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Abstract

Chest X-ray (CXR) imaging plays a pivotal role in modern healthcare, serving as a
prominent and widely employed diagnostic modality. Its application is instrumental
in aiding radiologists to discern various critical pulmonary conditions, enabling visual
scrutiny of CXR images to identify disease manifestation. However, the intricate
nature of lung diseases, characterized by resemblant patterns and symptoms, poses
significant diagnostic challenges that may potentially result in severe ramifications if
misinterpreted. Deep learning (DL) models have surfaced as auspicious prediction
methodologies, exhibiting remarkable precision akin to human-level performance. In
this work, we are addressing the problem of lung disease detection using CXR images
by employing a custom Deep Convolutional Neural Network (DCNN) architecture, we
employ the model to extract intricate feature representations and accurately classify
potential diseases within the CXR images. We are also deploying one of the Python
Genetic Algorithm (GA) library PyGAD modules which is the pygad.gacnn module used
for training DCNNs using the GA. The targeted dataset is the COVID-19-Radiography
database. We investigate the deployment of the GA approach on three different dataset
samples. The results demonstrated the effect of the utilization of the GA allows us to
achieve optimal outcomes by identifying the optimal set of hyperparameters and selecting
the fittest individuals from each generation. Alternatively, the integration of specialized
library modules, similar to the one employed in our investigation, enables the construction
and training of CNN using the GA, facilitating the attainment of accurate results. The
evaluation showed that the classification accuracy of our genetic algorithm approach
achieved an Accuracy (ACC) of 77.31%, 78.23%, and 78.87%, improving the performances
by 0.51%, 1.56%, and 1.7% for the three proposed samples respectively.

Keywords: Chest Disease, Chest-Xray, Deep Learning, Genetic Algorithm,
Convolutional Neural Network.
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Résumé

La radiographie pulmonaire (CXR) joue un role central dans les soins de santé modernes,
servant de modalité de diagnostic importante et largement utilisée. Son application est
essentielle pour aider les radiologues a discerner diverses conditions pulmonaires critiques,
permettant un examen visuel des images CXR pour identifier la manifestation de la
maladie. Cependant, la nature complexe des maladies pulmonaires, caractérisées par des
schémas et des symptomes similaires, pose des défis diagnostiques importants qui peuvent
potentiellement entrainer de graves ramifications si elles sont mal interprétées. Les
modeles d’apprentissage en profondeur (DL) sont apparus comme des méthodologies de
prédiction de bon augure, présentant une précision remarquable proche des performances
au niveau humain. Dans ce travail, nous abordons le probleme de la détection des
maladies pulmonaires a I’aide d’images CXR en utilisant une architecture personnalisée de
réseau de neurones a convolution profonde (DCNN), nous utilisons le modele pour extraire
des représentations de caractéristiques complexes et classer avec précision les maladies
potentielles dans les images CXR. Nous déployons également I'un des modules PyGAD
de la bibliotheque Python Genetic Algorithm (GA), qui est le module pygad.gacnn
utilisé pour former les DCNN a l'aide de 'AG. Le jeu de données ciblé est la base
de données COVID-19-Radiographie. Nous étudions le déploiement de 'approche GA
sur trois échantillons de jeux de données différents. Les résultats ont démontré que
Ieffet de 'utilisation de I’AG nous permet d’obtenir des résultats optimaux en identifiant
I’ensemble optimal d’hyperparametres et en sélectionnant les individus les plus aptes de
chaque génération. Alternativement, I'intégration de modules de bibliotheque spécialisés,
similaires a celui utilisé dans notre enquéte, permet la construction et la formation de
CNN a l'aide de 'AG, facilitant I'obtention de résultats précis. L’évaluation a montré
que la précision de classification de notre approche d’algorithme génétique a atteint une
Accuracy (ACC) de 77,31%, 78,23% et 78,87%, améliorant les performances de 0,51%,
1,56% et 1,7% pour le respectivement trois échantillons proposés.

Mots-clés: Maladie thoracique, radiographie thoracique, apprentissage en
profondeur, algorithme génétique, réseau de neurones convolutifs..
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Introduction

In the realm of medical diagnostics, Chest X-Ray (CXR) imaging emerges as a rapid
and economical modality frequently employed by radiologists for the examination and
evaluation of various anatomical structures encompassing the cardiovascular system,
respiratory organs, skeletal framework, vascular network, and pulmonary conduits [1]. Tt
plays a critical role in greatly assisting radiologists in detecting several life-threatening
lung diseases.

In recent times, deep learning (DL) techniques have been extensively utilized in
numerous research investigations to scrutinize and interpret Chest X-Ray (CXR) scans,
particularly in the domain of image categorization. A considerable body of prior scholarly
works has concentrated on training DL models using meticulously devised convolutional
neural network (CNN) structures, notably including VGG [2], GoogleNet [3], ResNet
[4], and DenseNet [5] [6]. The effectiveness of a deep learning model can be significantly
impacted by various factors encompassing the depth of the convolutional neural
network (CNN) architecture, techniques employed for data augmentation, approaches
utilized for input processing, dimensions of the images, and strategies implemented for
model training. By using methods that can help improve model performance, several
investigations have attained innovative methodologies that showcase distinctiveness
in their approaches [6]. For example, Wang et al. [7] CNN models were trained to
utilize the whale optimization algorithm. This technique effectively addresses challenges
associated with extensive manual parameter tuning and parallelization of training
procedures encountered in conventional gradient descent-based methods [6]. Khishe et
al. [8] introduced a highly efficient biogeography-inspired optimization technique to
automatically fine-tune hyperparameters in algorithms. This approach addresses the
labor-intensive task of manually selecting parameters such as the number of output
channels, kernel size, layer type, training convolution rate, and batch size, resulting in
improved optimization processes. Despite the capability of chest X-ray (CXR) imaging
to identify various thoracic diseases, developing methods specifically designed to classify
multiple disease indicators still needs to be improved [6].

The resemblance and overlapping symptoms among numerous chest diseases pose
challenges to accurate diagnosis, potentially resulting in critical errors and adverse
outcomes. Deep learning models have shown great promise as predictive tools, exhibiting
a level of precision comparable to human expertise. Nonetheless, the progress of deep



learning (DL) methodologies for image analysis is impeded by a multitude of intrinsic
constraints and limitations [6]. A significant drawback revolves around the scarcity
of extensive chest X-ray (CXR) datasets, posing a prominent limitation. While deep
learning models necessitate a substantial number of parameters, the limited availability
of CXR imaging data increases the risk of model overfitting [6]. As well as the usual
challenges such as classification in complex images, symptoms segmentation, labeled
images challenges can be difficult and expensive, and the exploitation of multiple
information sources.

The primary objective of this research is to implement a multi-class classification
framework on a meticulously balanced collection of CXR images obtained from the
COVID-19-Radiography database [9, 10], To achieve this, we thoroughly examine a
tailored DCNN architecture capable of extracting distinctive feature representations and
effectively classifying various diseases depicted in these CXR images. Furthermore, we
employ a specific module, "pygad.gacnn”, from the Python Genetic Algorithm (GA)
Library, known as PyGAD [11], to facilitate the training of our DCNN models using
the GA optimization techniques. These techniques greatly assist radiologists in detecting
several life-threatening lung diseases and help them visually inspect CXR images to detect
the presence of disease. As well as helping to build and train a compact and efficient
CNN model using the genetic algorithm.

Previous studies have generally used optimization techniques either to train CNN
models or to focus more on parameter tuning. In this study, we develop an approach
to train CNNs using GA and parallelize the process of refining and fine-tuning
hyperparameters at the same time.

In addition to this introduction, this manuscript is organized into four chapters
arranged as follows:

e The first chapter of this manuscript is dedicated to recalling some preliminaries on
Deep Learning. Presenting a detailed description of some basics of Convolutional
Neural Networks (CNNs) and their related metrics, Then giving an overview of
genetic algorithms, and finally presenting types of classification problems in machine
learning related to our application.

e In the second chapter, we start by stating the most common and publicly available
CXR datasets, subsequently, we present a comprehensive overview of prevalent
approaches employed for preprocessing CXR images, encompassing enhancement
techniques and data augmentation strategies. These methods aim to enhance
the quality of images and augment the available data, as well as an overview of
state-of-the-art deep learning models that leverage CXR images for the detection
and diagnosis of various chest diseases. And finally, a comprehensive discussion
where we discuss and interpret explainability is provided.

e In the final chapter, we present the details of our proposed approach, starting with



the selection of datasets from the pre-existing publicly available datasets, the data
preparation and pre-processing phase, then diving into our proposed strategy. This
involves two steps: the creation of the proposed DCNN architecture as well as the
application of a genetic algorithm to refine and tune the hyper-parameters of the
targeted problem. The various performance metrics used to evaluate the results are
described, as well as the tools and environments used for development. Finally, we
present the results of the project carried out in our study. When we talk about the
applied test set, highlight the effects of applying a genetic algorithm to our model
and conclude with a thorough discussion of all of the above.

e In the conclusion, we summarize the main results and point out some perspectives.



Chapter 1

Generalities




In this chapter, we recall some preliminaries on Deep Learning. A detailed description
of some basics of Convolutional Neural Networks (CNNs) and their related metrics are
also presented, Then we give an overview of genetic algorithms and finally present types
of classification problems in machine learning related to our application.

1 Deep Learning

In the current landscape of the business realm, enterprises leverage their unique
capabilities and inventive ideas to construct intelligent machines and applications.
Artificial intelligence (AI), Machine Learning (ML), and Deep Learning (DL) have gained
significant prominence in contemporary business discussions on a global scale. These
three technological concepts are frequently subject to interchangeable usage. However, it
is crucial to discern that they do not precisely encompass identical domains.

Figure 1.1 illustrates the main differences between AI, ML, and DL.

Artificial
Intelligence

A 4

Machine
Learning

\ 4

Deep
Learning

v

Figure 1.1: The Difference Between AI, ML, and DL
12]

Al revolves around the notion of constructing intelligent machines capable of
addressing common challenges. ML, on the other hand, constitutes a subset of Al that
facilitates the development of applications driven by artificial intelligence. Finally, DL
represents a branch of ML that relies on artificial neural networks, utilizing extensive
datasets and intricate algorithms to train models.

In our research, we primarily focus on the domain of Deep Learning (DL),
which encompasses applications in supervised, unsupervised, and reinforcement machine
learning. Within this realm, various techniques such as neural networks and their diverse
forms are employed to address the challenges at hand.



e Main Applications of DL can be categorized into distinct domains, namely
Computer Vision (CV), Natural Language Processing (NLP), and Reinforcement
Learning (RL).

1. Computer Vision: Where we can see Object detection and recognition, Image
classification, And Image segmentation.

2. Natural Language Processing: in NLP, DL exhibits various prominent
applications, including but not limited to automatic text generation, speech
recognition, and sentiment analysis.

3. Reinforcement learning: where we’ll be more focused on Robotics, Game
playing, and Control systems.

e Limitations of DL Even with the significant advancements of DL in various fields
we still face some setbacks and challenges. Some of the main challenges are:

— Data availability: where DL necessitates substantial quantities of data to achieve
optimal performance. Additionally, more advanced and precise models often
demand an increased number of parameters, posing significant challenges in
numerous domains and scenarios.

— Time-consuming: which differentiates from one problem to another.
— Computational Resources Cost: For training the deep learning model.

— Overfitting: upon repeated training iterations, the model’s adaptability
diminishes, rendering it incapable of handling multitasking scenarios. While
it may yield efficient and precise outcomes, it becomes excessively specialized
and limited to addressing a singular problem, primarily due to its training
data-centric nature.

2 Convolutional Neural Network (CNN)

CNN is one of the most common and efficient DL techniques for processing image-based
models.

2.1 Backgrounds of CNN

CNNs were initially conceived and utilized in the 1980s, primarily excelling in the task
of handwritten digit recognition. The postal sector predominantly employed CNNs for
reading zip codes, pin codes, and related applications. Notably, it is crucial to emphasize
that deep learning models, including CNNs, necessitate substantial volumes of training
data and significant computational resources. This particular requirement posed a
significant limitation for CNNs during that era, consequently restricting their widespread
adoption beyond the confines of the postal sector and impeding their integration into the
broader domain of machine learning [13].

In 2012, Alex Krizhevsky recognized the opportune moment to revive the branch
of deep learning that leverages multi-layered neural networks. The resurgence was



propelled by the availability of vast datasets, such as the ImageNet collection containing
millions of meticulously labeled images, and the abundance of computing resources at
researchers’ disposal. These influential elements played a crucial role in rejuvenating and
reinvigorating the utilization of CNNs. [13].

2.2 Functional Definition of CNN

CNNs share a fundamental resemblance to conventional Artificial Neural Networks
(ANNS), as they consist of neurons that undergo self-optimization through the process
of learning [14]. A distinguishing characteristic between CNNs and traditional ANNs lies
in their predominant application within the domain of image pattern recognition. This
specialization empowers CNNs to encode image-specific features into their architecture,
rendering them more adept at tasks centered around images. Consequently, this
specialized focus enables a notable reduction in the parameter count necessary for model
configuration, further streamlining the process [14].

2.3 The Benefits of Utilizing CNN

CNNs prove highly valuable in scenarios where extensive datasets necessitate the
application of image recognition, image classification, or computer vision (CV) techniques.
Furthermore, they demonstrate notable effectiveness in classifying audio, temporal, and
signal data with remarkable proficiency [13].

2.4 CNN Architecture

A CNN architecture is comprised of layers such as convolutional layers, pooling layers,
and fully-connected layers.

A simple CNN architecture for the MNIST database ! which is a classification of a large
collection of handwritten digits is illustrated in Figure 1.2.

1Modified National Institute of Standards and Technology database
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Figure 1.2: A Simple CNN Architecture Example
[15]

The fundamental functionality of the aforementioned CNN example can be dissected
into four primary components:

e The initial layer, known as the input layer, serves as a container for storing the pixel
values associated with the image.

e The Convolutional Layer: serving as the fundamental building block of a CNN,
assumes a pivotal role by hosting the bulk of computational operations. In the
Convolutional layer, the input images undergo a series of convolutions with dedicated
filters, resulting in the activation of distinct features embedded within the images
[14].

The rectified linear unit (often abbreviated as ReLU) is employed to apply an
activation function, such as the sigmoid function, to the output generated by the
preceding layer’s activation [14].

A simple Convolutional layer example is illustrated in Figure 1.3.
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Figure 1.3: A Simple Convolutional Layer Example
[13]

e The Pooling Layer : similar to the convolutional layer, assumes the role of
reducing the spatial dimensions of the convolved feature through downsampling,
thereby diminishing the computational burden associated with data processing. This
downsampling operation effectively simplifies the output, resulting in a reduction
of the network’s parameter complexity, thus streamlining the learning process.
Consequently, the pooling layer efficiently streamlines the network architecture.
Within the context of pooling, two distinct types are commonly employed: average
pooling and max pooling.

A simple pooling layer example is illustrated in Figure 1.4.

max pooling
20|30
112 37
12|20 30
8 [12]| 2
34]70| 37| 4 average pooling
112100} 25 | 12 ™
79|20

Figure 1.4: A Simple Pooling Layer Example
[13]

e The Fully Connected Layer : It’s where the CNN attempt to produce class scores
from the activation just like a standard ANNs for example image classification. The
term ”Fully Connected” denotes a configuration where each input or node from a
given layer is intricately linked to every activation unit or node within the subsequent
layer.

An example of a fully connected layer as well as an example of a simple CNN
architecture that exhibits the two phases of future training and classification are

10



shown in Figure 1.5 and Figure 1.6 respectively.

Figure 1.5: A Simple Fully Connected Layer Example
[16]

— CAR
— TRUCK
— VAN

é jj — BICYCLE

FULLY
INPUT CONVOLUTION + RELU POOLING CONVOLUTION + RELU  POOLING FLATTEN O ep SOFTMAX
FEATURE LEARNING CLASSIFICATION

Figure 1.6: A Simple CNN Architecture Example (2)
[17]

2.5 CNNs Different Evaluation Metrics

Evaluation metrics serve as quantitative criteria employed to assess the performance
and efficacy of statistical or ML models and provide objective measures to gauge their
effectiveness and efficiency. These metrics provide information about model performance
and help to compare different models or algorithms.

In classification problems, we use two types of algorithms: class output and probability
output. And based on these two, we can divide our evaluation metrics into 2 categories:

1. Classification Evaluation Metrics: In the context of a classification task, the
primary objective is to predict the target variable, which manifests as discrete values.
To assess the performance of such a model, we present some of these metrics below

11



[18]:

Confusion Matrix : serves as a performance evaluation metric specifically
designed for classification problems that involve multiple classes, providing
valuable insights into the model’s predictive accuracy [14]. It generates a matrix
of dimensions N x N, where N represents the total number of classes or categories
under consideration for prediction [13]. Figure 1.7 illustrates the full formula :

Actual Values

Positive (1) Negative (0)

Positive (1) TP FP

Negative (0) FN TN

Predicted Values

Figure 1.7: Confusion Matrix Formula
[19]

In this context, it is essential to consider the following four terms:

True Positives: instances where the predicted outcome was ” Yes” and indeed
matched the actual output as ”Yes”.

True Negatives: instances where the predicted outcome was "No” and indeed
matched the actual output as "No”.

False Positives: instances where the predicted outcome was ”Yes” and indeed
matched the actual output as "No”.

False Negatives: instances where the predicted outcome was ”No” and indeed
matched the actual output as ”Yes”.

Classification Accuracy (ACC): evaluates the frequency at which the
classifier accurately predicts the outcomes.

TP +TN
TP+TN+ FP+FN

(1.1)

Accuracy =

Where: TP+TN represents the overall count of accurate predictions, while
TP+TN+FP-+FN indicates the total number of input samples considered for
evaluation.

Therefore, accuracy is determined by dividing the number of correct predictions
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by the total number of input samples, providing a ratio that represents the
accuracy of the model.

e Logarithmic loss : Log loss or Cross-Entropy Loss is one of the most common
metrics that usually works well with multi-class classification [18]. Right below
we illustrate the full formula :

| N
logloss = N Z Z Yijlog(pis) (1.2)
i g

Where: N = the number of rows, M = the number of classes, y = observation’s
actual value, p = prediction probability.

e F'1 score : provides a comprehensive assessment by incorporating both
precision (accuracy of correctly classified instances) and recall (sensitivity to
not miss significant instances). Ranging from 0 to 1, the F1 score reaches its
maximum when precision and recall are equal, offering a balanced evaluation

[18].
Precisi Recall
Fisore =3 rctom e "
Where: TP
Precision = TP+ FP (1.4)
And: Tp
Recall = TP+ FN (1.5)

e Area Under Curve (AUC): curve is a commonly employed metric primarily
applicable to binary classification tasks. It quantifies the classifier’s capacity to
differentiate between classes [18].

¢ AUC-ROC : The ROC curve is a probability curve that depicts the true
positive rate (TPR) versus the false positive rate (FPR) at various threshold
values [18]. It effectively discriminates between ”signal” and "noise” [18],
providing a comprehensive evaluation of the classifier’s performance.

2. Regression Evaluation Metrics : In the context of regression, our objective is
to predict the target variable, which manifests as continuous values [18]. To assess
the efficacy of such a model, the following evaluation metrics are employed to gauge
its performance and effectiveness [18]:
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e Mean Absolute Error(MAE) : represents the mean discrepancy between
the predicted and actual values, providing insights into the accuracy of our
predictions in relation to the true output [18]. We illustrate the full formula :

VAR — izt [Yi = ] (1.6)

n

Where: yi= Prediction, xi = True value,
n = Total number of data points

e Mean Squared Error(MSE) : shares similarities with MAE, but it differs in
that it computes the squared mean difference between the predicted and actual
values [18]. We illustrate the full formula :

n

MSE:lZ(Y,»—ﬁ)Q (1.7)

n <
=1

Where: Yi= Observed values, 171 = Predicted values,
n = Total number of data points

¢ Root Mean Square Error(RMSE) : is a metric that can be derived by taking
the square root of the MSE value [18]. Placing greater emphasis on significant
prediction errors due to its higher weightage [18]. We illustrate the full formula

2
n

i=1

Y- Y,

RMSE =

2.6 Limitations of CNNs

The main setback in CNNs and any deep learning approach is the term Explainability or
Explainable-Al. Deep learning is like a black box. No matter how powerful and accurate
our models are. We always encounter the usual problem of not having an accurate
explanation of why the program makes predictions in a particular state. This lack of
explanation has caused companies to think twice about the use of artificial intelligence
(AI) in general, particularly in critical areas such as healthcare, finance, and government.
In our case, CNNs encounter limitations in comprehending the content within an image.
This will take us back to another term which is Human-in-the-Loop (HITL). The
majority of machine learning models heavily depend on human-prepared data (RSS) [20].
However, the collaboration between humans and machines extends beyond that point.
The most robust systems are designed to facilitate ongoing interaction between the two
entities, employing a mechanism commonly referred to as "Human in the Loop.” [20].
As well as the usual challenges such as classification and detection in complex images,
symptoms segmentation, labeled images challenge, and the exploitation of multiple
information sources.
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2.7 Applications of CNNs

Here are four of the most well-known CNN applications :

e Healthcare : CNNs have the capability to examine a multitude of visual reports
with the purpose of identifying anomalous conditions in patients [21].

e Audio Processing : Keyword detection can be employed in diverse devices
equipped with a microphone to identify the occurrence of specific words or phrases
when spoken [22].

e Social media : social media platforms utilize CNNs to detect and recognize
individuals present in a user’s profile picture. This application enables users to
conveniently tag their friends, enhancing the overall user experience on the platform
[21].

e Object Detection(Automotive) : CNNs play a vital role in precisely detecting
various elements such as traffic signs and objects. This detection capability of
CNNs enables automated vehicles to make informed decisions based on the identified
objects [22].

3 Genetic Algorithms

As we will deploy the Genetic Algorithm (GA) in our work after recalling some of its
principles:

Intuition Behind Genetic Algorithms

The genesis of the Genetic Algorithm (GA) stemmed from intuition and drew inspiration
from biological phenomena, where intuition is stating our problem and trying to find an
innovative solution for it and biological inspiration is where we started to compose our
genetic algorithm.

The impetus for the genetic algorithm derives from Charles Darwin’s theory of natural
evolution, which embodies the principles of natural selection.

Functional Definition of GA

A genetic algorithm serves as a search heuristic that emulates the mechanism of natural
selection, wherein individuals with superior fitness are chosen for reproductive purposes,
thus engendering offspring for the subsequent generation. By emulating the principles
of natural evolution, this algorithmic approach navigates the solution space, iteratively
improving the quality of solutions over successive generations [23].

In essence, it can be perceived as an optimization methodology aimed at identifying the
optimal configuration of hyperparameters that yield the utmost precision and accuracy
as shown in Figure 1.8:
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Figure 1.8: Five Phases of a Genetic Algorithm
[24]

Five Steps Involved in GA

1. Initialisation: we establish a population composed of a set of individuals, each
representing a potential solution to our problem. These individuals, known as the
population, are distinguished by a collection of parameters referred to as genes,
encapsulating the key variables for our analysis [24].

Figure 1.9 represents in the field of biology an analogy that can be drawn with the
encoding of genes within a chromosome [23].
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A1 [1]o]o]|1]|1]o]| | Gene

A2|lo]o|[1]1]1]0] Chromosome

A3 |[O0]1]0o]|1]|0]O]

A4 |0[1]1]0]0]|1]| |Population

Figure 1.9: Initial Population of a Genetic Algorithm
[24]

2. Fitness Function: plays a crucial role in evaluating the effectiveness or excellence
of an individual solution present within a population. It serves as a guiding metric
that aids in the selection and evolution process by assigning a numerical value
to signify the fitness or appropriateness of each solution. The probability of an
individual being chosen for reproduction in the subsequent generation is determined
by their fitness score [23].

3. Selection in this phase, we identify and choose the most genetically fit individuals
who will pass on their genetic information to the subsequent generation [23].
The selection of individuals is based on their fitness scores where the higher an
individual’s fitness score the more chances it will be selected for reproduction.

4. Crossover : this operation involves the mating of each pair of parents. A crossover
point is selected at random within the genetic material (genes) of the parents [23].
Take, for instance, the scenario where the crossover point is identified as 3 as
depicted in Figure 1.10, then the genetic material of the parents are interchanged
among themselves until the crossover point is attained. This crucial step is
commonly referred to as Offspring. Figure 1.11 illustrates the process by applying
it to Figure 1.10, and finally, the newly generated offspring are incorporated into
the existing population as shown in Figure 1.12. Figure 1.13 illustrates the whole
scenario presented above:
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Figure 1.10: Crossover Point Figure 1.11: Offspring
[23] [23]
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Figure 1.12: Result
[23]

Figure 1.13: Crossover Example
[23]
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5. Mutation : in order to preserve population diversity and prevent premature
convergence, a mechanism is employed where, upon the creation of new offspring, a
small random probability is assigned to introduce mutations in certain genes [23].
Figure 1.14 shows an example of mutation:

Before Mutation
A5 [1]/1][1]0]0]|0]

After Mutation
A5 ([1]11/0|1(1]0

Figure 1.14: Mutation Example
[23]

Genetic algorithms (GAs) are search heuristics that can be designed with a termination
condition, such as a maximum number of generations, to determine when the algorithm
should stop. In our case, the GA terminates when the population converges, meaning
that the offspring in a new generation resemble those of the previous generation.
This convergence indicates that the GA has derived a set of optimal solutions or
hyperparameters for the problem. By utilizing this termination criterion, the GA
effectively identifies and converges towards the most suitable solutions, facilitating
efficient problem-solving and optimization.

Application of GA

One of the main applications of a genetic algorithm is as an optimization technique in
many uses in the commercial world. In addition, it’s widely used in Robotics, Engineering
Design, Traffic and Shipment Routing (Travelling Salesman Problem), etc.

4 Classification Problems in DL

In the process of designing a CNN, careful consideration must be given to selecting a
suitable activation function, how to encode the training data, as well as performance
measures tailored to the specific classification or prediction task at hand.

In the realm of ML, classification tasks can generally be classified into three main
categories: :

1. Binary Classification : When we have only two target classes, we address the
object to either the first class or the second for example: Is it Covid-19 in the CXR
image or is it a normal case?

2. Multi-Class Classification : Within this specific category, we delve into scenarios
where classification tasks involve more than two distinct and mutually exclusive
targets. In such cases, each input is allocated to a single class, leaving no room for
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ambiguity or multiple assignments, for example: Which flower ”is” in this picture:
dandelion, rose, sunflower, lily, tulip?

3. Multi-Label Classification : Similar to the multi-class classification type, it also
deals with scenarios involving more than two classes. However, in the context of
multi-label classification, we focus on non-exclusive targets, allowing the possibility
of assigning multiple target classes to a single input for example: Which flowers
“are” in this picture: dandelion, rose, sunflower, lily, tulip?

Conclusion

In this chapter, we have recalled some preliminaries on DL in order to understand the
content of the following chapters. In fact, we introduced A detailed description of
some basics of Convolutional Neural Networks (CNNs) and their related metrics also
presented, Then we gave an overview of genetic algorithms, and finally presented types
of classification problems in machine learning related to our application. While in the
next chapter, we will review previous work (Related work) on our topic CXR Analysis
Using DL.
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Chapter 2

Related Work
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In this chapter, we initially identify and list the prominent publicly accessible datasets
comprising CXR images that are pertinent to our research, subsequently, we present a
comprehensive overview of prevalent approaches employed for preprocessing CXR images,
encompassing enhancement techniques and data augmentation strategies. These methods
aim to enhance the quality of images and augment the available data, as well as an
overview of state-of-the-art deep learning models that leverage CXR images for the
detection and diagnosis of various chest diseases. Finally, a comprehensive discussion
where we discuss and interpret explainability is provided.

Figure 2.1 illustrates a review of recent advances in deep learning models for chest disease
detection using CXR radiography [1]:

2 Common CXR Deep Learning for
10Datase(s Image Preprocessing Chest Disease
Techniques Detection
Gavid-lsa (Chexperﬁ @mic-cxa -
Data Augmentation Pneumt_)nla Data . Models_ )
Detection prepi g ) \Interpr ty

Ghesv(-ra) ( JSRT ) Gadches§
J CoViD-19 Detection NN
( PLCO) (RSNA ) ( KIT )

Multiple Disease
\/\ i

SO0

Figure 2.1: Structure of our Related Work

[1]

1 Datasets

In order to choose a dataset to evaluate our DL approach for disease detection we have
reviewed the standard datasets built for that purpose.

In the medical field, the domain of our project, we face the problem of diversity and
a large number of types of diagnostic methods such as imaging screening, lung biopsy,
High-Resolution Computed Tomography (HRCT), and ultrasound imaging. Taking CXR
imaging as an example, doctors and specialists use these images to detect diseases and
abnormalities, which is not a simple task. This is where using publicly available datasets
comes in very handy in deep learning situations.

There are several datasets containing thousands of CXR images. In this section, we
focus more on open-access CXR image datasets. Based on our knowledge, we present
ten datasets among the most pertinent and widely accessible CXR datasets currently
available in the public domain:
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1. COVID-19-Radiography database (Our used dataset) ' : A collaborative
research effort between Qatar University, Doha, Qatar, the University of Dhaka,
Bangladesh, and their partners from Pakistan and Malaysia, together with medical
professionals, has led to the development of a comprehensive database comprising
chest X-ray images. This database focuses on COVID-19-positive cases, as well as
normal and viral pneumonia cases, the images encompassed in this dataset were
meticulously sourced from various publicly available datasets, online resources, and
published literature. The dataset encompasses four distinct labels 2, all images are
provided in Portable Network Graphics (PNG) format, with a resolution of 299*299
pixels [9, 10].

2. CheXpert : encompasses a substantial collection of 224,316 images obtained
from a diverse cohort of 65,240 patients. This dataset was meticulously curated
at Stanford Hospital over a span of 15 years, from 2002 to 2017, it encompasses
a comprehensive range of 14 common chest abnormalities. To facilitate accurate
labeling, each image within the CheXpert dataset has been meticulously annotated
for the presence of these abnormalities using an automated rules-based labeler,
categorizing them as negative, positive, or uncertain. In order to extract valuable
insights from the radiology reports, expert observations have been extracted from
the free-text format [1, 25].

3. MIMIC-CXR : encompasses a vast assemblage of 377,110 CXR images,
meticulously curated to correspond to 227,835 unique patients. Renowned for
its expansive scale, it stands as one of the most extensive open-access collections of
chest X-rays, complemented by freely accessible radiology reports in a text-based
format. This comprehensive dataset encompasses data pertaining to 14 distinct
chest abnormalities, making it a valuable resource for research and analysis. The
data acquisition process spanned a timeframe between 2011 and 2016, taking place

at the esteemed Beth Israel Deaconess Medical Center situated in Boston, MA, and
USA [1, 26].

4. ChestX-rayl4 : represents a compilation of image data meticulously extracted
from PACS (Picture Archiving and Communication Systems) databases. This
particular dataset serves as an upgraded iteration of the well-known ChestX-ray8
dataset, augmenting it with the inclusion of six additional prevalent chest
abnormalities , the ChestX-ray14 dataset boasts a substantial collection of 112,120
CXR images, all captured in frontal view. Among these images, 51,708 depict the
presence of one or more anomalies, while the remaining 60,412 images exhibit the
absence of any of the 14 specified anomalies. The dataset encompasses data derived

IRecipient of the esteemed COVID-19 Data Set Award conferred by the Kaggle Community [9, 10]

2Including 3616 COVID-19 data images, 10192 normal images, 6012 lung opacity images, and 1345 viral pneumonia
images [9, 10].

3Namely hernia, fibrosis, pleural thickening, consolidation, emphysema, and edema, [1, 27].
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from a diverse population of 30,805 unique patients, rendering it a valuable resource
for extensive research and analysis [1, 27].

5. Japanese Society of Radiological Technology (JSRT) : is a publicly
available collection assembled by the JSRT in collaboration with the JRS (Japanese
Radiological Society) back in 1998. The dataset was curated by gathering data
from 13 medical institutions in Japan and one in the United States. It encompasses
a total of 247 posteroanterior CXR images, carefully selected to include diverse
cases, among these, 154 images exhibit the presence of nodules, with a breakdown
of 100 CXR images containing malignant nodules and 54 CXR images containing
benign nodules. Additionally, the dataset includes 93 high-resolution CXR images
that serve as a comparison group, devoid of any nodules. This extensive dataset
exhibits immense promise for cutting-edge research and meticulous analysis within
the domain [1, 28, 29].

6. Padchest (Pathology Detection in chest radiographs) : The Padchest
dataset stands as a remarkable resource in the field, boasting an expansive
collection of meticulously labeled data. It encompasses an impressive assemblage
of 168,861 CXR images obtained from a substantial cohort of 67,000 patients
who were treated at San Juan Hospital in Spain between 2009 and 2017. The
creation of this dataset was a collaborative effort involving the expertise of 18 skilled
radiologists, ensuring the accuracy and reliability of the provided annotations [1, 30].

7. PLCO : encompasses a substantial collection of 185,241 CXR images, focusing on
critical areas !. This comprehensive dataset is derived from a cohort of 56,071 male
and female patients [1, 31]. The data collection process was conducted within the
framework of a comprehensive study examining the influence of cancer screening on
mortality rates and secondary outcomes in individuals aged 55-74 years. Notably,
the PLCO dataset was meticulously assembled with the generous support and
sponsorship of the esteemed National Cancer Institute (NCI) [1, 31].

8. The RSNA Pneumonia Detection Challenge dataset
(RSNA-Pneumonia-CXR) : curated collaboratively RSNA and the Society
of Thoracic Radiology (STR), was specifically compiled and released for an
esteemed challenge. This extensive dataset encompasses a collection of 30,000 CXR
images, with approximately 15,000 images diagnosed with pneumonia or exhibiting
similar pulmonary conditions, such as infiltration and consolidation. Notably, all
the images in the RSNA-Pneumonia-CXR dataset have been acquired from the
well-known ChestX-ray14 dataset [1, 32].

IProstate, Lungs, Colon, and Ovaries [1, 31].
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9. KIT : meticulously compiled by the Korea Tuberculosis Association, serves as
a significant resource for tuberculosis research [1, 33]. This dataset encompasses
a vast collection of 10,848 DICOM images, meticulously collected over a span of
several decades from 1962 to 2013 ! [1, 33].

10. Indiana : curated by Demner-Fushman et al., offers a wealth of publicly accessible
data for research purposes. This comprehensive dataset comprises a total of
7,470 chest X-ray (CXR) images, encompassing both frontal and lateral views,
accompanied by 3,955 associated reports. These data were collected from diverse
hospitals and subsequently made available to the esteemed Indiana University
School of Medicine. Within this dataset, the CXR images portray a wide spectrum
of diseases ? [1, 34].

Table 2.1 presents a brief description of each dataset:

I'Within this dataset, there are 7,200 cases classified as normal, representing healthy individuals, while 3,828 cases are
classified as tuberculosis cases, portraying instances of the disease [1, 33].
?Including pulmonary edema, opacity, cardiac enlargement, and pleural effusion [1, 34]
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Table 2.1: Exploring Publicly Accessible CXR Datasets: An Overview

1]
Datasets Ref Details Labels
21,173 images
COVID-19-Radiography database | [9, 10] Normal, positive COVID-19,
(299%299 pixels) opacity, and viral pneumonia
224,316 images
CheXpert [25] 14 findings including edema,
65,240 patients cardiomegaly, ~ lung  opacity,
lung  lesion, consolidation,
pneumonia, atelectasis,
pneumothorax, and others
473,057 images
MIMIC-CXR [26] (2544 %3056 pixels) | 14 diseases (227,943 imaging
studies)
63,478 patients
112,120 images
ChestX-rayl4 [27] (1024x1024 pixels) | 14 findings including hernia,
consolidation, emphysema
32,717 patients edema, pleural  thickening,
pulmonary fibrosis, and others
247 images
JSRT 28, 29] | (2048x2048 pixels) | Nodule and no nodule
247 patients
160,868 images
Padchest [30] Large number of findings
67,000 patients
185,241 images
PLCO [31] Normal and TB
56,071 patients
RSNA [32] 15,000 images Pneumonia, infiltration, and
consolidation
KIT [33] 10,848 images Normal and TB
7470 images
Indiana [34] (512x512 pixels) Multiple  diseases  including
opacity, cardiomegaly, pleural
3996 patients effusion, and pulmonary edema
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2 Common CXR Image Preprocessing Techniques

The initial phase of X-ray image preprocessing encompasses data sampling, formatting,
and refinement, with the primary objective of enhancing image quality and ensuring
optimal representation.

Along our pre-processing path, we could face many challenges such as compressing
data while preserving crucial information within the images, de-identifying patient
information for privacy, resizing images while preserving crucial information contained
due to the high computing resources required, addressing data imbalances and effectively
handling DICOM (Digital Imaging and Communications in Medicine) format, which
often encompasses extensive metadata, posing difficulties for non-experts in the field
of radiology to interpret and comprehend [1].

Presenting two of the most common pre-processing techniques used on CXR images:

1. Data augmentation

When training a CNN model on an imbalanced dataset, the risk of overfitting
arises, resulting in suboptimal outcomes. To address this challenge, augmentation
techniques can be employed, offering two primary approaches: position-based
augmentation ! and color-based augmentation 2. These techniques aim to expand the
dataset by introducing subtle modifications to existing images, thereby mitigating
the potential for overfitting and enhancing the model’s generalization capabilities
[1].

Ait Nasser and Akhloufi [35] incorporated various transformations, including
rotation within the range of -15 to 15 degrees, translation by 20% in four directions,
shear between 70 and 100, and random flipping, by implementing these techniques,
the dataset was augmented, resulting in a total of 84,204 CXR images. This
augmentation significantly enhanced the performance of their proposed model [1].
Nayak et al. [306] effectively increased the number of CXR samples by employing
diverse techniques such as rotation, scaling, horizontal flipping, and the addition of
Gaussian noise with a variance ranging from 0 to 0.25. These augmentation methods
yielded a fivefold increase in the number of CXR samples compared to the original
training image [1].

In recent times, there has been a growing interest among researchers in the field of
generating synthetic CXR images utilizing Generative Adversarial Networks (GANs)
[1]. This approach offers several advantages, including addressing concerns related
to patient data privacy and expanding the size of available CXR datasets through
the generation of novel artificial images [1]. Venu et al. [37] explored the utilization
of GANs for data augmentation on the Pediatric-CXR dataset [38], specifically,
they focused on increasing the number of normal CXR images by employing Deep
Convolution Adversarial Networks (DC-GAN). Through training the DC-GAN
model, they successfully generated high-quality CXR-like images [1]. Chuquicusma
et al. [39] leveraged unsupervised DC-GAN to generate realistic images of lung

1Such as cropping, rotating, scaling, flipping, padding, etc.
2Including adjustments to hue, brightness, contrast, etc [1].
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nodules. The authenticity of the generated images was evaluated through Turing
tests conducted with two radiologists [1].

Table 2.2 presents a comprehensive examination of various data augmentation
methods for CXR images described above:

Table 2.2: A Comprehensive Examination of Various Data Augmentation Methods for CXR Images

Ref. | Datasets Approach

Rotation (-15 to 15 degrees), four
) Consolidated dataset of 26,316 CXR images
[35] directions translation (20%),
from VinDr-CXR and CheXpert datasets
shear (70 to 100), and a random flip

Rotation, scaling, horizontal
703 CXR images from ChestX-ray8 and
[36] flipping, Gaussian noise
COVID Chest X-ray and
(variance between 0 and 0.25)

1341 normal CXR images from
[37] DC-GAN
Pediatric-CXR

[39] | ChestX-rayl4 Unsupervised DC-GAN
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2. Enhancement

Typically, image enhancement methods for CXR images are employed to enhance
the visibility and clarity of information within the images, catering to both human
readers and automated systems. [1].

Aashiq et al. utilized a Gabor filter, which combines Gaussian and sinusoidal
elements, to enhance CXR images [1]. In a study conducted by Munadi et al.
[40] a combination of adaptive Contrast-Limited Histogram Equalization (CLAHE),
high-frequency emphasis filtering, and unsharp masking techniques were employed
to enhance tuberculosis (TB) images obtained from the Shenzhen dataset [41] [1],
subsequently, the researchers further applied transfer learning using two DCNN
models to detect TB using the enhanced images [1]. Tawsifur et al. [10]
conducted an investigation on the effects of various enhancement techniques, such as
Histogram Equalization (HE), CLAHE, image inversion, and gamma correction, on
the performance of DCNN models for COVID-19 detection using CXR images [1].
Nefoussi et al. [42] employed preprocessing techniques like unsharp mask, CLAHE,
and HE to enhance CXR pneumonia [1].

Table 2.3 presents a comprehensive examination of various enhancement methods
for CXR images described above:

Table 2.3: A Comprehensive Examination of Various Enhancement Methods for CXR Images

Ref. | Datasets Approach

[1] COVID-19-Radiography Database Gabor filtering

CLAHE, unsharp masking,
[40] | Shenzhen [41]

and high frequency emphasis filtering

) HE, CLAHE, image invert,
[10] | RSNA-Pneumonia-CXR and BIMCV-COVID19+

gamma correction, and BCET

[42] | RSNA-Pneumonia-CXR Unsharp mask, CLAHE, and HE
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3 Exploring DL Techniques for Chest Disease Detection Using
CXR Images

In this section, we present some of the DL approaches to have a comprehensive
examination based on the different types of detection (types of classification) and divided
into three categories suiting our study based on the most common diseases chest diseases
! based on the statistical data provided by the World Health Organization (WHO) [1].

1. COVID-19 Detection

COVID-19 emerged in 2019 in China and was officially declared a global pandemic
by the WHO in early 2020 due to its rapid and widespread transmission and
severe consequences, in response to this formidable challenge, the utilization of
CXR images has been explored for the purpose of detecting COVID-19. The task
involved applying DL algorithms for early detection during the initial stages of
the pandemic. However, the scarcity of CXR images depicting patients diagnosed
with COVID-19 at the onset resulted in the unfortunate loss of numerous lives
throughout the duration of the pandemic [1].

In a recent study conducted by Algahtani et al. [43] a DL approach was
proposed to address the classification task using a dataset consisting of 1504
CXR images. The dataset comprised 504 cases of COVID-19 and 1000 normal
cases, and it was collected from the Pediatric-CXR and COVID-19 Chest X-ray
datasets. Their method involved the utilization of an Inception-V4 model with
transfer learning to accurately detect COVID-19 infections where the performance
evaluation of the proposed model yielded an impressive overall accuracy (ACC)
of 99.63% [1]. Malathy et al. [44] introduced a DL model named CovMnet,
specifically designed to classify CXR images into normal and COVID-19 categories.
In the conducted experiments, a comprehensive analysis was carried out involving
intricate feature extraction, fine-tuning of CNN hyperparameters, and end-to-end
training of four distinct variations of the CovMnet model. Notably, the CovMnet
model demonstrated exceptional performance, achieving an impressive ACC rate
of 97.40% when applied to CXR images sourced from the Pediatric-CXR dataset
[1].In a similar vein, Nguyen et al. [45] trained the DenseNet-121 DCNN model
on a substantial collection of 21,165 CXR images obtained from various datasets
2 to enhance the model’s performance, they employed HE and a geometric data
augmentation technique. This augmentation resulted in the proposed model
achieving an impressive ACC rate of 97% [1].

In Table 2.4 we present the obtained results for different DL studies for COVID-19
detection:

1COVID-19, Pneumonia, and multiple diseases
2Including COVID-19-Radiography, RICORD, BIMCV-COVID19+, and Pediatric-CXR. [1].
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Table 2.4: Exploring Various DL pieces of research for COVID-19 Detection: A Comprehensive Overview

Ref. | Datasets Models Results

Custom dataset of 1504
CXR images (504 for COVID-19,
Inception-V4 with
[43] | and 1000 for normal cases) ACC = 99.63%
transfer learning
collected from PediatricCXR

and COVID-19 Chest X-ray

648 CXR images acquired from Custom DCNN

[44] ACC = 97.40%
Pediatric-CXR dataset model (CovMnet)
COVID-19-Radiography, PediatricCXR,

[45] DenseNet-121 ACC =97%

BIMCV-COVID19+, and RICORD
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2. Pneumonia Detection
Pneumonia is one of the most common chest diseases and one of the most challenging
to detect by radiologists using CXR images as it may be a complication of the flu
or any other germs that can cause this condition as well, such as bacteria, viruses,
fungi, and others.

Khoiriyah et al. [46] conducted a study where they utilized a dataset consisting of
5856 CXR images from the Pediatric-CXR dataset to perform binary classification
of images into normal and pneumonia cases. To enhance the training process,
they applied various data augmentation techniques, resulting in an augmented
dataset where they trained a personalized CNN model on this augmented data
and achieved an impressive ACC of 83.38% in detecting pneumonia [1]. Singh et
al. [47] proposed a novel approach using an attention mechanism-based DCNN
model for binary classification detecting pneumonia from CXR images, utilizing
the Pediatric-CXR dataset. They employed ResNet50 architecture with attention,
which yielded remarkable results with an ACC of 95.73% [1]. Darapaneni et al.
[48] implemented two distinct DCNN models, namely ResNet-50 and Inception-V4,
using transfer learning techniques for binary classification of pneumonia cases.
They utilized CXR images from the RSNA-Pneumonia-CXR dataset, where their
findings indicated that the Inception-V4 model outperformed ResNet-50, achieving
a validation accuracy of 94.00% compared to 90.00% [1].

In Table 2.5 we present the obtained results for different DL studies for Pneumonia
detection:

Table 2.5: Exploring Various DL pieces of research for Pneumonia Detection: A Comprehensive Overview

Ref. | Datasets Models Results
CNN model with and
[46] | Pediatric-CXR ACC = 83.38%
without data augmentation
[47] | Pediatric-CXR ResNet50 with attention mechanism | ACC = 95.73%
[48] | RSNA-Pneumonia-CXR | Inception-V4 with transfer learning | ACC = 94%
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3. Multiple Diseases Detection :

In certain scenarios, patients may encounter the simultaneous occurrence of multiple
diseases, posing a significant threat to their well-being. The task of identifying
multiple pathologies through CXR images can be challenging for radiologists,
primarily due to the resemblances observed among various disease indicators [1].
Wang et al. [27] employed a weakly supervised technique to classify and detect
eight lung diseases within the ChestX-ray8 dataset, where their approach yielded
promising outcomes, demonstrating an average AUC of 80.30% [1]. Rajpurkar et al.
[49] utilized a DenseNet-121 model known as CheXNet, leveraging the ChestX-ray14
dataset for binary classification of the 14 diseases. The CheXNet model achieved
notable success, attaining an average AUC of 84.11% [1]. Blais and Akhloufi [50]
explored multiple models for detecting lung diseases using the CheXpert dataset.
Notably, the Xception DCNN model outperformed other models, delivering an
average AUC of 95.87% for six diseases and 94.90% for the 14 diseases encompassed
in the dataset [1].

In Table 2.6 we present the obtained results for different DL studies for multiple
diseases detection:

Table 2.6: Exploring Various DL pieces of research for Multiple Diseases Detection: A Comprehensive
Overview

Ref. | Datasets Number of Diseases | Models AUC (Mean)

weakly supervised
[27] | ChestX-ray8 | 8 thoracic diseases P AUC = 80.30%

classification method

. DenseNet-121 (CheXNet)
[49] | ChestX-rayl4 | 14 thoracic diseases AUC = 84.20%

model

Multiple models
[50] | CheXpert 14 thoracic diseases | (Xception DCNN model | ACC = 94.90%

used here)
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4 Discussion

In the following section, we direct our attention to the obstacles encountered by the
aforementioned studies and deliberate on the significance of model interpretability within
the medical domain, an aspect often overlooked by numerous investigations.

Starting with the challenges we might face throughout the project, including data
pre-processing, image complexity, symptom segmentation, the challenge of labeled
images, leveraging multiple sources of information, etc. For the data preprocessing,
we can take the example of collecting well-labeled datasets, which is a process that
requires time and high computational resources, moreover, considering that a majority of
openly accessible datasets are annotated through automated tag assignment techniques,
including keyword-based matching algorithms like those employed in the CheXpert
and ChestX-rayl4 datasets, or NLP methods such as CheXbert [51] for extracting tags
from unstructured radiology reports, it becomes apparent that the outcomes may not
meet expectations due to potential errors stemming from factors like inadequate report
details [1]. The same logic applied to the other challenges, if we talk about symptom
segmentation we’ll face a lot of problems because when we focus on DL approaches, we
completely forget the main reason we are using this technique and end up ignoring the
disease Region Of Interest (ROI) in radiology while applying the segmentation, and if
the ROI will be segmented by mistake, that will make our model literally useless.

On the other hand, even when we avoid all the above challenges, the main challenge, and
one that is rarely considered by other studies, is the interpretability and explainability
of our model. For example, if we take feature extraction as an independent step
using different techniques and methods, to provide accurate results in prediction or
classification, we will need the intervention of specialists in the field of study of our
project to extract relevant features from the input data prior to model training or just
diagnose and confirm after our model application [1].

Conclusion

In this chapter, we initially identified and listed the prominent publicly accessible datasets
comprising CXR images that are pertinent to our research, subsequently, we presented a
comprehensive overview of prevalent approaches employed for preprocessing CXR images,
encompassing enhancement techniques and data augmentation strategies. Aiming to
enhance the quality of images and augment the available data, as well as an overview
of state-of-the-art deep learning models that leverage CXR images for the detection and
diagnosis of various chest diseases. Finally, a comprehensive discussion where we discussed
and interpreted explainability was provided. While in the next chapter, we will talk in
detail about our proposed approach as well as the performance measures that were taken,
and the tools and environments used in this work. Finally, we will present the results
of the project carried out in our study. Where we will dive into the applied test set,
highlight the effects of applying a genetic algorithm to our model, and conclude with a
thorough discussion of all of the above.
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Chapter 3
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In this chapter, we provide a comprehensive overview of our proposed methodology,
commencing with the meticulous curation of our dataset from the existing pool of publicly
accessible resources, the data preparation and pre-processing phase, then diving into
our proposed strategy. This involves two steps: the creation of the proposed DCNN
architecture as well as the application of a genetic algorithm to refine and tune the
hyper-parameters of the targeted problem. The various performance metrics used to
evaluate the results are described, as well as the tools and environments used for
development. Finally, we present the results of the project carried out in our study. Where
we dive into the applied test set, highlight the effects of applying a genetic algorithm to
our model, and conclude with a thorough discussion of all of the above.

1 Proposed Approach

In order to deal with disease detection using CXR images, we opt for a CNN-based DL
technique and deploy a GA to fine-tune and refine the hyper-parameters of the proposed
architecture.

1.1 Dataset Used

In this project, we opted to use a COVID-19-Radiography database !. Incorporating a
diverse assemblage of CXR images [9, 10]. These images encompass COVID-19-positive
cases, along with samples of normal, lung opacity, and viral pneumonia images, the
creation of this comprehensive database was a collaborative effort between a consortium
of researchers from Qatar University, Doha, Qatar, the University of Dhaka, Bangladesh,
and their counterparts from Pakistan and Malaysia, in close collaboration with medical
professionals [9, 10].

The compilation of images in this dataset was sourced from a multitude of diverse
origins, including various publicly accessible datasets, online repositories, and scholarly
publications such as RSNA [32] and Kaggle [52].

Table 3.1 presents a brief description of the dataset:

Table 3.1: Brief Description of COVID-19-Radiography Database

Ref. | Size Labels Format | Resolution
3616 COVID-19 data images,
9] | 21,165 images | 10192 Normal images (cases), PNG 299%299
[10] | 900MB 6012 Lung opacity images, pixels
and 1345 Viral Pneumonia images [9, 10].

IRecipient of the esteemed COVID-19 Data Set Award conferred by the Kaggle Community [9, 10]
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Data Preparation

In this phase, we need minimal data pre-processing because the data we are using is
already formatted, cleaned, and sampled in a way that suited our work.

It may seem like we're avoiding the hard work of pre-processing, but in reality, it will
give us unique advantages such as the use of pre-trained models, and save us time to
focus more on developing our model and refining the hyperparameters (Finetuning)
as we have just done in our approach which will allow us to obtain better results and
most importantly organize our workflow. A few simple changes we made before
defining the model:

e To load all the images, we started with defining the training variable which contains
all the images of the training data. We define the shape of the images, resize the
images to a resolution of 100*100 pixels, and normalize the images because our CNN
relies on gradient calculations;

e The path to each label has been type-pasted (converted) to an array so we can
normalize the data (divide it by 255) without having to deal with the Python list
limitations;

e Finally, we concatenate all the training data in one training variable using the
NumPy library so was can finally divide our data into training and testing.

1.2 The Proposed Synergistic Approach

DCNN models and genetic algorithms are both powerful tools in their own right, but
when combined, they have the potential to investigate chest disease detection in a whole
new way.

DCNNSs excel at pattern recognition and prediction, while genetic algorithms optimize
models by refining hyper-parameters and selecting relevant features.

This synergy creates a feedback loop, enhancing the accuracy and efficiency of our chest
disease detection and potentially saving lives. By leveraging these advanced technologies,
we can make significant progress in combating chest diseases.

Figure 3.1 illustrates the concept of our proposed approach:
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Figure 3.1: The Proposed Synergistic Approach
[53]

1.2.1 Proposed DCNN Architecture

To accomplish the multi-class classification task of CXR images into four distinct
categories !, our research utilizes a specially designed Deep Convolutional Network
(DCNN) model. Trained using an extensive dataset consisting of 21,165 CXR images
sourced from the COVID-19-Radiography database.

Figure 3.2 below illustrates our proposed DCNN-based architecture:

e The model is built using the Keras [54] DL API: Sequential API [55] which is very
simple and easy to use.

e The architectural design of our model incorporates three convolutional layers, with
each layer accompanied by a corresponding pooling layer. Additionally, a fully
connected layer is employed, followed by three dense layers. The final dense layer
is responsible for producing the desired output shape for multi-class classification,
utilizing the softmax activation function because of its suitability for multiclass

1Covid-19, Pneumonia, Lung Opacity, and Normal Cases
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classification.

e The determination of the number of layers within the architecture is based on
empirical analysis and experimentation. For the other hyperparameters, we
will rely on the genetic algorithm.

e We fix the input shape on our input layer and choose the activation function suitable
for multi-class classification on the output layer which is softmax in this case with
the number of our classes .

all we'll be connected here :

Flatten() Fully Connectedy) Softmax()
Convolutional Layer 1 - -
+Relu
Convolutional Layer 2
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Input: CXR Max_Pooling —
Images C D 4 \ L — —
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Figure 3.2: Proposed DCNN Architecture Overview

1.2.2 Genetic Algorithm

The PyGAD library, a Python-based open-source tool [11], offers extensive support for
various parameters of GAs. These parameters include population size, range and data
type of gene values, parent selection techniques, crossover operations, and mutation
strategies. Notably, PyGAD serves as a versatile optimization library that grants users
the flexibility to customize the fitness function according to their specific needs. The
library’s utilization entails three primary steps: formulating or defining the fitness
function, instantiating the pygad.GA class, and invoking the pygad.GA.run() method.
Remarkably, PyGAD extends its support to training DL models generated either within

1The 4 labels of our used dataset
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the PyGAD framework itself or using popular frameworks like Keras and PyTorch [56].

Within our research, we incorporate a specific module from PyGAD, namely
the pygad.gacnn module. This module encompasses a class known as
pygad.gacnn. GACNN, designed explicitly for training CNNs through the utilization of a
GA [57].

An individual within PyGAD-GACNN is encoded using many genes related to the
parameters of classical CNN model layers. The targets of our strategy are:

e For the convolutional layer, the targeted parameters or genes in this layer are the
number of filters, the size of filters, as well as the number of kernels.

e For the pooling layer, the targeted parameters or genes in this layer are the pool size
I'and the number of strides 2.

e For the dense layer, the targeted parameters or genes in this layer are the number
of kernels.

Figure 3.3 illustrates the targeted parameters for the deployment of GA.

Population

Individual 1 Gene 1 Gene 2 Gene 3 ses

CNN Model 2 N# Filters | N# Kernels | Pool Size ces

Individual 3 Gene 1 Gene 2 Gene 3

Figure 3.3: Genetic Algorithm: The Targeted Parameters

In the GA framework, the genetic information or parameters of each solution are
consolidated into a unified vector representation. Specifically, the weights pertaining

1The size of the pooling operation or filter
2The number of pixels shifts over the input matrix
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to all layers of a CNN are organized into a vector format employing the function
"pygad.gacnn.population-as-vectors()” [57]. This vectorized population is subsequently
employed as the initial population for further processing [57].

A comprehensive elucidation of the pygad.gacnn.GACNN class, encompassing its
constructor, methods, functions, and attributes, can be found within the documentation
of the pygad.gacnn Module [56, 57].

2 Deployment of the Genetic Algorithm

In the following section, we provide a detailed account of the procedures involved in
utilizing the pygad.gacnn module for constructing and training our CNN employing the
GA.

Due to our hardware limitations and even limitations of the computing infrastructure of
Google Colab [58] and its sessions that can be maintained for a limited time, we had to
apply this genetic algorithm approach to a much simpler proposed DCNN architecture
and fewer CXR images than our first DCNN approach to ensure that we end up with
results that can be evaluated while ensuring the deployment of a multi-class classification
of a balanced set of CXR images of each label from our four labels included in our
dataset.

GA-based Construction and Training of CNN using the pygad.gacnn
Module: A Step-by-Step Approach

e Similar to building our DCNN, we’ll prepare our training data, build our
architecture, and create our model.

e Instantiate the pygad.gacnn.GACNN class by providing the necessary arguments
which are the model and number of solutions that the genetic algorithm population
will have in each generation [57].

e Obtain the population weights in vector form using "the
pygad.gacnn.population-as-vectors()” function.  This function allows for the
consolidation of the weights from each layer of the CNN into a single vector, the
resulting population of vectors serves as the initial population for further processing
[57].

e Configure the fitness function by preparing the necessary components. Utilize ”the
pygad.cnn.predict()” function to generate predictions for the class labels using the
weights associated with the current solution [57].

e Configure the generation callback function to facilitate the updating of the
trained-weights attribute for the layers of the population networks, this function
plays a vital role in the training process [57].

e After setting up the GA parameters, you can proceed to instantiate an object of

"the pygad.GA class”, this class encapsulates the functionalities and operations of
the GA [57].
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e Execute the instantiated object of "the pygad.GA class” to initiate the execution
of the GA, the algorithm will iterate over the specified number of generations as
defined by the value provided for the "num-generations” parameter [57].

e Assess the outcomes by generating visualizations of the fitness values and extracting
pertinent insights, such as identifying the optimal solution. Additionally, utilize
the trained weights to make predictions and compute relevant statistics using
conventional metrics [57].

All these steps are explained in full detail in pygad.gacnn Module documentation [57].

During the implementation phase, our study will utilize the GA module to explore
and refine the specific hyperparameters of our proposed DCNN model. This process is
illustrated in Figure 3.4.

sample shape = data_inputs.shape[1:]
num_classes = 4

data_inputs = data_inputs
data_outputs = data_outputs

o input_layer = pygad.cnn.Input2D(input_shape=sample_shape)
conv_layerl = pygad.cnn.Conv2D(num_filters=2,
ker‘nel_size:.?,g
previous_layer=input_layer,
activation_function="relu")
average_pooling layer = pygad.cnn.AveragePoolingm(pool_size—"-,(::
previous_layer=conv_layeril,

) stride=3)
flatten_layer = pygad.cnn.Flatten(previous_layer=average pooling_layer)
dense_layer2 = pygad.cnn.Dense(num_neurons=num_classes,

previous_layer=flatten_layer,
activation_function="softmax")

model = pygad.cnn.Model(last_layer=dense_layer2,
epochs=1,
learning_rate=08.01)

Figure 3.4: Genetic Algorithm: Implementation

3 Metrics and Used Tools

In order to implement and evaluate our DCNN-based DL approach for disease detection
using CXR images, we have deployed some metrics and software.
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3.1 Performance Metrics

e Logarithmic loss : Log loss (Logistic loss) or Cross-Entropy Loss represents a
prominent metric widely utilized for effective evaluation in the context of multi-class
classification tasks. We used two types:

1. Binary Cross-Entropy

Referred to as Binary Log Loss, serves as a prevalent loss function employed
within the realm of ML, specifically in scenarios involving binary classification
tasks [59]. Its purpose lies in quantifying the disparity between the predicted
probability distribution and the actual binary labels associated with a given
dataset [59].

We denote the expressions for binary cross-entropy utilized in binary
classification and multi-class classification, respectively:

logloss = — Z (yi x log(pi) + (1 — yi) * log(1 — p;)) (3.1)

N M
1
logloss = N E 5 Yijlog(pij) (3.2)
1 J

Where: N = the number of rows, M = the number of classes, y = observation’s
actual value, p = prediction probability.

2. Categorical Cross Entropy
Referred to as Softmax Loss, It encompasses the combination of softmax
activation and Cross-Entropy loss, which is commonly employed for multiclass
classification tasks [60]. By utilizing this loss function, we can train a CNN to
generate a probability distribution across N classes for each input image [60].
We present the formula for categorical cross-entropy:

N
CCE =— Zyi x log(7;) (3.3)

i=1

Where: N = the number of rows, y = observation’s actual value.

e Classification Accuracy (ACC)
The model’s performance on the test set is evaluated using the accuracy metric
(ACC).
Where it shows the accuracy of the model or in other words the ratio of total actual
predictions to total predictions.

43



3.2

Tools and Used Environments

In order to implement and evaluate our DCNN-based DL approach for disease detection
using CXR images, we deployed a set of open-source tools, languages, and environments.
We present them below, justifying their use.

Software Tools

Visual Studio Code : is a freely accessible and robust tool designed for
coding purposes, offering a lightweight framework that can be utilized both offline
on your personal computer and online via web-based platforms, compatible with
various operating systems including Windows, macOS, and Linux [61]. Notably, it
features built-in functionality for JavaScript, TypeScript, and Node.js, along with
an extensive collection of extensions catering to diverse programming languages
supporting multiple runtimes, environments, and cloud services, further expanding
its versatility for developers [61].

Google Colab : is a product similar to Jupyter Notebook, offering a convenient
environment for Python programmers to write and execute Python code directly
within a web browser where developers have the flexibility to experiment with
various Python program codes effortlessly [58].

Python : is an interpreted and object-oriented platform with dynamic semantics,
boasting high-level built-in data structures, and supports dynamic typing and
dynamic binding. These features contribute to its versatility and ease of use in
developing software applications [62].

Libraries Used

We have used a lot of libraries, but here are the most commonly used:

TensorFlow : is designed to facilitate numerical computation in a Python
environment, enabling efficient ML and streamlined development of neural networks.
Helping developers to accelerate their workflow and simplify the implementation of
complex algorithms [63].

Keras : developed as a Python-based deep learning API, this platform leverages
the power of TensorFlow, a renowned ML framework that facilitates rapid
experimentation, providing researchers and developers with a seamless environment
to iterate and explore various deep learning models and techniques [54].

Scikit-learn : serves as a valuable asset for practitioners of ML in the Python
programming language, offering a wide range of efficient tools, it encompasses
various capabilities crucial for ML and statistical modeling tasks enabling users to
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effectively analyze and model their data [64].

e PyGAD: is designed to facilitate the implementation of GAs and the
optimization of ML algorithms. Its functionality encompasses the integration with
popular DL frameworks such as Keras and PyTorch [11].

Writing Tools and Environments

e LaTeX : stands as a sophisticated typesetting system that encompasses an
array of features specifically tailored for the creation of technical and scientific
documentation where researchers can ensure the production of high-quality scientific
documents that adhere to industry standards and conventions [65].

e TeXstudio : serves as an integrated writing environment specifically designed
to facilitate the creation of LaTeX documents ensuring a seamless experience for
users [66)].

e Overleaf : is an online platform designed for collaborative writing and
publishing, supporting both LaTeX and Rich Text formats. Offering users the
possibility to enhance their writing and publishing experience [67].

e Lucidchart : is a free-to-sign-up and easy-to-use diagramming web application
created by Lucid Software where you can design and even create teams to collaborate
on drawing and creating any kind of diagrams, figures, posters, models, and designs,
etc. With real-time updates, and allowing you to save your final project in many
available formats.

4 Results and Discussion

In this section, we disclose the findings derived from the project undertaken within the
scope of our investigation. Where we dive into the applied test set, highlight the effects
of applying a genetic algorithm on our model, and end the section with an in-depth
discussion of all of the above.

4.1 Applied Test Set

We conducted a series of experiments on the training dataset, training both the proposed
technique and the reference model. Subsequently, we evaluated the performance of the
models using the validation dataset.

Due to hardware limitations, in addition to our first proposed DCNN architecture,
we propose three DCNN examples with different dataset samples for the
deployment of the GA. All of them have the same architecture and we just modify
the number of training data treated in each one by fixing a balanced set of CXR images
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of each label from the four labels included in our dataset !.

1. The Proposed DCNN sample for the GA (DCNN-1): 500 CXR images for
each label, which will bring our training data to a total of 2000 CXR images.

2. The Proposed DCNN sample for the GA (DCNN-2): 600 CXR images for
each label, which will bring our training data to a total of 2400 CXR images.

3. The Proposed DCNN sample for the GA (DCNN-3): 800 CXR images for
each label, which will bring our training data to a total of 3200 CXR images.

Furthermore, we employ the ”pygad.gacnn module” to construct and train each of
the proposed DCNN architectures, denoted as GA-DCNN-1, GA-DCNN-2, and
GA-DCNN-3 correspondingly.

Training Methodology

The networks in our study were trained using the Adam Optimizer 2. All models were
implemented and trained using the TensorFlow framework. Throughout our experiments,
we employed a batch size of 30, enabled verbose mode with a verbosity level of 1, and
set the learning rate to 0.1.

Table 3.2 illustrates the evaluation of the different proposed DCNN approaches.

Validation Loss

During the evaluation process, it became evident that our various DCNN approaches
exhibited distinct behaviors as they underwent training across multiple epochs.
Specifically, the first proposed DCNN architecture demonstrated a notable reduction
in validation loss, which decreased from a minimum value of 11.87 to 1.98. While the
validation losses of the proposed DCNN samples for the GA (DCNN-1, DCNN-2, and
DCNN-3) did not improve much and remained constant after reaching a certain epoch.

Validation Accuracy

The ACC parameter describes how efficient and performant our models are. It appears
from the evaluations that have been performed that The highest ACC observed among
all the sets of approaches utilized is the first proposed DCNN approach, achieving an
ACC of 99,53% in 20 epochs. While the most performant proposed DCNN sample for
the deployment of the GA among the three proposed is DCNN-3, achieving an ACC of
77,17%. After deploying the pygad.gacnn module on each proposed DCNN architecture,

LA much simpler proposed DCNN architecture with fewer CXR images than our first DCNN approach each time
2a momentum-based gradient descent algorithm incorporating adaptive first-order and second-order moment estimation.
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it achieved an ACC of 78,87% with GA-DCNN-3 in 15 generations.

Table 3.2: Evaluation of Different Proposed DCNN Approaches

GA Deployment
(DCNN-3) 3

)

Mean Training Classification Test Loss
Model Total Epochs
Time in sec (Epoch) Accuracy Accuracy | (Cross-Entropy)
Proposed DCNN 5 107,2 95,48% 94,69% 11,87%
Trained with the 10 109.4 98,51% 95,14% 04,09%
Whole Training Data 20 111,15 99,53% 95,63% 01,98%
The Proposed
DCNN for the
5 2,8 76,80% (-0.51%) 2% 47,96%
GA Deployment
(DCNN-1) !
The Proposed
DCNN for the
5 3.4 76,67% (-1.56%) | 71,50% 48,30%
GA Deployment
(DCNN-2) 2
The Proposed
DCNN for the
5 4.4 77,17% (-1.7%) 73,75% 44,87%

1500 CXR images for each label, which will bring our training data to a total of 2000

CXR images

2 600 CXR images for each label, which will bring our training data to a total of 2400

CXR images

3 800 CXR images for each label, which will bring our training data to a total of 3200

CXR images
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Table 3.3 illustrates the evaluation results of the GA approach implemented on the
proposed DCNN samples, demonstrating its impact on the performance highlighted in

blue.
Table 3.3: Evaluation of the GA approach
Number of
. Number of Mutation Percent | Classification
Model Solution Generation
Parents Mating | of Genes Accuracy

per Population
GA-DCNN-11! | 4 10 2 10% 75%
GA-DCNN-2 2 | 4 10 2 10% 74,67%
GA-DCNN-33 | 4 10 2 10% 74,41%
GA-DCNN-11! | 6 13 3 20% 77.31% (40.51)
GA-DCNN-2 2 | 6 13 3 20% 78,23% (4+1.56%)
GA-DCNN-3 3 | 6 13 3 20% 78,87% (4+1.7%)

1500 CXR images for each label, which will bring our training data to a total of 2000

CXR images

2 600 CXR images for each label, which will bring our training data to a total of 2400

CXR images

3 800 CXR images for each label, which will bring our training data to a total of 3200

CXR images
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Figures 3.5, 3.6, 3.7, and 3.8 illustrate the evaluation of our first proposed DCNN
along with the three proposed DCNNs with different dataset samples for the deployment
of the GA DCNN-1, DCNN-2, and DCNN-3 respectively.
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Figure 3.5: Evaluation of the first proposed DCNN
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Figure 3.6: Evaluation of the proposed DCNN: DCNN-1
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Figure 3.7: Evaluation of the proposed DCNN: DCNN-2

Training and Validation Accuracy

® Training Accuracy b

0.770 1 — validation Accuracy

0.765 1

0.760 1

0.755 1 L]

0.750 1

0.745 1

0.740 4

0.735 4

0.0 0.5 1.0 15 2.0 2.5 3.0 3.5 4.0

Epochs

Figure 3.8: Evaluation of the proposed DCNN: DCNN-3
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To gain further insight into the process, Figure 3.9 showcases an example of the
evaluation of the third proposed DCNN sample, referred to as DCNN-3, with the
deployment of the GA. The figure includes a plot of the fitness score per generation,
providing insights into the optimization process. Additionally, it presents details about
the best solution, including its index, parameters, fitness value, and the generation at
which the best solution was obtained. Furthermore, the figure presents statistics such as
the number of correct and wrong classifications, along with the classification accuracy.

Example of Evaluation of GA -CNN-3

PYGAD - Generation vs, Fitness

60 [ ] # Returning the details ¢

solution, solution fitness, solution_idx = ga_instance.best_solution()

50 t("Parameters of the best solut {solution}” . fornat(solution=solution

f the bast solutlor lution fitness]” forsat(solution_fitness=solution_fitness

format(selution_idv=solution ldx

Fitness
&

-1

0 2 4 6 8 10 Best Fitness value reached after 10 generations
Generation

[ 1 # Calculating some statistics

num_wrong = numpy.where(predictions != data_outputs)[0]

num_correct = data_outputs.size - num_wrong.size
accuracy = 188 * (num_correct/data_outputs.size)
"Number of correct classifications : m_correct}.”. fornat (num_correct=num_correct))
"Number of wrong classifications : {num_wrong}.”.format(num_wrong=num_wrong.size))
IFacy faccuracy}.”.f it accuracy=accuracy
Number of correct classifications : 2381.

Number of wrong classifications : 819

Classification accuracy : 74.48625

Figure 3.9: Evaluation of DCNN-3 with the Deployment of the GA: Example

4.2 Effect of Applying a Genetic Algorithm

After the pygad.gacnn module was deployed to train each proposed DCNN samples, we
observed an increase of DCNN-1’s ACC by 0.51%, an increase by 1,56% for DCNN-2,
and also an increase by 1,7% for DCNN-3, compared to the DCNNs without GA
deployment. Highlighted in blue in Table 3.2 and 3.3.

Let us recall that due to our hardware limitations, we could no longer increase the
parameters of the experiments such as the number of generations, the number of solutions
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per population and the number of parental matings, etc., which could have improved the
classification accuracy of our GA-DCNN models even more.

4.3 Discussion

The results of the study indicate that the initial DCNN model proposed, which underwent
training using the complete training dataset (21165 CXR images) performed inherently
better and achieved a very high accuracy percentage of 99.53% highlighted in red in Table
3.2. But after applying the GA by deploying the pygad.gacnn module, we observed a slight
improvement in the three proposed DCNNs samples. Despite the slight improvement in
the performance of the models, by harnessing the capabilities of GAs, we are able to
observe the significant impact they have on achieving optimal results. This is achieved
through the identification of the most suitable set of hyperparameters and the selection
of the fittest individuals from each generation. In fact, with stronger hardware, we are
able to maximize the performance of the models and allow the GA to provide the set
of solutions with the best hyper-parameters to our problem in order to obtain the most
accurate and optimized results.

Conclusion

In this chapter, we provided a comprehensive overview of our proposed methodology,
commencing with the meticulous curation of our dataset from the existing pool of publicly
accessible resources, the data preparation and pre-processing phase, then dived into
our proposed strategy. This involved two steps: the creation of the proposed DCNN
architecture as well as the application of a genetic algorithm to refine and tune the
hyper-parameters of the targeted problem. The various performance metrics used to
evaluate the results were described, as well as the tools and environments used for
development. Finally, we presented the results of the project carried out in our study.
Where we dived into the applied test set, highlighted the effects of applying a genetic
algorithm to our model, and concluded with a thorough discussion of all of the above.

52



Conclusion and Future Work

Deep Learning has emerged as a highly potent technology for the analysis and
processing of CXR images, offering a wide array of methodologies and techniques to aid
healthcare professionals in predicting disease risks and facilitating early-stage prevention.
This convergence of medicine and computer science has created a promising realm of
research, driven by shared interests between the two disciplines. Given the striking
similarity in patterns and symptoms among various lung diseases, accurate diagnosis
becomes challenging and misinterpretation can have grave consequences. DL models have
shown great promise as prediction techniques, achieving precision levels close to human
performance. However, the progress of automatic image analysis is hindered by inherent

limitations, particularly the lack of explainability or interpretability in DL models.

In this research, a comprehensive examination was carried out to deploy “the
pygad.gacnn module” for constructing and training a DCNN using the GA for multi-class
classification of CXR images. The focus of our investigation was the COVID-19
radiography database, which comprises a collection of 21,165 chest radiographs. This
dataset includes images of COVID-19-positive cases, as well as Normal, lung opacity,

and Viral Pneumonia images, making it suitable for our study.

The results demonstrated that the first proposed DCNN model that was trained
with the whole training dataset (21165 CXR images) performed inherently better and
achieved a very high accuracy percentage. But after applying the GA by deploying "the
pygad.gacnn module”, we observed the effect of GA by the slight improvement in the
three proposed DCNN samples. Hence, it becomes evident that the utilization of the GA
allows us to achieve optimal outcomes by identifying the optimal set of hyperparameters
and selecting the fittest individuals from each generation. Alternatively, the integration

of specialized library modules, similar to the one employed in our investigation, enables
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the construction and training of CNN using the GA, facilitating the attainment of
accurate results. The evaluation showed that the classification accuracy of our genetic
algorithm approach achieved an accuracy (ACC) of 77.31%, 78.23%, and 78.87%.
improving it by 0.51%, 1.56%, and 1.7% for the three proposed samples respectively.

In conclusion, in future work, certain perspectives could be integrated to further enrich

our scope of work. Such as:

e Add another modality to the input by adding text reports, by applying for example
a late fusion strategy such as cross-attention where we will be using the results of
our current studies as an extraction of feature representations and add text analysis

to process the medical reports associated with them.

e Enlarge the dataset, by extending the processed data with a deeper, more compact

dataset like Mimic-CXR;

e Deploy multi-labeling for the classification of multiple disease signs, where a patient
can be labeled with more than one disease based on symptoms and according to

input CXR images.
e Use high-performance hardware to get more GA efficiency.

e Develop a mobile app and a web app to help people easily enter their CXR images
and medical reports and access a specialist who will visually inspect the CXR images

for the presence of any disease online.
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