal

diseases.

Résumé:

Cette recherche se concentre sur I'application de I'apprentissage par transfert profond
dans I'analyse des maladies a I'aide de données biomédicales. Cette recherche explore
I'application de modeéles d'apprentissage par transfert profond, tels que ResNet50,
DenseNet-121 et EfficientNet-B3, dans I'analyse des tumeurs cérébrales, de la maladie
d'Alzheimer, des maladies respiratoires, du cancer de la peau et des maladies gastro-

intestinales.
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INTRODUCTION GENERAL

Artificial intelligence (AI) and biological data analysis have advanced significantly in
recent years, providing new opportunities for disease diagnosis, treatment planning, and
patient monitoring. Biomedical data, which includes a variety of medical imaging and
clinical data, is crucial in revealing the complex mechanisms underlying different health
disorders. The use of Al methods, especially deep learning and transfer learning, has
emerged as a game-changing method for gleaning relevant information from this vast
amount of biomedical data[l].

Biomedical data can be collected through various imaging techniques such as X-ray,
PET, CT, microscopic, RGB, MRI, CT, and PET. Combining data from multiple
modalities helps clinicians and researchers gain a better understanding of complex
medical diseases, leading to more accurate diagnoses and treatment decisions.

AT involves developing computational systems for tasks traditionally requiring human
intelligence. ML focuses on algorithms that enable computers to learn from data without
explicit programming. Deep learning, a relevant ML subfield, autonomously extracts
features and patterns from biomedical images. This improves disease characterization
and diagnostic precision by revealing hidden structures. Transfer learning, a powerful
method, addresses challenges in processing biomedical data by transferring knowledge
from pre-trained models to enhance performance on smaller or specialized datasets with
fewer data points[2].

This research specifically focuses on applying deep transfer learning in disease analysis
using biological data. It provides a comprehensive review of cutting-edge methods for

analyzing biomedical data related to brain tumors, Alzheimer’s disease, respiratory



illnesses, skin cancer, and gastrointestinal diseases. The study emphasizes the importance
of deep transfer learning models such as ResNet50, DenseNet-121, and EfficientNet-B3,
as well as the role of data augmentation techniques in enhancing their effectiveness.
To provide empirical evidence, the study adopts an experimental approach that includes
data description, evaluation metrics, and testing experiences. By comparing different
parameters and evaluating the impact of data augmentation, the research unveils the
efficacy and potential of deep transfer learning models in disease analysis. Moreover, it
highlights practical applications and offers guidance on the optimal utilization of these
methods in clinical settings.

The use of artificial intelligence, in particular deep transfer learning, to the study of
biomedical data has enormous potential for improving patient care, illness detection, and
therapy. Researchers and doctors can access a wealth of information by fusing advanced
algorithms with large biomedical databases, resulting in more precise and effective illness

analysis. In the long run, this interdisciplinary strategy has the potential to greatly
enhance clinical results, increase our comprehension of complicated medical diseases, and

influence the direction of healthcare.
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1.1 Introduction

In recent times, the development and use of artificial intelligence (AI) in medicine has
seen a surge due to the increasing number of computer hardware and software
applications and the digitization of health data. This advancement poses new

opportunities, challenges, and potential directions for Al in healthcare.
In this chapter, we will look at the biomedical data available today, and particularly
focus on biomedical images. We will also explore Al and its capacity to play a major role

in the healthcare sector.

1.2 Biomedical data

From the beginning, the concepts of illness and its treatment were intertwined with those
of data observation and analysis. Whether we consider the illness descriptions and
management instructions in early Greek literature or the current physician’s utilization
of complicated laboratory and X-ray tests, it is evident that data collection and
interpretation are critical components of the health care process. As a result, a textbook
on computers in biomedicine will frequently relate to data collecting, storage, and usage
difficulties. This chapter establishes the groundwork for this repeating collection of
concerns that are relevant to all elements of computer usage in biomedicine, both
clinically and in applications connected to biology and human genetics.

Data are important to all medical treatment since they are critical to the
decision-making process. In reality, a simple examination will demonstrate that all
medical care actions include the collection, analysis, or use of data.

Data serve as the foundation for classifying a patient’s issues or identifying subgroups
within a patient population. They also assist a physician in determining what more
information is required and what steps should be done to get a better understanding of a

patient’s situation or to treat the problem that has been identified most effectively [3].



CHAPTER 1. BIOMEDICAL DATA AND Al
1.3 BIOMEDICAL DATA TYPES

The term ”"medical imaging” describes a variety of methods used to view particular body
areas for use in clinical diagnosis and medical treatment. The functionality of a tissue or
organ can also be visualized using medical imaging. With the use of medical imaging
technology, doctors may look within the bones and skin to make diagnoses and
administer treatment. Researcher-useable datasets for physiology and normal anatomy
are also produced with the aid of medical imaging [4].

Medical imaging is a subset of the larger discipline of biological imaging, which

encompasses a wide range of imaging methods, including

1.3.1 Magnetic Resonance Imaging (MRI)

Magnetic Resonance Imaging or MRI is a non-invasive means of mapping the interior
structure of the body as well as some aspects of function. It employs nonionizing
electromagnetic radiation and appears to pose minimal exposure risk. It generates
high-quality cross-sectional pictures of the body in any plane by using radio frequency
(RF) radiation in the presence of properly regulated magnetic fields. The MR image is
created by putting the patient within a huge magnet that generates a reasonably high
external magnetic field. This causes the nuclei of numerous atoms in the body, including
hydrogen, to align with the magnetic field, and the RF signal to be applied later.
Compute detects and uses energy emitted from the body to generate the MR picture [5],

as indicated in Figure 1.1 .

1.3.2 X-Ray imaging

X-rays use invisible electromagnetic energy beams to produce images of internal tissues,

bones, and organs on film or digital media. They are used to diagnose tumors and bone

injuries, and pass through body structures onto specially-treated plates or digital media.
The more solid a structure is, the whiter it appears on the film.

When the body undergoes X-rays, different parts of the body allow varying amounts of
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MRI scanner

Figure 1.1: The magnetic resonance imaging (MRI) scanner

the X-ray beams to pass through. The soft tissues in the body (such as blood, skin, fat,
and muscle) allow most of the X-ray to pass through and appear dark gray on the film or
digital media. A bone or a tumor, which is more dense than soft tissue, allows few of the
X-rays to pass through and appears white on the X-ray. When a break in a bone has
occurred, the X-ray beam passes through the broken area and appears as a dark line in

the white bone as showing in Figure 1.2 [6].

Figure 1.2: X-Ray images
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1.3.3 PET images

Positron Emission Tomography (PET) involves injecting a radioactive tracer into the
body, which emits positrons that travel a short distance in tissue before being
annihilated with an electron, producing two photons of equal energy. PET scanners
contain rings of scintillation detectors that register thousands of coincidence events per
second, allowing the paths of the photons to be traced and the source of positron
annihilation to be determined. This data is used to create a tomographic image using
reconstruction software as indicated in Figure 1.3.

PET uses a radioactive tracer to produce images of the body. When the tracer emits
positrons, they travel a short distance before being annihilated with an electron,
producing photons that are detected by a ring of scintillation detectors. The data from
these detectors is used to determine the location of the source of positron annihilation

and create a tomographic image [7].

Figure 1.3: Positron emission tomography system
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1.3.4 CT images

A computerized tomography (CT) scan is a diagnostic imaging process that creates
images of the inside of the body using X-rays and computer technologies. In 1971, a
patient’s brain anatomy was first visualized with CT in the UK.

CT is a crucial diagnostic technology that is employed to assess a variety of medical
disorders. Recent developments in CT technology include the extreme multidetector CT,
iterative reconstruction techniques, dual-energy CT, cone-beam CT, portable CT, and
phase contrast CT, all of which have already had or are anticipated to have a substantial
therapeutic impact [8].

CT scans provide a high-resolution view of the body’s internal compartments, such as
adipose tissue, skeletal muscle, bones, and organs. Advanced CT technology allows for
the accurate differentiation between the visceral and subcutaneous fat, as well as the
cortical and trabecular bone, which is highly valuable in medical studies. The images
also enable the detection of components within the subcutaneous adipose tissue, muscle
and liver fat, as well as determining the attenuation and mineral density of skeletal
muscle, which can be related to metabolic disorders. Accurate and reproducible
measurements of the area and volume of each human body compartment can be
obtained from CT scans, with the help of methods like manual planimetry,

semi-automatic segmentation, stereological point-counting, and geometrical models[9].

1.3.5 Microscopic images

Microscopic images are magnified images of small objects that are too small to be seen
with the naked eye. These images are usually captured using a microscope, which
magnifies the object by a factor of 10 to 1000 times, allowing the viewer to see intricate
details. Microscopic images can be used to observe a range of biological objects,
including cells, bacteria, viruses, and other small organisms.

They can also be used to view non-biological specimens, such as crystals and minerals.

Microscopic images are invaluable for scientists and medical professionals, as they allow
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B

Figure 1.4: Computerized tomography (CT)

for detailed analysis of the observed objects.

1.3.6 RGB data pictures (Retinal)

Healthcare professionals in this manner take RGB photographs of the organs the patient
requires. Typically, a high-precision camera or a microscope is used to capture these
images. a crucial imaging technique for examining the interior organization of organs like
the eye. It is mostly utilized as a non-invasive, quicker way to detect pathological or
physiological changes in the retina.

These pictures were taken with a fundus camera that works on the basis of two
monocular images. As seen in Figure 1.6, retinal fundus scans are acquired under the
direction of specialists to look for abnormalities within the retina [10].

Diabetic Retinopathy (DR) is a serious medical condition in which the blood vessels of
the retina become damaged, leading to the leakage of fluids and blood. This damage can
cause severe vision loss if left untreated and is the leading cause of blindness in diabetes

patients. Early diagnosis of DR is essential, and regular retina screenings are key to
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Figure 1.5: blog-coronavirus-vail

identify the condition at an early stage. DR is characterized by the emergence of various
types of lesions on a retina scan, such as microaneurysms (MA), haemorrhages (HM),
and soft and hard exudates (EX). Treatment options vary but may include laser therapy,

medication, and surgery.

1.3.7 Other data images

Ultrasound: High-frequency sound waves are used in ultrasound imaging, also known
as sonography, to view within the body. Due to the fact that ultrasound images are
collected in real-time, they can also display blood moving through blood arteries and

internal organ movement [11].

Endoscopy: A test to examine your internal organs is an endoscopy. An endoscope is a
long, thin tube with a tiny camera inside that is inserted into your body through a
natural orifice, like the mouth [12].

Elastography: A non-invasive medical imaging technique called elastography can be
used to assess the rigidity of organs and other body components. The liver is most
frequently evaluated using it.

The liver is subjected to painless, low-frequency vibrations during elastography. The

speed at which these vibrations flow through the organ is measured using ultrasound
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Figure 1.6: Diabetic Retinopathy

(US) or magnetic resonance imaging (MRI). This data is used by a computer to produce
a visual representation of the liver’s stiffness (or elasticity) [13].
In addition, we can cite other biomedical imaging techniques like tactile imaging,
thermography, single-photon emission computed tomography (SPECT) and medical

photography.
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Figure 1.9: Elastography
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1.4 ARTIFICIAL INTELLIGENCE

1.4.1 Definition of Al

The definition of AI proposed by Schuett[14] emphasizes that Al systems are designed by
humans and operate in both the physical and digital realms. These systems are designed
with a complex goal in mind, and their ability to perceive their environment is critical to
achieving that goal. To do this, Al systems use data acquisition methods to collect
structured and unstructured data, which they then interpret and reason on to derive
knowledge and information. Based on this knowledge, they make decisions about the
best action(s) to take to achieve the given goal.

It is worth noting that Al systems can use different approaches to achieve their
objectives. These approaches may include rule-based methods, where the system follows
pre-determined rules to make decisions, logic-based methods, where the system uses
reasoning and inference to make decisions, or learning-based methods, where the system
learns from examples and data to make decisions. Often, Al systems will use a
combination of these approaches to achieve their goals, and the specific approach used
will depend on the context and the nature of the problem being solved. Overall, the
proposed definition of Al provides a comprehensive understanding of the key
characteristics of these systems and the various methods they use to achieve their
objectives, as showing in the figure 1.10 [15] below: .

Al can be divided into two types: narrow or weak AI, and general or strong Al. Narrow
AT is designed to perform a specific task, while general Al can perform any intellectual
task that a human can do, and can reason, learn, and adapt to new situations.

AT has the potential to revolutionize many industries and fields, from healthcare and

transportation to finance and education [16].

1.4.2 Historical background

Artificial intelligence (AI) has its roots in the early 20th century, with the concept of

“robotics” first introduced in Karel Capek’s novel R.U.R. in the 1920s. In the 1940s and
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Artificial intelligence

Logistic
regression

" Machinelearning .
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Neural network
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Figure 1.10: Venn diagram of artificial intelligence (AI), machine learning (ML), neural
network, deep learning, and further algorithms in each category

1950s, researchers began exploring the mathematical basis for Al, with early work by
Alan Turing and others. The term ”AI” was first coined by John McCarthy in 1955 and
the Dartmouth Conference in 1956 marked the birth of modern AI research.
The history of artificial intelligence (AI) is lengthy and includes various eras. Following

are some significant occasions and turning points in AT history [17], listed by era:

e Before 1950: Early computer pioneers like Charles Babbage and Ada Lovelace laid

the foundation for the creation of Al

e The 1950s and 1960s were the ”"golden age” of Al, which was characterised by the
Dartmouth Conference and the earliest developments in computer vision, natural

language processing, and machine learning.

e 1970s-1980s: The ” Al winter,” a time of decreased funding and interest in Al as a

result of overly optimistic predictions and a lack of advancement.
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e 1970s-1980s: The ” Al winter,” a time of decreased funding and interest in Al as a

result of overly optimistic predictions and a lack of advancement.

e The 1990s and 2000s saw a renaissance in Al thanks to developments in robotics,

natural language processing, and machine learning.

e the 2010s and continues today, the development of virtual assistants and self-driving
cars, as well as improvements in image recognition, natural language processing, and

game play, are all hallmarks of the deep learning revolution, which started in.

Artificial Intelligence in Medicine has evolved Al has the potential to transform
healthcare by improving patient outcomes and reducing medical errors through the use
of machine learning and deep learning techniques. These techniques enable the analysis
of large amounts of medical data, such as electronic health records, medical images, and

genomics data, to identify patterns and insights that can help clinicians make more
informed decisions. Furthermore, Al can be used to develop predictive models that can
identify patients at risk of developing specific diseases or complications, leading to early
intervention and preventive measures. However, data quality and privacy concerns need

to be addressed before the full integration of Al into medicine can be realized [18].

1.4.3 Machine learning ML

Machine Learning is a subfield of Artificial Intelligence that involves developing
algorithms and models that can automatically learn patterns and insights from data
without being explicitly programmed. Machine Learning is a powerful tool for solving
real-world problems, as it allows organizations to extract valuable information from their
data and make data-driven decisions.

The Machine Learning can be divided into three main categories: supervised learning,
unsupervised learning, and reinforcement learning table 1.1 .

The Machine Learning has a wide range of applications, including image and speech

recognition, natural language processing, fraud detection, and predictive maintenance,
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Table 1.1: Machine Learning categories.

Categories Algorithms
Linear Regression, Decision Trees, Random For-
est, Support Vector Machines

Supervised Learning

K-Means Clustering, Principal Component
Analysis, Apriori Algorithm
Reinforcement Learning | Q-Learning, Deep Reinforcement Learning

Unsupervised Learning

among others.[18].

1.5 Deep learning DL

Deep Learning is a subfield of machine learning that employs neural networks with
multiple layers to learn representations of data with multiple levels of abstraction. It is
able to learn from large amounts of data with minimal human intervention and has
shown remarkable performance in a variety of applications, including computer vision,
natural language processing, and speech recognition [19].

Traditional learning relies on hand-crafted rules and expert knowledge, while Deep
Learning learns features directly from data without explicit programming. Deep
Learning uses neural networks with multiple layers to learn complex representations from

large datasets and generalize to new data as showing in the figure 1.11.

1.5.1 Deep learning techniques

Deep Learning is a subfield of machine learning that involves training neural networks
with multiple layers to perform complex tasks, such as image recognition, speech
recognition, and natural language processing.

Deep Learning techniques include Convolutional Neural Networks (CNNs) for image
processing, Recurrent Neural Networks (RNNs) for sequential data, and Generative

Adversarial Networks (GANs) for generating realistic synthetic data. [20].
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TRANDITIONAL MACHINE LEARNING

Input Feature Extraction Classification Output
DEEP LEARNING
Ly [V ¥y ¥y
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Input Feature Extraction + Classification Output

Figure 1.11: Deeplearning and tarnditional learning

Convolutional Neural Networks (CNNs)

Convolutional neural networks (CNNs) are a subclass of deep neural networks that excel
in analyzing 2D data, such as photographs. Convolution is a technique used by CNNs,
which includes computing the dot products between the input and the filter at each
position while sliding a filter (sometimes referred to as a kernel) across the input data
(figure 1.12). This process creates a feature map that highlights the input’s components
that are most crucial to the job at hand. CNNs may learn progressively complicated
representations of the input data by stacking numerous convolutional layers, pooling
layers, and fully connected layers. As a result, they are able to perform at the cutting

edge on a variety of image identification, classification, and segmentation tasks[21].

image patch hidden layer 1 hidden layer 2 final layer
1 layer 4 feature maps 8 feature maps 4 class units
36x36 28x28 14x14 10x10 5x5

7 ! T'\.

convolution max convolution max convolution
(kernel: 9x9x1) pooling (kernel: 5x5x4) pooling  (kernel: 5x5x8)

Figure 1.12: Convolutional Neural Networks scheme architecture
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Recurrent Neural Networks (RINNs):

Recurrent Neural Networks (RNNs) are a subclass of neural networks that, as shown in
figure 1.13, may handle sequential data by keeping an internal state, or ”memory,” of
prior inputs. This enables RNNs to learn and predict patterns in text data, such as
natural language phrases, as well as time series data, such as market prices or audio
signals. RNNs employ feedback connections to let information to flow from one time step
to the next, which enables them to analyze current inputs while taking into
consideration the context of earlier inputs. As a result, RNNs are particularly useful for
applications like language modeling, speech recognition, and machine translation that
call for a comprehension of sequential information. In recent years, there have been
significant advances in the design and training of RNNs, including the use of Long
Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU) cells, which have greatly

improved their performance on a range of applications.

Recurrent Neural Network

@ input Layer 3 @ Hidden Layers @ output Layer

dataaspirant.com

Figure 1.13: Recurrent Neural Network architecture
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Transfer Learning

Using information from one task to improve performance on a related activity is a
component of the machine learning approach known as transfer learning. In transfer
learning, a model trained on a source task can be adjusted for a target task by leveraging
the knowledge and representations learned from the source task. When the target task is
linked to the source task, as in figure 1.14, or when there are limited data sources for the
target work, this strategy can be extremely beneficial.

Several different applications, such as speech recognition, computer vision, and natural
language processing, among others, have successfully exploited transfer learning. Transfer
learning makes it possible for models to use data from related activities, reducing the

amount of data needed for model training and improving model performance. [22].

Transfer Learning

Task 1

Predictions1

Knowledge transfer

l Data2 { Model1 ]—P[ Predictions2

Figure 1.14: Transfer Learning

Generative Adversarial Networks (GANs)

A 7generative adversarial network” (GAN) is a deep learning system that combines two
opposingly trained neural networks, the discriminator and the generator. In figure 1.15,
this training procedure is depicted. The generator learns to create current synthetic data

while the discriminator learns to distinguish between real and false data. GANs have
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been used for a number of tasks, including as style transfer, text-to-image synthesis, and
the creation of both still and moving pictures. Yet there are still problems that need to
be fixed, such mode collapse and training stability, which has inspired continuing

research projects to improve and broaden the capabilities of GANs.

Real i

sso|
Jojeujwiiasiq

Discriminator

— Generator | —» Sample

sso|
Jojesausn

Random input

Figure 1.15: Generative Adversarial Networks diagram

Other technique

Autoencoders: Autoencoders are a particular variety of feedforward neural network
where input and output are the same. Autoencoders were created by Geoffrey Hinton in
the 1980s to address issues with unsupervised learning.

Deep Belief Networks (DBNs): DBNs are generative models made up of a number
of layers of latent, stochastic variables. Latent variables, often known as hidden units,
have binary values. Each RBM layer in a DBN can communicate with both the layer
above it and the layer below. For image, video, and motion-capture data recognition
DBNs are employed.

Long Short-Term Memory (LSTM) Networks: LSTMs are a type of Recurrent
Neural Network (RNN) that can learn and memorize long-term dependencies. Over
time, LSTMs preserve information. Because to their ability to recall prior inputs, they
are helpful in time-series prediction. LSTMs are frequently employed for voice
recognition, music creation, and drug research in addition to time-series predictions.

Multilayer Perceptrons (MLPs): MLPs are a kind of feedforward neural networks
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that contain many layers of activation-function-equipped perceptrons. A completely
coupled input layer and an output layer make up MLPs. They may be used to create
speech recognition, picture recognition, and machine translation software since they have
the same number of input and output layers but may have several hidden layers.
Restricted Boltzmann Machines (RBMs): This deep learning algorithm is used for
dimensionality reduction, classification, regression, collaborative filtering, feature
learning, and topic modeling. RBMs constitute the building blocks of DBNs [23].
Each of these methods has certain advantages and disadvantages, and the best method
to use will frequently depend on the particular issue at hand. To overcome the
difficulties of practical applications, deep learning researchers and practitioners are

continually creating new methods and improving those that already exist.

1.6 Transfer Learning

1.6.1 Transfer Learning Technique

TRANSFER LEARNING in the context of computer vision and deep learning. P(X) is a
distribution of values contained in X that produces a set of images. In an image
classification problem, Y has all the possible labels, for example cats or dogs. f() is the
deep learning model trained to classify an image x into a label y, that can be one of the
labels in Y. The training process consists of updating this model based on the domain D,
as shown in Figure 1.16 .

This model may be enhanced by transfer learning using the information from a source
domain (DS) and a source task (TS). Transfer learning is not relevant when the source
and target domains are the same since both the source and the target are attempting to

resolve exactly the same problem [24].
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Feature space X

Learning Task 7s (source)

Dataset 1 (source) Model Labels

P(Xs) Is() Vs

{

Learning Task T (target)

Dataset 2 (target)
P(Xr)

Model Labels
f‘f' ( } y’r

Figure 1.16: Representation of transfer learning [23]

1.6.2 Advantages of Transfer Learning

Transfer learning’s primary advantages are resource savings and increased effectiveness
while developing new models. Also, since the majority of the model will have already
been trained, it can aid with model training when only unlabelled datasets are

available.[25]. Here are some of the advantages of transfer learning:

1. Reduced Training Time: Transfer learning allows the reuse of pre-trained models
and their associated weights, which significantly reduces the amount of training data
and computational resources required. This leads to faster training times, allowing

for the rapid development and deployment of deep learning models.

2. Improved Model Performance: Pre-trained models are often trained on large
datasets, and therefore, they have learned rich representations of the input data. By
leveraging these pre-trained models, transfer learning can improve the performance
of the model on the new task, even when only limited amounts of labeled data are

available.

3. Better Generalization: Transfer learning enables the model to learn more robust
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and generalized features that are transferable across different tasks and datasets.
This leads to better generalization capabilities of the model, making it more effective

in real-world scenarios.

4. Requires Less Data: Transfer learning can be used to train models with less
data, making it ideal for scenarios where only limited amounts of labeled data are

available.

5. Cost-Effective: Transfer learning reduces the cost of training deep learning mod-
els by reusing pre-trained models and their associated weights, which significantly

reduces the amount of computational resources required.

1.6.3 Framework for Transfer Learning

Microsoft Cognitive Toolkit (CNTK): CNTK is an open-source deep learning
framework developed by Microsoft Research. It supports various neural network
architectures, including Feedforward, Convolutional, Recurrent, LSTM, and
Sequence-to-Sequence networks. Users define networks using a configuration file, and it
provides multiple language APIs for CPU or GPU execution. CNTK is designed to be
efficient, minimizing computations, memory usage, and system resources.[26].
TensorFlow: TensorFlow is an open-source framework developed by Google Brain for
building and executing large computing graphs. It uses a data flow graph to represent
numerical operations, allowing for flexibility and experimentation with deep neural
network models. TensorFlow is utilized in various industries to put machine learning
systems into practice. It supports multiple language APIs, including Python, C++, and
Java, making it accessible to developers from different programming backgrounds. [26].
Keras: Python was used to create the open source DL framework. It utilizes the
CNTK, Theano, or TensorFlow frameworks as its base. In 2015, Google developer
Chollet established Keras as a component of the ONEIROS (Open-ended
Neuro-Electronic Intelligent Robot Operating System) research project. Deep neural

network rapid expression and simple, quick prototyping are made possible by Keras’
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design (modularity and extensibility) [26].

PyTorch: PyTorch is a machine learning framework produced by Facebook in October
2016. It is built on the well-liked Torch library and is open source. designed to offer
excellent flexibility and quick construction of deep neural networks. As opposed to other
deep learning frameworks, PyTorch makes advantage of dynamic computation graphs. In
contrast to dynamic graphs, which are generated ”on the fly” through forward
computing, static computational graphs (such as those used in TensorFlow) are specified
before execution. In other words, every iteration involves starting again with the graph.
[27].

There are several popular frameworks available for implementing transfer learning, each
with its own advantages and disadvantages. this is most popular frameworks for transfer
learning that provide rich APIs and tools for building and training machine learning

models.

1.6.4 Transfer Learning Models

Machine learning models may now be trained effectively via transfer learning. We can
enhance a model’s performance on a separate but related task or domain by applying
what model learn from one task or domain. Many transfer learning models have been
put out recently and have produced cutting-edge outcomes on a variety of tasks. this
some of the popular transfer learning models:
For computer vision:

VGG Family: The network is distinguished by its simplicity, consisting merely of a
stack of three 3x3 convolutional layers on top of each other, with the max-pooling layers
handling the growing depth and volume size. Then comes a softmax layer, which is
followed by two fully linked layers with 4096 nodes each. [28].

ResNet: ResNet is a type of unusual architecture that depends on microarchitecture
modules, which the architecture refers to as a network. The set of components known as

microarchitecture is what is utilized to create a brand-new network. First introduced by
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Kaiming He in 2015 [29].
For NLP tasks:

BERT: In 2018, Google created the pre-trained NLP model known as Bidirectional
Encoder Representations from Transformers BERT. It uses a transformer-based
architecture to train a model that is capable of completing a variety of tasks at a SOTA
level. In 11 NLP tasks, including the Stanford competitive QA dataset, Google
demonstrated its capabilities [30].

GPT-3: Pre-trained NLP models were produced by OpenAl. A 10x larger model than
earlier ones, GPT-3 is a large-scale transformer-based language model that was trained
on 175 billion parameters. The business has demonstrated its exceptional abilities for
projects including translation, Q&A, and word unscrambling. This third-generation
language prediction model is autoregressive in nature and functions similarly to
conventional models in that it receives input vectors of words and makes predictions
about the results based on its training [30].

Transfer learning models have become popular in recent years due to their effectiveness
and efficiency. These models have achieved state-of-the-art results on various

benchmarks and are widely used in academia and industry.

1.6.5 Transfer Learning Optimization

Increasing the efficacy and efficiency of transfer learning models is the aim of transfer
learning optimization. Optimization is a key component of deep learning, which involves
training complex neural network models on large datasets. It entails employing
gradient-based optimization methods, such as SGD and its variations, to iteratively
update model parameters. Optimization faces various difficulties, including scalability,
convergence, and overfitting. In order to overcome these difficulties, researchers have
created a variety of methodologies, including more sophisticated optimization

algorithms, regularization techniques, and adaptive learning rate methods [31].



Chapter 2

DEEP TRANSFER LEARNING
FOR DISEASE ANALYSIS

26



CHAPTER 2. DEEP TRANSFER LEARNING FOR DISEASE ANALYSIS 27

2.1 Introduction

Modern medicine relies heavily on disease classification since it helps with diagnosis,
treatment planning, and overall healthcare quality.
By examining data from photos of these diseases and diagnostics, models may be trained
to identify the particular patterns and signs of these diseases using in-depth learning
techniques. We will use this method to identify a variety of diseases, including those

affecting the brain, Alzheimer’s disease, the stomach, the chest, and the skin.

2.2 State of the Art

2.2.1 Brain tumor

Definition: A brain tumor is a growth of cells in the brain or near it. And can also
happen near the brain tissue. Nearby locations include nerves, the pituitary gland, the
pineal gland, and the membranes that cover the surface of the brain. Noncancerous
brain tumors may grow over time, while malignant brain tumors can quickly invade and
destroy the brain tissue.

Brain tumors range in size from very small to very large (Fig.2.1). Some are found when
they are small, while others grow large before they are detected. Some parts of the brain
are less active, so a brain tumor may not cause symptoms right away [32].
Related Work: Some related work on the Brain Tumor from these papers [33] and ¢[34]

is shown in Table 2.1.
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Table 2.1: Summary of Brain Tumor Segmentation Results

Paper Year | Dataset Technique and | Accuracy
Model
Irmak et al. [35] 2021 | MRIs Deep Convolution | 98.14%
with Fully Opti-
mized Framework
(DC-FOF), CNN
Munir et al. [36] 2021 | BraTS 2019 dataset 2D-UNET CNN Dice coeffi-
cient: 0.9694
Biratu et al. [37] 2021 | BraTS2015 dataset Enhanced region- | 90%
growing approach,
Thresholding, Deep
learning
Chahal et al. [38] 2021 | MRIs (DICOM dataset) Hybrid  weighted | 97%
fuzzy approach,
Fuzzy  clustering,
SVM
Magsood et al. [39] | 2022 | Brain tumors Linear contrast | Accuracy:
stretching, Neural | 97.47%
network architec- | (BraTS 2018
ture, MobileNetV2 | dataset),
architecture, Mul- | 98.92%
ticlass SVM (M- | (Figshare
SVM) dataset)
Rajinikanth et al. | 2022 | Brain tumors (TCIA | Pre-trained VGG16 | >99%
[40] dataset) and VGG19, Pool-
ing methods, Soft-
Max
Badjie and Ulker | 2022 | Brain MRI AlexNet’s convolu- | 99.62%
[41] tional neural net-
work (CNN)
Alanazi et al. [42] 2022 | 3000 MRI images (from | CNN 96.89%
Kaggle)
Zahid et al. [43] 2022 | MRI images (native, post- | ResNet101 94.4%

contrast, T2, T2 FLAIR)
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Figure 2.1: Brain tumor

2.2.2 Alzheimer’s disease

Definition: Alzheimer’s disease is a term for memory loss and other cognitive
impairments severe enough to interfere with everyday living. 60-80% of cases of dementia
are caused by Alzheimer’s disease, which is not a typical aspect of aging. Younger-onset
Alzheimer’s disease is another name for younger-onset dementia and can be in the early,

medium, or late stages (Fig 2.2). Aging is the biggest risk factor now understood[44].

Progression of Alzheimer's Disease

Healthy Brain Mild Alzheimer's Disease Severe Alzheimer’s Disease

Figure 2.2: Progression alzheimers disease

Related Work: Summary of some related papers’ works in Alzheimer’s disease

classification and detection in the table 2.2.
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Table 2.2: Summary of papers on AD classification
Paper Year | Dataset Model Accuracy
C. V. Angkoso, et | 2022 | 1500 MRI Data from | Mp-CNN 93%
al.[45] ADNI dataset
L. Heising, S. An- | 2022 | 3312 MRI images LENet-5 84%
gelopoulos [46]
M. W. Oktavian, | 2022 | MRI and PET data Finetuned 88.3%
et al. [47] ResNet18
E. Yee, et al. [48] | 2021 | ADNI data (sDAT and | 3D CNN with | 8%
sNC) dilated  convolu-
tions
M. Odusami, et | 2022 | MRI images ResNet18, 98.89%
al. [48] DenseNet201
M. Odusami, et | 2021 | MRI data from ADNI ResD hybrid | N/A
al. [49] model (ResNet18,
DenseNet121)
M. Odusami, et | 2021 | OASIS database’s MRI | Pre-trained mod- | 82.53%
al. [50] images els (SqueezeNet, | (SqueezeNet)
ResNet18,
AlexNet, VGGI16,
DenseNet, Incep-
tionV3)
N. Deepa, S. P. | 2022 | Tl-weighted MRI im- | Optimized VGG- | 97.89%
Chokkalingam ages (pre-processed | 16 (AOA)
[51] with CAT12 toolbox)
P. Pandey, A.| 2022 | MRI  brain images | CNN models | 96.81%
Khare, P. Srivas- (ADNI dataset) (GoogLeNet, (GoogLeNet)
tava [52] ResNet50,
AlexNet,
ResNet18,
DenseNet,
SqueezeNet)
A. Bhagat, et al. | 2023 | MRI datasets MobileNet (trans- | 96.6%
[53] fer learning)
X. Xing, et al. | 2023 | 3D PET brain images Learnable 88%
[54] Weighted Pooling
+ 2D  model
(ResNet34)
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2.2.3 Respiratory disease

Definition: A condition that affects the respiratory system’s lungs and other organs.
Infections, cigarette use, exposure to secondhand smoke, radon, asbestos, and other
types of air pollution can all lead to pulmonary disorders. Asthma, chronic obstructive
pulmonary disease (COPD), tuberculosis (TB) (Fig 2.3), pneumonia, COVID-19, and

lung cancer are examples of Lung diseases[55].

Mycobacterium
tuberculosis

lung uninfected lung infected with tuberculosis

Figure 2.3: Lungs, both healthy and tuberculous

Related Work: Summary of some related papers’ works in Respiratory diseases

detection and classification in Table 2.3.



CHAPTER 2. DEEP TRANSFER LEARNING FOR DISEASE ANALYSIS

Table 2.3: Some of Respiratory Disease Detection Methods

Reference Year | Model Data Accuracy per-
task (%)
Ucar et al. [56] 2020 | Deep-SqueezeNet | 76 COVID- | 98.30  (Three
19, 4,290 Non- | groups)
COVID-19 pneu-
monia, 1,583
Normal
Waheed et al. [57] | 2020 | COVIDGAN 403  COVID-19, | 95.00 (Two
721 Normal groups)
Chen et al. [58] 2020 | 2D Unet++ 51 COVID-19, 55 | 92.59
Other disease
Gunraj et al. [59] | 2020 | 2D CNN - 99.10
Wang et al. [60] 2020 | 3D Unet + 3D | 1,315 COVID-19, | 93.30
TCNN 2,406 ILD, 936
Normal
Song et al. [61] 2021 | Shared 2D CNNs | 88 COVID-19, 100 | 93.00
Bacterial pneumo-
nia, 86 Normal
Acar et al. [62] 2021 | BDCUnet + GAN | 1,607 COVID-19, | 99.51
+ 2D CNN 1,667 Normal
Hu et al. [63] 2020 | 2D Unet + 2D | 80 COVID-19, 78 | 87.4
WS-CNN Pneumonia, 72
Normal
Wang et al. [64] 2020 | 2D Unet + 3D | 313 COVID-19, | 90.10

WS-CNN

299 Non-COVID-
19

32
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2.2.4 Skin cancer

Definition: Skin cancer is a condition marked by the uncontrolled proliferation of skin
cells. Nonmelanoma and melanoma are two different forms of skin cancer. Together,
they represent around 50% of all cancers that have been recorded. The most prevalent
malignancies in the United States are nonmelanomas, which are much less hazardous

than melanomas, which are tumors of pigmented cells [65].

' &

Basal Cell Carcinoma Squamous Cell Carcinoma Melanoma

Figure 2.4: Type of Skin cancer

Related Work: Summary of some related papers’ works in Skin cancer classification in

the table 2.4.
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Table 2.4: Summary of Segmentation Approaches for Skin

Paper Year | Methods Datasets Results
Abdulhamid et al. | 2020 | Median filter, histogram, | PH2, ISBI 2016, | ACC: 0.932,
[?] Auxiliary function, global | ISBI 2017 0.952, 0.976
optimization algorithm
Saravanan et al. | 2020 | Median filter, con- | DermlS, Der- | ACC: 1.00
[66] trast stretching, ABCD, | mQuest
Threshold-based segmen-
tation
Hawas et al. [67] 2020 | GA, OCE-NGC ISIC 2016 ACC: 0.976
Oztiirk et al. [68] 2020 | Ifcn PH2, ISBI 2017 ACC: 0.969,
0.953
Huang et al. [69] 2020 | LabelMe, R-CNN ISIC Recall: 0.910
Shan et al. [70] 2020 | Augmentation, resizing, | ISBI 2017, PH2 JAC: 0.800,
FC-DPN 0.835
Ashour et al. [71] 2021 | Dull razor, Initial contour | ISIC 2016 JAC: 0.831
optimization, GA
Kaur et al. [72] 2022 | Downsampling, transla- | ISIC 2016, 17, 18 JAC: 0.904,
tion, rotation and scaling, 0.818, 0.891
Atrous dilation CNN
Mohakud et al. [73] | 2022 | Image Resize, FCEDN, | ISIC 2016, 17 JAC: 0.964,
EN-GWO 0.868
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2.2.5 (Gastrointestinal Disease

Definition: A gastrointestinal disease is one that affects the GI tract, which is the
passageway connecting the mouth and the anus, or stomach. Irritable bowel syndrome
(IBS), acid reflux, indigestion, colon cancer (Fig.2.5), and hemorrhoids are a few
common GI conditions. In order for the body to absorb and use nutrients to maintain
health, digestion takes place in the GI tract. Numerous GI conditions impair your
body’s typical capacity to digest food.

These include In contrast to structural GI disorders, which originate when there is a
change or issue with the GI tract’s structural integrity, functional GI diseases are defined
by chronic (long-term) GI symptoms that result from the function or dysfunction of the

digestive system. The GI tract can contain these structural problems anywhere[74].

Figure 2.5: colon cancer

Related Work: A summary of some related papers’ works in gastrointestinal disease

detection and classification is shown in Table 2.5.
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Table 2.5: Summary of Gastrointestinal Tract Disease Classification Methods

Paper Year | Methods Datasets Results
Yogapriya et al. | 2021 | KvasirV2 dataset | VGG16, ResNet- | 96.33%
[75] 18, GoogLeNet (VGG16)
Oztiirk and | 2021 | LSTM-based clas- | KvasirV2 dataset | 97.90%
Ozkaya [76] sifier  (AlexNet,
GoogleNet,
ResNet)
Oztiirk and | 2021 | Residual LSTM | KvasirV2 dataset | 98.05%
Ozkaya [77] layer CNN
Dutta et al. 78] 2022 | Tiny Darknet | HyperKvasir 75.80% (MCC)
model dataset
Ramamurthy et | 2022 | Multi-feature HyperKvasir 97.99%
al. [79] fusion (Efficient- | dataset
NetB0, Effimix)
Khan et al. [80] 2022 | Transfer learning | KvasirV2 dataset | 98.02%
(MobileNet-V2)
Khan et al. [81] 2022 | Moth-crow op- | HyperKvasir 97.20%
timization  with | dataset
DCCA fusion
Mohapatra et al. | 2022 | Empirical wavelet | HyperKvasir 96.65%  (stage
[82] transform (EWT) | dataset 1), 94.25%
and CNN (stage 2)
Afriyie et al. [83] 2022 | Denoising capsule | KvasirV2 dataset | 94.16%
networks (Dn- | (5 classes)
CapsNets)
Wang et al. [84] 2022 | CNN and capsule | KvasirV2, Hyper- | 94.83%
networks Kvasir dataset (KvasirV2),

85.99% (Hyper-
Kvasir)

36
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2.3 Deep Transfer Learning Models

In this project, we will use three strong deep learning models: ResNet50,
EfficientNet-B3, and DenseNet121. These models have become quite popular and have
shown astounding performance in a variety of computer vision applications, including

medical picture analysis.

2.3.1 ResNet50

ResNet50 is not the first model to come from the ResNet family. The original model was
called the Residual Net, or ResNet, This network consists of 64 kernels, a stride 2 by 3
by 3 max pooling layer, a stride 7 avg pooling layer, 16 residual construction blocks, and
a fully linked layer at the bottom. There are around 23 million trainable parameters in

this network. Fig. 2.6 presents ResNet50’s architectural layout [85].
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Figure 2.6: Architecture of ResNet-50 pre-trained deep learning model
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2.3.2 DenseNet-121

DenseNet-121 is a deep convolutional neural network (CNN) architecture that exhibits
an impressive structure composed of several types of layers. It consists of a 7x7
convolutional layer, followed by 58 3x3 convolutional layers, 61 1x1 convolutional layers,
4 average pooling layers, and finally a fully connected layer, DenseNet-121’s architectural

layout is shown in Fig. 2.7 [86].
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Figure 2.7: DenseNet-121’s architectural layout

2.3.3 EfficientNet-B3

EfficientNet is a convolutional neural network design and scaling technique that uses a
compound coefficient to consistently scale all depth, breadth, and resolution parameters.
The architecture for network EfficientNet-B0 is shown in Fig. 2.8. EfficientNet scaling
approach evenly scales network breadth, depth, and resolution using a set of preset
scaling coeflicients, in contrast to standard practice, which scales these variables

arbitrarily [87].
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Figure 2.8: The architecture for baseline network EfficientNet-B0
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2.4 Data Augmentation

Deep learning applications in particular are expanding and developing at an astounding
rate in the machine learning application environment. Data-centric model-building
techniques have proven beneficial in overcoming the difficulties faced in the field of
artificial intelligence. Techniques for data augmentation have become a potent tool

among these methods.

Data augmentation refers to a group of methods intended to increase the amount of data
by creating new data points based on current ones, as shown in Fig. 2.9. These methods
either use deep learning models to generate new data instances or introduce small
changes to the data. Data augmentation helps machine learning models perform better
and produce better results by enhancing the dataset. A robust and extensive dataset

gives the model more accuracy and effectiveness.

....................

Augmented
data

TTrmmmmmmmemmmmees N~

Figure 2.9: A deterministic series of adjusted transformation functions is used in heuristic
data augmentations.

The importance of data augmentation lies in its ability to encourage more resilient
machine learning models. Data augmentation allows models to be effectively used in a
variety of settings by producing versions that replicate real-world events. The resilience

of machine learning models is improved by their capacity to extrapolate beyond the

boundaries of the initial dataset [88].
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2.5 Conclusion

In this chapter, we investigate the application of deep transfer learning in disease analysis
and provide insights into the state-of-the-art in different disease domains. Brain tumor
analysis, detection of Alzheimer’s disease, classification of skin cancer, identification of
polyps and detection of respiratory diseases have been studied as prominent examples.
Additionally, this chapter examines deep transfer learning models including ResNet50,
DenseNet-121, and EfficientNet-B3, which perform well on disease analysis tasks.
Data augmentation has been highlighted as a key technique to improve the effectiveness
of deep transfer learning models. Artificially augmenting datasets with techniques such
as image classification and segmentation and natural language processing (NLP), data
augmentation can better generalize models and address different scenarios encountered

when analyzing real-world diseases.
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3.1 Introduction

In this chapter, we evaluate and discuss a number of different experiments carried out
using three transfer learning models (ResNet50, DenseNet-121, and EfficientNetB3) on a
different dataset on Kaggle that presents a different disease, the Brain Tumor MRI
Dataset, Alzheimer MRI Preprocessed Dataset, Chest X-Ray (Pneumonia, COVID-19,
Tuberculosis), Skin Cancer, and Gastrointestinal Disease Dataset. Additionally, the data
augmentation task is used to improve the system’s accuracy. The outcomes are

presented as accuracy, recall, accuracy, and fl score.

3.2 Experimental Protocol

3.2.1 Data Description
Brain Tumor MRI Dataset

This dataset contains 7023 images of human brain MRI images, which are classified into
4 classes: glioma - meningioma - no tumor and pituitary (table. 3.1).
- No tumor class images were taken from the Br35H dataset.
- The glioma class images are used on the figshare site (Fig. 3.1).

This data was uploaded by MASOUD NICKPARVAR [89]

Table 3.1: Number of images in each class for the Brain dataset

Class # Images
Glioma 1621
Meningioma 1645
No tumor 2000
Pituitary 1757
Total 7023
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No tumor Pituitary tumor

Figure 3.1: Samples belong to the dataset one from each class

Alzheimer MRI Preprocessed Dataset

The preprocessed dataset contains a collection of MRI (Magnetic Resonance Imaging)
images for Alzheimer’s disease. These images have been gathered from various sources,
including websites, hospitals, and public repositories. Each MRI image has been resized
to a resolution of 128 by 128 pixels. Samples belong to the dataset shown in Fig. 3.2.
The dataset is divided into four distinct classes and comprises a total of 6400 MRI
images (Table 3.2).
This data was uploaded by SACHIN KUMAR [90]
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Table 3.2: Number of images in each class for the Alzheimer dataset

Class Image number
Mild Demented 896
Moderate Demented 64
Non Demented 3200
Very Mild Demented 2240
Total 6400

Chest X-Ray (Pneumonia, Covid-19,Tuberculosis)

The dataset is structured in a hierarchical manner with three main folders: train, test,
and val. Within each of these folders, there are subfolders representing different
categories of images, namely normal, pneumonia, COVID-19, and tuberculosi, Samples
belong to the dataset shown in Fig. 3.3. The dataset consists of a total of 7135 x-ray
images across all categories (Table 3.3).

This data was uploaded BY JTIPTJ [91]

Table 3.3: Number of images in each class for the Chest X-Ray dataset

Class Numbers
Covid-19 576
Normal 1583
Pneumonia 4273

Tuberculosis 703
Total 7135
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Mild Demented Moderate Demented

Non Demented Very Mild Demented

Figure 3.2: Samples belong to the Alzheimer dataset from each class

Pneumonia

| 2~

o

Tuberculosis Normal

Figure 3.3: Samples belong to the Chest X-Ray dataset from each class
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Skin Cancer: Malignant vs. Benign

The dataset provided focuses on skin cancer classification, specifically distinguishing
between malignant and benign skin moles, as shown in in Fig. 3.4. It contains a
balanced collection of images, with two folders dedicated to each type of mole (Table
3.4), and the images are of size 224x244 pixels.

This data was uploaded by CLAUDIO FANCONT [92]

Table 3.4: Number of images in each class for the Skin Cancer dataset

Class image Number
Benign 1800
Malignant 1497
Total 3297

0
50
100
150
200
o 100 200 0 100 200
malignant benign

Figure 3.4: Samples belong to the Skin Cancer dataset from each class
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Kvasir Dataset

Kwvasir is a significant dataset that addresses the scarcity of medical image datasets for
computer-aided disease detection. It focuses on gastrointestinal (GI) tract images,
classifying them based on three anatomical landmarks and three clinically relevant

findings. The dataset also includes two categories of images related to endoscopic polyp

removal (Fig 3.5). Medical doctors with expertise in endoscopy have carefully sorted and
annotated the dataset. Kvasir is invaluable for researchers exploring single- and
multi-disease computer-aided detection, Summary the contain of the data in the table
3.5.
This data was uploaded by MEET NAGADIA [93]

Table 3.5: Number of images in each class for the Kvasir dataset

Class Image Numbers
dyed-lifted-polyps 500
dyed-resection-margin 500
esophagitis 500
normal-cecum 500
normal-pylorus 500
normal-z-line 500
polyps 500
ulcerative-colitis 500

Total 4000
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500 1000 1500
1000 ulcerative-colitis

200 400 600
polyps ulcerative-colitis

Figure 3.5: Samples belong to the Kvasir dataset from each class
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3.2.2 Evaluation Metrics

Evaluation, specifically quantitative evaluation, can serve a variety of functions. The
amount of data utilized for training and evaluation may also be subject to a variety of
restrictions. Good precision is sometimes prioritized over good recall, and vice versa in

other situations.
A development set is utilized when creating a system, and it contains data used to create
training rules for a machine learning system.
The development set, also known as the training set in machine learning, is used to teach
the system. The machine learning algorithm’s errors can be analyzed using a portion of
the training set, and the algorithm’s parameters can be tuned in response. Development
Test Set” is the name given to this portion of the training set.
A test set is put aside to test the artefact, which is not used for development or training.
If data is scarce, a method called k-fold cross validation is used to divide the dataset into
k folds, with the k-1 folds used for training and the remaining k-1 folds for evaluation.

The average is then calculated. Usually 10-fold cross-validation is used [94].

Table 3.6: Confusion matrix: predicted annotation is what the algorithm retrieves or
annotates and gold annotation is what was marked up or annotated by a human

Predicted annotation
Positive Negative
Gold Annotation Positive True positive (tp) False negative (fn)
Negative False positive (fp) True negative (tn)

Two metrics used for measuring the performance of a retrieval system areprecision and
recall.Precision measures the number of correct instances retrieveddivided by all
retrieved instances, see Formula 3.1.Recall measures the numberof correct instances
retrieved divided by all correct instances, see Formula 3.2.Instances can be entities in a
text, or a whole document in a document collection(corpus), that were retrieved. A
confusion matrix, see Table 3.6 is often used for explaining the different entities [95].

Here follow the definitions of precision and recall, see Formulas 3.1 and 6.2 respectively.
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tp

Precision: P = 3.1
recision P— (3.1)
tp
Recall: R = (3.2)
tp +fn

The F-score is defined as the weighted average of both precision and recall depending on
the weight function 5, seeFormula3.3.TheF1 —
scoremeanstheharmonicmeanbetweenprecisionandrecall, see Formulab.4, whenitiswrittenF —
scoreitusuallymeansF1 — score.TheF'1 —

scorecanhavedi f ferentindicesgivingdi f ferentweightstoprecisionandrecall.

1+8%)-P-R

F —score: Fg = ——5—""+—— 3.3
R 3
With SlthestandardF — scoreisobtained, seeFormula3.4.
PxR
F— k=2 3.4
score : I * 5 R (3.4)

For the calculation, Precision makes use of every document retrieved. If there are several
documents, it may be possible to use precision at a cut-off value to simplify the
calculation.

Another metric called accuracy is the percentage of true examples—both positive and
negative—among all instances that are retrieved. Precision and inverse precision are
weighted arithmetic measures that represent accuracy. A system may function effectively
but with high accuracy but low precision; contrast this with striking the bullseye, which

entails both high accuracy and high precision. For more information, see Formula 3.5.
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tp +1itn

tp+tn+ fp+ fn (3:5)

Accuracy : A =

Abaseline is usually a value for what a basic system would perform. The baselinesystem
can be a system working in a random way or be a naive system. The base line can also
be very smart and strong, but the importance of the baseline is to have something to
compare with.

If there are other systems using the same data, then it is easy to compare results with

these systems and a baseline is not so important[95].

3.3 Testing Experiences

3.3.1 Parameters

In order to obtain good results, we tested our three models on the five datasets. In the
first part of the test, we resize all the image in the datasets and used different
parameters such as learning rate, type of optimizer, number of epochs, and the values of
the batch size to determine which was best for each dataset we had, and this method is

important for the next part.

Brain Tumor MRI

The data were divided according to Table 3.7, and the results represented in Table 3.8

were obtained:

Table 3.7: Brain MRI dataset Split

Label Names Train Count | Validation Count | Test Count
glioma 1296 162 163
meningioma 1316 164 165
notumor 1600 200 200
pituitary 1405 175 177
Total Image Count 5617 701 705
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Table 3.8: The results for Brain MRI dataset

MODEL EPOCH BSIE%H RLAA,II,; OPTEM TEST ACC

SGD 99.01

0.001 ADAM 84.26

8 RMSprop 87.65

15 0.01 92.05

ResNet50

0.0001 97.73

32 SGD 98.58

16 0.001 99.29
30 16 99.007

SGD 99.43

0.001 ADAM 91.48

8 RMSprop 96.31

15 0.01 85.67

DenseNet-121

0.0001 93.04

16 SGD 98.72

32 0.001 98.29

30 16 98.72

SGD 98.43

0.001 ADAM 94.61

8 RMSprop 95.31

15 0.01 98.44

EfficientNetB3

0.0001 91.63

16 SGD 98.29

32 0.001 98.44

30 32 98.58
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Alzheimer MRI

were obtained:

Table 3.9: Alzheimer MRI dataset Split

Label Names Train Count | Validation Count | Test Count
Mild_Demented 716 91
Moderate_Demented 51 7
Non_Demented 2560 320
Very_Mild_Demented 1792 224
Total Image Count 5119 642

53

The data were divided according to Table 3.9, and the results represented in Table 3.10
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Table 3.10: The results for Alzheimer MRI dataset

MODEL EPOCH | BATCH SIZE ;A% OPTEM TEST ACC
SGD 99.22
0.001 ADAM 55.91
8 RMSprop 59.50
15 0.01 56.54
ResNet50
0.0001 94.39
16 SGD 99.53
32 0.001 97.99
30 16 99.06
SGD 98.44
0.001 ADAM 61.37
8 RMSprop 56.23
15 0.01 55.76
DenseNet-121
0.0001 71.49
16 SGD 98.59
32 0.001 93.14
30 16 98.59
SGD 99.22
0.001 ADAM 56.85
8 RMSprop 58.25
15 0.01 53.73
EfficientNetB3
0.0001 97.35
16 SGD 98.90
32 0.001 97.20
30 8 99.22
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Chest X-Ray

The data were divided according to Table 3.11, and the results represented in Table 3.12

were obtained:

Table 3.11: Chest X-Ray dataset Split

Label Names Train Count | Validation Count | Test Count
COVID19 460 10 106
NORMAL 1341 8 234
PNEUMONIA 3875 8 390
TUBERCULOSIS 650 12 41
Total Image Count 6326 38 771
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Table 3.12: The results for Chest X-Ray dataset

MODEL EPOCH | BATCH SIZE RL :’IEE OPTEM TEST ACC
SGD 89.62
0-001 ADAM 71.20
8 RMSprop 70.16
15 0.01 80.82
ResNet50
0.0001 87.67
16 SGD 88.32
32 0.001 89.49
30 8 92.00
SGD 87.67
0.001 ADAM 83.65
8 RMSprop 82.61
15 0.01 81.84
DenseNet-121
0.0001 88.58
16 SGD 87.67
32 0.001 81.97
30 16 86.25
SGD 88.45
0.001 ADAM 77.30
8 RMSprop 85.86
15 0.01 66.40
EfficientNetB3
0.0001 61.69
16 SGD 86.51
32 0.001 88.97
30 16 84.69
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Skin Cancer

o7

The data were divided according to Table 3.13, and the results represented in Table 3.14

were obtained:

Table 3.13: Skin Cancer dataset Split

Label Names Train Count | Validation Count | Test Count
benign 1152 288 360
malignant 957 240 300
Total Image Count 2109 528 660
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Table 3.14: The results for Skin Cancer dataset

MODEL EPOCH | BATCH SIZE RL :’Il‘t;] OPTEM TEST ACC
SGD 90.15
0.001 ADAM 82.87
8 RMSprop 83.33
15 0.01 82.87
ResNet50
0.0001 87.87
16 SGD 90.0
32 0.001 88.18
30 8 91.30
SGD 88.18
0.001 ADAM 86.06
8 RMSprop 83.93
15 0.01 83.33
DenseNet-121
0.001 83.48
16 SGD 87.72
32 0.001 85.90
30 8 88.18
SGD 89.09
0.001 ADAM 83.78
8 RMSprop 84.09
15 0.01 82.57
EfficientNetB3
0.0001 88.18
16 SGD 90.30
32 0.001 89.54
30 16 89.09
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Kvasir Dataset

The data were divided according to Table 3.15, and the results represented in Table 3.16
were obtained:

Table 3.15: Kvasir Dataset Split

Label Names Train Count | Validation Count | Test Count
dyed-lifted-polyps 400 50 50
dyed-resection-margins 400 50 50
esophagitis 400 50 50
normal-cecum 400 50 50
normal-pylorus 400 50 50
normal-z-line 400 50 50
polyps 400 50 50
ulcerative-colitis 400 50 50
Total Image Count 3200 400 400
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Table 3.16: The results for Kvasir Dataset

MODEL EPOCH BATCH SIZE LAR RATE OPTEM TEST ACC
SGD 94.52
0.001 ADAM 67.5
8 RMSprop 67
15 0.01 77
ResNet50
0.0001 92.75
16 SGD 92.75
32 0.001 94
30 32 935
SGD 92.5
0.001 ADAM 85.5
8 RMSprop 75.61
15 0.01 75.75
DenseNet-121
0.0001 91.25
16 SGD 93.5
32 0.001 91.75
30 16 92.75
SGD 92.5
0.001 ADAM 82.25
8 RMSprop 78.5
15 0.01 67
EfficientNetB3
0.0001 87
16 SGD 91
32 0.001 75 .25
30 16 92.25
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3.3.2 Testing with Data Augmentation

In the second part, we concentrated on perfecting the variables that each dataset’s best
accuracy required. To further improve the performance of our model, we also used a
number of data augmentation approaches. The diversity and volume of the training data
can be artificially increased by the use of these augmentation approaches, which can
enhance the generalization and robustness of the model.

- Rotation with 90 degrees
- Horizontal and Vertical Flip
- Brightness=0.4
- Contrast=0.4
- saturation=0.4

- hue=0.1

Brain Tumor MRI

Figure 3.6 presents a collection of images from the dataset that have undergone the data
augmentation techniques described earlier. These augmented images vividly illustrate
the transformative impact of the augmentation process on the visual characteristics and
diversity of the training data.

We applied this method to the parameters that got the best accuracy
(model=DenseNet-121, 15 epochs, batch size =8, learning rate = 0.001, and optimizer =
SGD) from part one, tables 3.17 and 3.18, and Fig. 3.7 and 3.8, represent the obtained
results.

Table 3.17: The results with data augmentation for Brain Tumor MRI

Dataset Resize Color Jitter Resize, Color | Resize, Color
Jitter, Rota- | Jitter, Rota-
tion tion, Flip

Brain 99.43% 99.43% 99.14% 99.007%
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meningioma glioma

pituitary
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Figure 3.6: Images from the Brain dataset after data augmentation
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Figure 3.7: Best results: Accuracies (training validation)

Table 3.18: The classification report for Brain Tumor MRI

precision  recall fl-score support

glioma 1.0000 1.0000  1.0000 163
meningioma  0.9879 0.9879  0.9879 165
notumor 1.0000 1.0000  1.0000 200
pituitary 0.9887 0.9887  0.9887 177
accuracy 0.9943 705
macro avg 0.9941 0.9941  0.9941 705

weighted avg 0.9943 0.9943  0.9943 705
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Alzheimer MRI

Figure 3.9 presents a collection of images from the dataset that have undergone the data
augmentation techniques described earlier. These augmented images vividly illustrate
the transformative impact of the augmentation process on the visual characteristics and
diversity of the training data.

We applied this method to the parameters that got the best accuracy (model=ResNet50,
15 epochs, batch size =16, learning rate = 0.001, and optimizer = SGD) from part one,

tables 3.19 and 3.20, and Fig. 3.10 and 3.11, represent the obtained results.

Non_Demented Mild_Demented Non_Demented Very_Mild_Demented

Figure 3.9: Images from the Alzheimer dataset after data augmentation

Table 3.19: The results with data augmentation for Alzheimer MRI

Dataset Resize Color Jitter Resize, Color | Resize, Color
Jitter, Rota- | Jitter, Rota-
tion tion, Flip

Alzheimer 99.53 99.53 97.14 98.75

loss acc

Figure 3.10: Best results: Accuracies (training validation)
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Figure 3.11: Best results: Confusion matrix)
Table 3.20: The classification report Alzheimer MRI
precision  recall fl-score support
Mildpemented 0.9891 1.0000  0.9945 91
Moderatepemented 1.0000 1.0000 1.0000 7
Nonpemented 0.9938 0.9969  0.9953 320
Very yrildpemented  1.0000 0.9911 0.9955 224
accuracy 0.9953 642
macro avg 0.9957 0.9970  0.9963 642

weighted avg 0.9954 0.9953  0.9953 642
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Chest X-Ray

Figure 3.12 presents a collection of images from the dataset that have undergone the
data augmentation techniques described earlier. These augmented images vividly
illustrate the transformative impact of the augmentation process on the visual
characteristics and diversity of the training data.

We applied this method to the parameters that got the best accuracy (model=ResNet50,
30 epochs, batch size =8, learning rate = 0.001, and optimizer = SGD) from part one,

tables 3.21 and 3.22, and Fig. 3.13 and 3.14, represent the obtained results.

CoviD19 PNEUMONIA PNEUMONIA

7

Figure 3.12: Images from the Chest X-Ray dataset after data augmentation

Table 3.21: The results with data augmentation for Chest X-Ray

Dataset Resize Color Jitter Resize, Color | Resize, Color
Jitter, Rota- | Jitter, Rota-
tion tion, Flip

Chest X-Ray 92.00 88.58 92.21 88.97
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Figure 3.13: Best results: Accuracies (training validation)

Table 3.22: The classification report for Chest X-Ray

precision  recall fl-score support

COVID19 0.9903 0.9623  0.9761 106
NORMAL 0.9890 0.7692  0.8654 234
PNEUMONIA 0.8818 0.9949  0.9349 390
TURBERCULOSIS 0.8913 1.0000  0.9425 41
accuracy 0.9222 771
macro avg 0.9381 0.9316  0.9297 771
weighted avg 0.9298 0.9222  0.9199 771
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Figure 3.14: Best results: Confusion matrix)
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Skin Cancer

Figure 3.15 presents a collection of images from the dataset that have undergone the
data augmentation techniques described earlier. These augmented images vividly
illustrate the transformative impact of the augmentation process on the visual
characteristics and diversity of the training data.

We applied this method to the parameters that got the best accuracy (model=ResNet50,
30 epochs, batch size =8, learning rate = 0.001, and optimizer = SGD) from part one,

tables 3.23 and 3.24, and Fig. 3.16 and 3.17, represent the obtained results.

benign malignant malignant malignant

1 KA

Figure 3.15: Images from the Skin Cancer dataset after data augmentation

Table 3.23: The results with data augmentation for Skin Cancer

Dataset Resize Color Jitter Resize, Color | Resize, Color
Jitter, Rota- | Jitter, Rota-
tion tion, Flip

Skin 90.30 87.12 87.42 85.30

loss

o 5 10 15 20 25 30 o 5 10 15 20 25 30
epoch epoch

Figure 3.16: Best results: Accuracies (training validation)
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Figure 3.17: Best results: Confusion matrix)

Table 3.24: The classification report for Skin Cancer

precision  recall fl-score support

benign 0.8895 0.9389  0.9135 360
malignant 0.9214 0.8600  0.8897 300
accuracy 0.9030 660
macro avg 0.9055 0.8994  0.9016 660
weighted avg  0.9040 0.9030  0.9027 660

Kvasir Dataset

Figure 3.18 presents a collection of images from the dataset that have undergone the
data augmentation techniques described earlier. These augmented images vividly
illustrate the transformative impact of the augmentation process on the visual
characteristics and diversity of the training data.

We applied this method to the parameters that got the best accuracy (model=ResNet50,
15 epochs, batch size =8, learning rate = 0.001, and optimizer = SGD) from part one,

tables 3.25 and 3.26, and Fig. 3.19 and 3.20, represent the obtained results.
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dyed-lifted-polyps

Figure 3.18: Images from the Kvasir dataset after data augmentation

Table 3.25: The results with data augmentation for Kvasir Dataset

Dataset Resize Color Jitter Resize, Color | Resize, Color
Jitter, Rota- | Jitter, Rota-
tion tion, Flip

Kvasir 94.52 93 94.5 95

loss acc

0.8 : S:Iin 0% : S:Im 94

o7 0.90

0.6

0.85

0.5

0.4 0.80

03 0.75
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0.70
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Figure 3.19: Best results: Accuracies (training validation)
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Table 3.26: The classification report for Kvasir Dataset

precision  recall fl-score support
dyed-lifted-polyps 0.9434 1.0000  0.9709 50
dyed-resection-margins 1.0000 0.9400  0.9691 50
esophagitis 0.8936 0.8400  0.8660 50
normal-cecum 0.9615 1.0000  0.9804 50
normal-pylorus 0.9804 1.0000  0.9901 50
normal-z-line 0.8654 0.9000  0.8824 50
polyps 0.9796 0.9600  0.9697 50
ulcerative-colitis 0.9796 0.9600  0.9697 50
accuracy 0.9500 400
macro avg 0.9504 0.9500  0.9498 400
weighted avg 0.9504 0.9500  0.9498 400
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A summary of the results obtained and comparison with other studies that worked on

the same datasets that we used are represented in the following table 3.27:

Table 3.27: Comparison with state-of-the-art methods

Reference Dataset Method Test accuracy
(%)
Perpossed Brain Tumor MRI | EfficientNet-B3 99.43
Uysal et al. [96] ResNet50 99.43
Perpossed Alzheimer MRI ResNet50 99.53
Sekhar and Jagadev CNN-based effi- | 98.0
[97] cientnet
Perpossed Chest X-Ray ResNet50 92.21
Hamza et al. [98] CSVM classifier 98.3
Perpossed Skin Cancer ResNet50 90.30
Anand et al. [99] Modified VGG16 89.09
Perpossed Kvasir ResNet50 95.00
Khan et al. [80] GestroNet 98.20

3.4 application

The "My Daily Health” app was developed with the Tinkter library with the goal of

assisting you in tracking your daily health and enhancing your way of life. This program

offers customers a user-friendly and effective graphical user interface (GUI) for

monitoring and documenting their health information.

Login page

After run the application, the main page shows, contain on entry for the username and

the password and two button for login in your account or register a new one.
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Figure 3.21: Login page

Main page Main page : After login, in this page there are a three buttons: Start
button: to begin the image diagnostic.
History: the history of patient.

Logout: logout from the account
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Figure 3.22: Main page
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Select types page Select types page : In this page the user select the types of the

image disease.
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Figure 3.23: Select types page

Upload page Upload page : After selecting the type of image disease, now Choose the

image to be diagnosed.
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Figure 3.24: Upload page

Result page Result page: the result of the diagnosed image shown with the disease
types is represented by the percentage of each type. The larger value is in red.
There is also a field for writing the medical report or notes about the image or the
patient, which can be saved with the save button.also a Logout button to start from the

beginning.
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Figure 3.25: Result page

History page History page In this page, all the previous reports of patient shown, from
the Result page.

This page can access from the button History in the main page
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CONCLUSION GENERAL

The use of Al techniques, specifically deep learning and transfer learning, has ushered in
a new era of improvements in illness diagnosis, treatment planning, and patient
monitoring. Biomedical data, such as MRI, X-ray, PET, CT images, and microscopic
images, provides valuable insights into physiological and pathological processes. Al has
emerged as a powerful tool for processing and analyzing large amounts of data,
identifying patterns, and making predictions.

Deep transfer learning, a powerful approach in deep learning, has revolutionized
biomedical data analysis by uncovering complex patterns in biomedical images. It
applies knowledge from pre-trained models to improve the performance and efficiency of
disease analysis in various conditions such as brain tumors, Alzheimer’s, respiratory
illnesses, skin cancer, and gastrointestinal illnesses.

The study highlights the effectiveness of modern methods like ResNet50, DenseNet-121,
and EfficientNet-B3, along with the importance of data augmentation strategies.
Overall, deep transfer learning has the potential to enhance diagnostic accuracy, support
clinical decision-making, and improve patient care, offering valuable insights for more
precise disease analysis and shaping the future of healthcare.

Further research and development are needed as the area continues to advance in order
to solve issues with data quality, the interpretability of Al models, and ethical
considerations. However, the combination of Al with biological data analysis presents a
paradigm shift that has the potential to change healthcare by enabling researchers and

clinicians to make better decisions and enhance patient outcomes.
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