
 

                                                                                       

Republic of Iraq 

Ministry of Higher Education and Scientific Research 

University of Babylon 

College of Science for Women 

Department of Computer Science       

 

 

 

Classification of COVID -19 Disease Using Genes Expression and  

a Deep Learning Technique 

A Thesis 

Submitted to the council of College of Science for woman, 

University of Babylon in Partial Fulfillment of the Requirement 

For Degree of Master of Science in Computer Science 

By 

Eman Hamid Hadi 

 

Supervised by: 

Hussein A. Lafta Prof. Dr. 

Asst . Prof .Dr. Sura  Zaki Alrashid 

 

2022 A.D.                                                                                 1443 A.H. 

 

 



 

 

 

 مَا ل إ لنَاَ عِلْمََ لََ سُبْحَانكَََ قاَلوُا

 الْحَكِيمَُ الْعلَِيمَُ أنَْتََ إِنكََ عَلمْتنَاَ

 

 ٣٢ الآية البقرة سورة

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

Declaration 

 
I hereby declare that this dissertation entitled “ Classification of 

COVID-19 Disease Using Genes Expression and a Deep Learning 

Technique ”, submitted to the University of Babylon in partial 

fulfillment of requirements for the degree of Master collage of science 

for women\department of computer science , has not been submitted as 

an exercise for a similar degree at any other University. I also certify 

that this work described here is entirely my own except for experts and 

summaries whose source is appropriately cited in the references.            

 

 

 

 

 

 

 

 

 

                

 

 

Signature: 

Name: Eman Hamid Hadi 

Date:      /      /   2022َ

 

 

 

 



 

 

Supervisor's Certification 

 

We certify that this thesis entitled “Classification of Covid -19 Disease 

Using Genes Expression and aDeep Learning Technique”, is 

completed by the student “Eman Hamid Hadi” under my supervision at the 

Department of Computer Science of University of Babylon in a partial 

fulfillment of the requirements for MSc Degree in Computer Science. 

 

 

 

 

 

 

 

 

Signature: 

Name: Prof. Dr. Hussein A. Lafta 

Date:       /       /    2022 

 Address: University of Babylon , College of Information Technology 

 

 

 

Signature: 

Name: Asst . Prof .Dr. Sura  Zaki Alrashid 

Date:      /      /   2022 

Address: University of Babylon , College of Information Technology 

  

 

 



 

The Head of the Department Certification 

 

In view of the available recommendations, I forward the research entitled 

“Classification of COVID -19 Disease Using Genes Expression and  

a Deep Learning Technique” for debate by the examination committee. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Signature: 

 Name: Asst . Prof .Dr. Saif AL-alak 

Date:       /      /  2022 

Address: University of Babylon/College of Science for Women 

 

 

 

 



 

Dedication 

 

To my father, to the one dearest in existence after God and His 

Prophet Muhammad  

To my dear mother 

To my dear husband and children 

To my dear brothers and sisters 

To my loyal friends 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

Acknowledgments 

 

 

First of all, I am grateful Allah the Almighty, the owner of grace and favor who 

was and is still my support in preparing and achieving this thesis. My deep love 

and massive thanks go to the masters of creatures, the greatest prophet 

Mohammed and his progeny (peace be upon them). 

 

Praise is to Allah, who illuminated me the way of science and gave me the 

patience to continue. 

 

Also sincere appreciation and love go to all my family members whose have 

encouraged me to go through this study and provides me with love and pure 

affection. 

I would like to express my deepest appreciation and gratitude to my 

supervisors Professor Dr. Hussain A. Lafta and Asst . Prof .Dr. 

Sura  Zaki Alrashid for their guidance, valuable advice, helpful 

discussions, thoughtful comments, continuous encouragement and 

support throughout the year of study and research at every step of this 

thesis. Without their support and invaluable feedback, I could not be 

able to complete it. I acknowledge their contribution to enhance our 

knowledge on the subject. 

I would also like to acknowledge University of Babylon - Collage of Science for 

Women - Department of Computer Science for providing support in conducting 

this thesis. 

Finally, I would like to thank the people who gave me help and advice. 

 



 

I 

 

Abstract 

               Millions of people are impacted by the coronavirus illness . It should 

also be highlighted that the cytokine storm has grown to be a significant factor in 

the high death rate. However, because of our limited understanding of the host 

defense mechanism and the emergence of a cytokine storm to combat this viral 

infection, efforts to create medicines, vaccines, and treatments have been 

unsuccessful. Therefore, a greater comprehension of the processes causing 

immunological dysregulation and the emergence of cytokine storms may provide 

us with insights into the clinical treatment of severe instances. Infection with 

COVID-19 illness may be influenced by genetic factors . therefore ,identifying 

the genes that influence this disease can help to increase the good therapy 

response. The proposed system consists of two main stages: the feature selection 

and the prediction stage. Feature selection is performed using the feature 

sequential selection  (FSS) method to select a subset of important genes and 

improve the prediction accuracy of the proposed model. In general, the proposed 

system implements the FSS method, which recognizes the most advantageous 

features at each step, then they are entered into the model to ensure the importance 

of these features and the accuracy that can be obtained. Moreover, this thesis 

sought to provide a prediction model based on artificial neural network (ANN) 

and a convolutional neural network (CNN) to identify genes related to patients 

with COVID-19 disease (DORF6), genes related to people with mild symptoms 

(WT) or genes related to people without infection (MOCK), the available dataset 

was used to achieve the goals of the current thesis is: the COVID-19 dataset. The 

evaluation was made based (accuracy ).The results obtained showed that the 

performance of the proposed system is effective, as the prediction accuracy  of 

the original and selected genes was compared before and after applying the FSS 

method. Using all genes, the prediction accuracy obtained was (30%) with ANN 

and (30%) with CNN, while the prediction accuracy after applying the FSS 

method was (97%) with ANN and (82%) with CNN with only 198 genes. 
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Chapter One 

Introduction 

1.1 Overview 

              The current development of the novel coronavirus disease known as 

COVID-19 or SARS-CoV-2, originating from China [Albert Whata and Charles 

Chimedza,2021] , it is causing a global health emergency with the rapid spread of 

this epidemic around the world. On March 11, 2020, the World Health 

Organization (WHO) publicly declared COVID-19 a global pandemic [Raju 

Babukarthik et al.,2022]. The COVID-19 pandemic has affected more than 200 

regions and countries [Hua Ye and et al.,2021  ]  with more than 188,655,968 

verified cases including 4,067,517 losses worldwide scientific response to a 

deadly infection or virus that has killed thousands of people. This latest epidemic 

of COVID-19 (Coronavirus) caused by severe acute respiratory syndrome is 

growing lethally at an extraordinary speed. It has infected millions of people and 

continues to have a horrific impact on the health and well-being of the world's 

population [Nahida Habib ,and Mohammad Motiur,2021]. COVID-19 attacks the 

immune system, causing a cellular storm that leads to the death of people with 

COVID-19 [Priyanka Ramesh and et al,2021].                                                                                                                                    

            In general, the field of computer technology and the field of bioinformatics 

have been used in disease research. Through bioinformatics analysis [Pushpa 

Singh and Narendra Singh, 2021] , the causes of COVID-19 disease were 

discovered and an early and appropriate prediction program developed. The 

analysis and interpretation of enormous datasets produced by numerous biological 

studies is one of the goals of the interdisciplinary field of research known as 

bioinformatics. One such biological experiment is the simultaneous measurement 

of the expression levels for tens of thousands of genes in a given environment 

https://ieeexplore.ieee.org/author/37862383500
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[Priyanka Ramesh and et al,2021]. One of the fundamental tools used by 

biologists to assess the degree of gene expression in a given organism is the 

microarray. The difficulty of using microarray technologies to analyze data to 

gain a better understanding of biological processes has substantially grown. But 

the microarray method creates a lot of data that includes the expression levels of 

numerous thousands of genes. This information is typically laid out as a matrix, 

with the rows denoting samples and the columns denoting genes. Each cell of the 

matrix contains a numeric value denoting the amount of a gene's expression in a 

specific sample, is called a gene expression matrix .In reality, the value of 

microarray gene expression data for illness diagnosis and patient treatment plan 

selection has increased significantly [Manish Babu and Kamal Sarkar ,2016] . 

Therefore, advanced computational methods are required, which is the most 

advanced method for finding the complex code of proteins and genes responsible 

for stimulating diseases as gene expression data sets are widely used in disease 

prediction and diagnosis [Heba Abusamra,2013], particularly in the treatment of 

COVID-19. There are several computational techniques available for gene 

expression analysis. Deep learning methods are part of machine learning 

techniques based on artificial neural networks. These include artificial neural 

networks and  convolutional neural networks, which are the most important deep 

learning algorithms designed for data.  
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1.2 Problem Statement 

         The problem could include that sometimes the previously proposed system 

is not able to recognize the genes, because of the noise and the large number of 

genes. This is captured by the poor classification accuracy.   

Also, the problem of restrictions distinguishing between cases of infection with 

Covid-19 disease. Which although genes are expected to vary greatly, there may 

be significant similarities in the gene sets of these data. Thus, each algorithm has 

an upper theoretical limit in terms of its ability to distinguish between cases of 

infection with Covid-19 disease and why some people have severe infection, 

others have a slight infection, and others do not appear to be infected. 

1.3 Aims of Thesis 

          The aim of this thesis is to identify the genes that influence the severity of 

COVID-19 disease and to develop a prediction model that could assist medical 

professionals in correctly diagnosing and treating COVID-19 patients. The 

following objectives will be accomplished in order to accomplish these aims: 

1- Deciding which subset of genes (informative genes) is best for the prediction 

task using gene expression data. 

 

2. Used a prediction model with minimal error and high accuracy based on the 

selected genes. In order to distinguish between patients with COVID-19 disease 

(DORF6), genes related to people with mild symptoms (WT) or genes related to 

people without infection (MOCK). 
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1.4 Thesis Motivations 

         There are some motives that were the main reason for researchers' interest 

in studying the problem of COVID-19, including: 

1-To diagnose the genes associated with the severity of COVID-19 disease and 

the genes that cause death, as ANN and CNN networks were used to diagnose the 

disease and classify cases to take the necessary measures regarding each case and 

deal with serious and medium cases. 

2- Early diagnosis for accurate treatment, which in turn reduces pressure on the 

health care system. 

1.5 Thesis Challenges 

This thesis faced various challenges, including: 

1- The curse of dimensionality: the number of genes in the gene expression data 

is very huge (containing thousands of genes). It is common that not all genes are 

useful , some genes are irrelevant and redundant information in the dataset. 

Therefore, working on this huge number of genes is difficult.  

2- The application of the prediction model: It presents another difficulty as it 

should be implemented with the least possible error and highest achievable 

accuracy. 

1.6 Related Works 

            A number of studies are discussed to cover the most relevant works and 

provide a summary of the work for the classification of COVID-19. The 

following is a description of these studies: 

• (Jayadeep  Pati,2018 ) , the researcher suggested a way to analyze gene 

expression data to identify and predict the optimal subset of lung cancer-causing 

genes. The researcher used three models to predict lung cancer-causing genes and 
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these models are(Multilayer Perceptron, Random Subspace, Saquential Minimal 

Optimization (SMO)) The classification methods used achieved different 

accuracy ( 86%, 68%,91%) respectively. 

• (Nahida Habib and Mohammad Motiur,2021 ), adopted two different 

methods of detection that were proposed, the first depends on genes and the 

screening method for detecting corona diseases, where a random model based on 

the rules of the random forest was trained with an accuracy close to 93%. The 

second diagnostic technique proposed is image classification using chest x-rays 

to classify normal images against COVID-19 and pneumonia that was done using 

Deep-CNN technology, achieving a test accuracy of 99 % . 

• (Hua Ye and et al.,2021 ) , proposed an intelligent prediction model useful for 

distinguishing between COVID-19 severity, to aid clinical diagnosis for decision-

making. In this paper, they proposed a prediction model using Harris hawks 

optimization (HHO) to improve Fuzzy K-near neighbor (FKNN), which is called 

HHO-FKNN. This model is used to characterize the severity of COVID-19. In 

HHO-FKNN, the best classification performance distinguishing severe COVID-

19 from mild COVID-19 was obtained with an accuracy of 94% 
  

• (Nour Eldeen M. Khalifa et al, 2020 ), propose a new and improved approach 

to deep learning that is based on optimizing binary particle swarm, with decision 

tree (BPSO-DT) and convolutional neural network (CNN) to classify different 

types of cancer based on gene expression data for renal cell carcinoma, breast 

cancer and lung adenocarcinoma. The model has been trained and overcome the 

problem of overfitting and training the model to achieve better accuracy. The 

proposed approach achieved an overall test accuracy of 96% 
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• ( Naiyar Iqbal and Pradeep Kumar, 2022 ) , propose a system method for 

detecting genes associated with corona disease. Their study revealed that 

differentially expressed genes are used as inputs to implement a machine learning 

model using SVM to predict genes associated with corona disease severity. The 

proposed system achieved a high accuracy of 99%. 

 

• (pranamita nanda and N. Duraipandian, 2020 ), propose to apply a number 

of algorithms to a gene expression data set to predict lung cancer-related genes. 

The predictive ability of a number of different algorithms was compared. The 

obtained results showed that “optimized random forest” achieved the highest 

accuracy of 98%. 

 

• (Albert Whata  and Chartes Chimedza, 2021 ) , proposed a deep learning 

algorithm that uses a convolutional neural network (CNN) as well as a 

bidirectional long-term memory neural network (Bi-LSTM), to classify SARS-

CoV-2, they classified whether the genome sequence contains regulatory motifs 

or other motives. The proposed bidirectional convolutional neural network for the 

long-term memory model (CNN-Bi-LSTM) has achieved a classification 

accuracy of 99%. 

 

• (Lei Chen and et al.,2021 ) , Suggest a method to detect COVID-19 using 

Boruta, Max-Fit and Min-Redundancy feature selection methods one by one . The 

mRMR feature list was entered into the IFS method, which included one of the 

four classification algorithms (RF, SVM, KNN and DT). The SVM classifier is 

considered the best classifier. This classifier achieved an accuracy of 0.93 . 
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• (Faraz Khan and et al.,2021]) , proposed a system for identifying the genes 

responsible for causing lung cancer in the human race. In this paper, they used the 

Kruskal-Walli test. Determination of gene expression data. Finally, 12 influencer 

genes responsible for the pathogenesis of lung cancer have been identified. The 

accuracy of the model is 84% using the Random Forest algorithm.  

• ( Raju Babukarthik et al.,2022 ), proposed a technique that aims to provide a 

solution to identify pneumonia caused by COVID-19 and healthy lung using CXR 

images. In their research, they used the latest deep learning technology 

represented by the (GDCNN) algorithm. This algorithm was trained to extract 

classification features between COVID-19 and normal images, this algorithm 

achieved an accuracy of 98% for predicting COVID-19. 

 

Table (1.1): Summary of the Related Works 

 

Author Name Dataset Disease type Method Accuracy 

 

 

 

Jayadeep  Pati,2018 Gene 

Expression 

lung cancer MLP 

Random 

Subspace 

SMO 

ACC 86% 

ACC 68% 

 

ACC 91% 

Nahida Habib ,and 

Mohammad 

Motiur,2021. 

Gene 

expression 

And  Image 

COVID-19 SVM l& 

 

deep CNN 

ACC  93% 

 

ACC  99% 

 

Hua Ye and et 

al.,2021   

 

genome 

sequences 

 

COVID-19 HHO-FKNN ACC 94% 

Nour Eldeen 

M. Khalifa et al, 2020  

Gene 

Expression 

Cancer CNN ACC.96% 

 

 

Naiyar Iqbal and 

Pradeep Kumar, 2022  

Gene 

Expression 

COVID-19 SVM ACC 99% 

 

 

https://ieeexplore.ieee.org/author/37862383500
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pranamita nanda and 

N. Duraipandian, 2020  

Gene 

Expression 

Lung cancer Random 

Forest 

ACC 98% 

 

 

Albert whata  and 

chartes chimedza  

,2021 

DNA 

sequences 

SARS-CoV-2 CNN-Bi-

STM 

ACC 99% 

Lei Chen and et 

al.,2021  

Gene 

Expression 

COVID-19 SVM 

DT 

KNN 

RF 

ACC 93% 

ACC 86% 

ACC 88% 

ACC 0.92% 

Faraz Khan and et 

al.,2021 

Gene 

Expression 

Lung cancer Random 

Forest 

ACC 84% 

Raju Babukarthik et 

al.,2022 . 

 

Images COVID-19 GDCNN ACC 98% 

 

1.7 Thesis Outline 

         The thesis included five chapters arranged as follows: 

Chapter One: This chapter included the introduction, the problem of the study, 

the aim of the study, the motives for the study, thesis contributions, thesis 

challenges ,  and related works. 

 

Chapter Two :This chapter included a comprehensive description of the main 

biological concepts, and preprocessing techniques that included both the handling 

of missing values and normalization process, in addition, this chapter included the 

methods used to features selection to reduce data dimensions , the deep learning 

algorithms, the proposed prediction model, and the evaluation methods used. 

Chapter Three : This chapter describes the proposed system. In this chapter, 

the preprocessing stages are explained, and the following stages select important 

genes in the COVID-19 dataset (features selection). After that, a prediction 

model is created to predict the genes related to the severity of COVID-19 

disease. 
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Chapter Four : The fourth chapter explains and discusses the implementation 

the proposed system on the COVID-19 dataset, and illustrates of the 

experimental results obtained after applying the proposed model. 

 

Chapter Five : The fifth chapter represents the most important conclusions this 

study reached based on the results of the thesis . In addition to that, this chapter 

highlights possible future works. 
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Chapter Two 

Theoretical   Background 

2.1 Introduction 

          This chapter clarifies the basics of gene expression as well as the basic 

information and concepts used in this research that are introduced to detect genes 

associated with COVID-19 disease. In addition, the basic concepts will be 

explained by providing a brief overview of the four stages: data pre-processing, 

selection of the most important features, as well as the prediction techniques used 

and evaluation of the model used. This chapter mainly focuses on the main 

methods and techniques adopted in this thesis. 

2.2 COVID-19 Disease 

            COVID-19 is a highly contagious epidemic disease that first appeared in 

December 2019 in China in the city of Wuhan. The World Health Organization 

(WHO) declared the outbreak of this disease in 2020 a global health emergency, 

raising the epidemic to the level of severe severity. The clinical presentation of 

corona disease varies from person to person, and these clinical presentations are 

variable, fever represents the main symptom of this disease, in addition to other 

symptoms of fatigue, cough, diarrhea and nausea, and some cases may be 

asymptomatic. The cases of elderly people with other diseases, including (heart, 

diabetes and pressure) are more likely to suffer from respiratory failure [Tamer  

Ali and et al.,2020]. The severity of corona disease varies from person to person, 

and the reason for this is due to the presence of genes closely related to the 

increased severity of COVID-19 disease, as these genes play a vital role in the 

production of cytokines, which is the main reason for increasing the severity of 
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infection and increasing death rates [Qiurong Ruan and et al.,2022]. Therefore, 

the need to identify new targets and effective treatments for COVID-19 disease is 

of great importance to overcome this epidemic that has swept the entire world. 

[Lei Chen and et al.,2021]. Therefore, the investigation of this study focuses on 

identifying genes associated with COVID-19 disease severity using gene 

expression analysis. In general, the severity of COVID-19 is related to the 

patient's genetics and an inaccurate diagnosis often delays beneficial treatments. 

Thus, the discovery of functional genes that can establish correct matches and 

relationships with clinical symptoms has become urgent. For this purpose, it is 

necessary to know the set of genes associated with the disease of COVID-19. 

However, using rapidly developing microarray technology, large amounts of data 

can be analyzed in order to extract disease-related genes using novel 

computational methods in order to mitigate disease severity and identify potential 

therapeutic targets [Chaolin Huang and et al.,2020]  .  In general, the Corona virus 

is active inside the living organism because it depends on the cell components for 

reproduction and is weak outside the living organism [Jenny Oh and Laura 

Klivans, 2020 ]. Figure (2.1) shows COVID-19 virus. 

 

Figure (2.1) :The Structure of the COVID-19 Virus. 
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2.2.1 Genetic Variants that Influence on Susceptibility and 

Severity to COVID-19 

           Certain genetic factors of an individual can influence the risk and severity 

of infection and symptoms of the disease. Much of the international study has 

identified large parts of the human genome that can influence the risk and severity 

of COVID-19 infection [ Zhicheng Wang and Kun Tang,2020]  . 

           From the beginning of the Corona virus until now, doctors and scientists 

are trying to understand why some people contract severe COVID-19 while others 

do not show any symptoms. Risk factors such as age and underlying medical 

conditions as well as environmental factors of social and economic determinants  

have significant roles in determining disease severity. However, the differences 

in the human genome is the source of the variance in the severity of the disease 

[Zhicheng Wang and Kun Tang,2020]. Scientists already know that genetic 

variants influence the severity of human infectious diseases including infection 

with COVID-19 .Genetic factors may range from factors that are rare, to high-

impact mutations that can make the difference between individuals with the 

disease from mild symptoms and a life-threatening illness, to the most common 

genetic variants that only moderately affect the severity of the disease [Erola 

Pairo-Castineira and et al.,2021]. However, human genome studies specialized in 

infection diseases are still rare and limited compared to other immune conditions, 

including autoimmune disorders for many reasons . The most important of them 

is that infectious diseases are usually studied by focusing on the microorganisms 

that cause diseases instead of studying the host. Plus, human genes usually have 

small effects on the outcome of infection compared to the effects resulting from 

social and demographic factors, especially age or access to health care. 

Determining this requires studying large and distinct groups of people in order to 
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produce sufficient statistical power to detect  relevant genetic factors. It could be 

human genomics an effective tool through which to understand biological 

mechanisms that determine the immune response to a specific disease infection, 

in order to identify individuals who are at risk and to develop new drugs and 

vaccines [ Samira Asgari and Lionel  Pousaz,2021] 

2.3 Microarray Technology and Expression Matrix 

            Microarray technology has enabled many scientists to measure the 

expression levels of large numbers of genes in an experiment that takes a very 

short time, it may take a few days compared to the time it takes to analyze genes 

in a biological laboratory, which may take months. Usually, it takes several 

months to diagnose a specific disease based on genetic analysis in a biological 

laboratory. However, when using the expression technique, the diagnosis of the 

disease may take much less time, and when the disease is diagnosed early, the 

severity of the disease can be controlled and the appropriate medications are used. 

In general, when using microarray data for gene expression as well as performing 

computational procedures, the disease will be diagnosed in a few days. And 

therefore , Microarray data can be used to explore the genes responsible for the 

severity and progression of diseases. It can also help in finding the right       

treatment [Hiba muthanaa ,2021]. 

          Generally ,the microarray is a glass slide on which DNA molecules are 

fixed at specific sites called spots. A microarray may contain hundreds of 

thousands of spots, and each of these spots contains several copies of a DNA 

molecule that corresponds uniquely to a gene. Then the microarray chip will be 

laser stimulated with appropriate wavelengths. The final result is stored as an 

image file for further analysis. A special image analysis program is used to capture 

the microarray images. As manufacturers of microarray scanners provide various 

software such as Limma package which is a tool that is used to extract data from 



Chapter Two                                                               Theoretical   Background 

- 16 - 
 

raw image files. In general, microarray technology stores the data of thousands of 

individual gene expressions in a matrix called the gene expression matrix, where 

n rows correspond to a specific individual called samples and m columns 

represent different genes. In addition, the number of samples may reach hundreds, 

while the number of genes may reach tens of thousands [22 ].   

2.4 Dataset 

          There are a lot of biological data sets published through the National Center 

for Biological Information (NCBI). In this thesis, the data set used was taken from 

the publicly available data source Gene Expression Omnibus (GEO). It was 

published in November 23, 2020 by the National Center for Biological 

Information (NCBI). The entry number for data sets is (GSE33267) provided by 

Gene Reports Journal. In this thesis, a prediction model was applied to the data 

set (GSE33267), which contains (33630) genes, to find out the genes associated 

with the severity of COVID-19 disease [Priyanka Ramesh and et al,2021].                                                                                                                                                     

2.5 Data Preprocessing 

             Today's real-world databases are highly vulnerable to missing and 

cluttered data because of their huge volume and the origin of this data is likely to 

be from multiple heterogeneous sources. Low quality data will lead to lower 

quality mining results. Data preprocessing helps improve data quality and thus 

improves the efficiency and ease of the mining process. Data preprocessing is an 

important step in the data mining process and data collection methods are often 

controlled loosely, resulting in out-of-band values, or missing values. Analyzing 

data that has not been carefully examined to address these problems can lead to 

illogical and misleading results [Mehdi Toloo and et al.,2008]. 

             There are many data pre-processing techniques. Including data cleaning 

is applied to remove inconsistencies in the data and remove noise. Data integration 

is where data from multiple sources are combined into a cohesive data store. Data 
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reduction can reduce data size through aggregation and deletion of redundant 

features. Normalization can be applied where data is scaled to fall within a smaller 

range (0.0 and 1.0). Thus, the accuracy and efficiency of mining can be improved, 

and the missing values can be estimated [Mehdi Toloo and et al.,2008] . After 

applying the pre-processing of the data and obtaining the appropriate results, the 

final obtained data set can be considered as a reliable source and can be used in 

any algorithm that is applied to extract the features. Table (2.1) shows the different 

stages of data pre-processing [Mehdi Toloo and et al.,2008]. 

Table (2.1) Methods for Pre-processing the Data [Mehdi Toloo and et al.,2008]. 

 

Data Preprocessing 

Data Cleaning Data Transformation                                 Data Reduction 

1-Missing Data  

a-  Ignore the tuple 

b- Fill the missing 

value  

2- Noisy Data 

a- Regression 

b- Clustering                                                                                                                                                                                                   

1- Normalization 

2- Attribute selection 

3- Discretization 

4- Concept Hierarchy 

Generation 

                                                        

1-Data Cube Aggregation 

2- Attribute subset  

selection  

3- Numerosity Reduction 

 4- Dimensionality 

Reduction                                

 

 2.5.1 Missing Value 

           Oftentimes the data contains a lot of missing values in the real world. The 

main reason for missing values could be the failure to record data or data 

corruption, and the processing of the missing data is very important during the 

pre-processing of the dataset used since many deep learning algorithms do not 

support missing  values [Marianne Riksheim and et al.,2019]. There are many 

ways in which missing values can be handled  : either by deleting missing and 

irrelevant values [Najah Abed, (2021).]or by replacing the missing values with 
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the value (0) or by replacing the missing value with the mean [Marianne 

Riksheim and et al.,2019]. 

2.5.2 Data Normalization 

             The unit of measure used may affect the analysis of the data and in many 

cases this data is in a format that is not suitable for use by data mining techniques. 

So the data is normalized by converting the raw data values into another form with 

properties that fit the model used . Normalization aims to ensure that all genes 

used are in the same unit of measurement, i.e. between [0 ,1] or between [1,-1] 

[Luai A. Al Shalabi and Z. Shaaban,2006]  . Therefore, the normalization process 

is used to eliminate the difference between the influence of small and large values 

that dominate the results. In general , normalization methods are applied to the 

data to reduce the error and increase the accuracy of the model used . There are 

many ways to normalize data , including min-max and z-score normalization . 

Equation (2.1)  is used in the minimum and maximum normalization [Hiba 

muthanaa ,2021].                                                                      

𝑣 ' = 
𝑣−𝑚𝑖𝑛 𝑎

𝑚𝑎𝑥 𝑎−𝑚𝑖𝑛 𝑎
∗ (𝑛𝑒𝑤_𝑚𝑎𝑥𝑎 − 𝑛𝑒𝑤_ 𝑚𝑖𝑛𝑎) + 𝑛𝑒𝑤_ 𝑚𝑖𝑛 𝑎               (2.1) 

                                                                                                                                                                                                                                               

Where: 

𝑣 : represents the feature value  

𝑚𝑖𝑛 𝑎 : is the minimum original value for any feature 

𝑚𝑎𝑥 𝑎 : is the maximum original value for any feature 

𝑛𝑒𝑤 -𝑚𝑎𝑥𝑎 and 𝑛𝑒𝑤 -𝑚𝑖𝑛𝑎 are the maximum and minimum interval of new 

values . for more information on the min-max normalizing method , see 

algorithm (2.1)  . 
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Algorithm (2.1): Normalization Steps [Hiba muthanaa ,2021]. 

𝑰𝒏𝒑𝒖𝒕 ∶ 𝑇𝑤𝑜 𝑑𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛𝑎𝑙 𝑎𝑟𝑟𝑎𝑦 𝑀𝑉 [𝑛 ∗ 𝑚]𝑖𝑛 𝑤ℎ𝑖𝑐ℎ 𝑛 𝑖𝑠 𝑡ℎ𝑒 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠𝑎𝑚𝑝𝑙𝑒𝑠 𝑎𝑛𝑑  

 𝑚 𝑖𝑠 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑔𝑒𝑛𝑒𝑠  

𝑶𝒖𝒕𝒑𝒖𝒕 ∶ 𝑇𝑜𝑤 𝑑𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛𝑎𝑙 𝑎𝑟𝑟𝑎𝑦 𝐷𝑁[𝑛 ∗ 𝑚] after normalization process 

 

Begin 

𝟏.   𝐿𝑒𝑡 𝑀𝑎𝑥 [𝑗] 𝑎𝑛𝑑 𝑀𝑖𝑛 [𝑗] 𝑡𝑤𝑜 𝑎𝑟𝑟𝑎𝑦𝑠 𝑟𝑒𝑝𝑟𝑒𝑠𝑒𝑛𝑡 𝑚𝑎𝑥𝑖𝑚𝑢𝑚 𝑎𝑛𝑑 𝑚𝑖𝑛𝑖𝑚𝑢𝑚 𝑣𝑎𝑙𝑢𝑒  

 𝑓𝑜𝑟 𝑒𝑎𝑐ℎ 𝑔𝑒𝑛𝑒 

𝟐.  𝐹𝑜𝑟 𝑗 =  1 𝑡𝑜 𝑚 

𝟑.  𝑆𝑒𝑡 𝑚𝑎𝑥 𝑎𝑛𝑑 𝑚𝑖𝑛 𝑡𝑜 𝑡ℎ𝑒 𝑓𝑖𝑟𝑠𝑡 𝑣𝑎𝑙𝑢𝑒 𝑜𝑓 𝑔𝑒𝑛𝑒 𝑗   

𝟒.  𝐹𝑜𝑟 𝑖 =  1 𝑡𝑜 𝑛 

𝟓.     𝑖𝑓 𝑣𝑗𝑖 <  𝑚𝑖𝑛 𝑡ℎ𝑒𝑛     

 𝟔.         Min =  𝑣ji 

 𝟕.  else if 𝑣ji >  max then  

 𝟖 .        Max =  𝑣ji  

 𝟗.          end if 

𝟏𝟎.    end if 

𝟏𝟏. 𝑒𝑛𝑑 𝑓𝑜𝑟 

𝟏𝟐. 𝐴𝑝𝑝𝑙𝑦 𝑒𝑞𝑢𝑎𝑡𝑖𝑜𝑛 (2.1)𝑡𝑜 𝑚𝑜𝑑𝑖𝑓𝑦 𝑡ℎ𝑒 𝑒𝑣𝑒𝑟𝑦 𝑣𝑎𝑙𝑢𝑒 𝑣 𝑖𝑛 𝑔𝑒𝑛𝑒 𝑗 

 𝟏𝟑.  𝑒𝑛𝑑 𝑓𝑜𝑟 

 𝟏𝟒.  𝑟𝑒𝑡𝑢𝑟𝑛 𝐷𝑁 

End .                              

2.6 Feature Selection (FS) 

             Feature selection methods as a preprocessing step in predictive modeling 

have many important advantages. It can reduce model complexity, enhance 

learning efficiency, and increase predictive power by reducing noise. Often, in a 
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high-dimensional dataset, some completely irrelevant and insignificant features 

remain. It has been observed that the contribution of these types of features is 

often less towards predictive modeling than towards critical features. These 

features cause a number of problems that in turn prevent effective predictive 

modeling [S. Vanjimalar and et al.,2018]. 

             Feature selection technology is a preprocessing technique that aims to 

select the most advantageous genes, it can differentiate between groups, i.e. 

subtypes associated with severe COVID-19 disease, or normal versus infected 

samples. The feature selection method reduces the dimensions of the original 

feature space to a lower dimensional space by selecting a subset of genes [S. 

Vanjimalar and et al.,2018]. 

          The methods of selecting features are  divided into four  categories: (filter, 

embedded , wrapper and Hybrid methods) [S. Vanjimalar and et al.,2018]. The 

selection of the feature is done by selecting the features or genes separate or 

independent of the model or classifier used [Omar Al-Harbi ,2019]  . Adequate 

selection of features may improve the accuracy and efficiency of the model [ 

Younes Bouchlaghem and et al.,] 

 feature selection has a number of advantages, including:  

 - enhancing the machine learning algorithm's performance. 

- Understanding data, learning about the process, and possibly assisting with 

visualization. 

- data minimization, lowering storage requirements, and possibly assisting in cost 

reduction. 

-  simplicity, the ability to use simpler models, and increased speed 

- Make the model used easy  to building. 

- Remove irrelevant features  [Younes Bouchlaghem and et al.,]. 

 In these methods, all the features that give optimum results are selected for the 

deep learning algorithm. The data used contain a lot of genes that are less 

important and irrelevant, so their unnecessary use in the prediction model leads to 
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the complexity of the model and the difficulty of its interpretation ,  it also makes 

the model work with less accuracy, so the features selection process is critical , as 

the relevant genes are selected that are more important from a large set of data, 

which leads to train deep learning algorithms more quickly, facilitates model 

interpretation and reduces its complexity, in addition to building a good model 

with better predictive capabilities. Determining the appropriate set of features 

reduces excessive training time and this results in a small set of features 

[Nivedhitha Mahendran and et l.,2020]. 

2.6.1 Pearson Correlation Coefficient (P) Method  

              The Pearson correlation coefficient ( P ) is a measure that determines the 

degree to which two different variables are related. The Pearson correlation is one 

of the most common correlations  to measure the linear relationship between two 

variables. When the relationship is nonlinear , this correlation coefficient may not 

be an appropriate measure of dependence. The range of correlation coefficient 

values is -1 to 1. In other words, values cannot exceed 1 or be less than -1. 

Correlation -1 indicates a negative correlation and correlation 1 indicates a 

positive correlation. If the correlation coefficient is greater than zero , then this is 

a positive relationship. On the contrary , if the value is less than zero , it is a 

negative relationship . A zero value indicates that there is no relationship between 

the two variables [Alexander Ly and et al.,2018] . The related genes are 

determined by the Pearson correlation coefficient .The association between two 

objects X = (𝑥1, 𝑥2, 𝑥3, ... 𝑥𝑛) and Y = (𝑦1, 𝑦2, 𝑦3, ... 𝑦𝑛)) is described as follows:  

       

Pxy =
Ʃ𝑖=1
𝑛  (X 𝑖 ــ    𝑥 ) (Y 𝑖 ــ ӯ)

√Ʃ𝑖=1
𝑛  (X 𝑖 ــ    𝑥 )

2
  √Ʃ𝑖=1

𝑛  (Y 𝑖 ــ ӯ )
2
                                            (2.2)              

Where: 

n   is the number of samples. 
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𝑥𝑖 is the value of item i .    

Y 𝑖 is the value of class i.     

𝑥  is the  mean data of each dimension. 

Ӯ is the  mean data of each class label. 

The Pearson correlation between variables X and Y is calculated. The formula is 

basically just dividing the covariance by the product of standard deviations 

[Alexander Ly and et al.,2018]. 

2.6.2 Mutual Information (MI) Method 

             This method is a term from information theory, which shows the strength 

of the statistical correlation of two random variables, one of which is dependent 

and the other is independent [Sebastian Wallot and Dan Monster,2018]. In gene 

expression data, information exchanged between a gene and a class marker is used 

to identify important and related genes. The genes are selected according to the 

computed mutual information after the redundant genes are removed [Devi 

Arockia Vanitha and et al.,2015]  . The mutual information estimator is used 

based on the minimum entropy as a classifier to detect different types of genes 

related to the severity of corona disease. The exchanged information is calculated 

as shown by the following equations.  

H(G) = ـــ Ʃ𝑔∈G  P(G)   𝑙𝑜𝑔2  P(G)                                                 (2.3) 

H(C) = ـــ Ʃ𝑐∈C  P(C)   𝑙𝑜𝑔2  P(C)                                                   (2.4) 

Where: 

P(G) and P(C) are probability (G) and (C). Then the cross-entropy of H (G, C) 

will be calculated in the following form: 

H(G,C) = ـــ Ʃ𝑔∈G Ʃ𝑐∈C  P(G,C)  𝑙𝑜𝑔2  (G,C)                                   (2.5)  

Probability P (G, C) represents the values that are common to both random 

variables (G) and (C) that occur together. In the last stage, the mutual information 
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MI is calculated for the variables (C) and (G) using the following equation  

[Néstor Barraza and et al.,2019]. 

MI(G,C) = H(G) + H(C) – H(G,C)                                                  (2.6)    

Algorithm (2.2 ) shows the method of selecting genes by mutual information 

method. 

 

Algorithm (2.2): Mutual Information Method [Hiba muthanaa ,2021] . 

 𝑰𝒏𝒑𝒖𝒕 ∶  𝑇𝑤𝑜 𝑑𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛𝑎𝑙 𝑎𝑟𝑟𝑎𝑦 𝑅𝐷𝑃 [𝑛 ∗ 𝑚]𝑖𝑛 𝑤ℎ𝑖𝑐ℎ 𝑛 𝑖𝑠 𝑡ℎ𝑒 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡ℎ𝑒 𝑠𝑎𝑚𝑝𝑙𝑒 

 𝑎𝑛𝑑 𝑚 𝑖𝑠 𝑡ℎ𝑒 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠   

𝑶𝒖𝒕𝒑𝒖𝒕: 𝑅𝑒𝑑𝑢𝑐𝑒𝑑 𝐷𝑎𝑡𝑎𝑠𝑒𝑡 (𝑅𝐷𝑀): 𝑓𝑒𝑎𝑡𝑢𝑟𝑒′𝑠 𝑠𝑢𝑏𝑠𝑒𝑡 𝑡ℎ𝑎𝑡 ℎ𝑎𝑣𝑒 𝑡ℎ𝑒ℎ𝑖𝑔ℎ𝑒𝑠𝑡 𝑜𝑓 𝑀𝑢𝑡𝑢𝑎𝑙                                                                                                                                                         

 Information values 

Begin 

 𝟏.  𝑺𝑒𝑡 𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠 _𝑠𝑢𝑏𝑠𝑒𝑡 𝑡𝑜 𝑁𝑈𝐿𝐿.  // Initialize the features_ subset is  empty .   

 𝟐.   𝑓𝑜𝑟 𝑖 =  1 𝑡𝑜 𝑚 // where m: number of features 

 𝟑 .      𝑓𝑜𝑟 𝑗 =  1 𝑡𝑜 𝑦    //where y: number of classes 

𝟒. 𝐶𝑜𝑚𝑝𝑢𝑡𝑒 𝑡ℎ𝑒 𝑀𝑢𝑡𝑢𝑎𝑙 𝐼𝑛𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛 𝑏𝑒𝑡𝑤𝑒𝑒𝑛 𝑓𝑒𝑎𝑡𝑢𝑟𝑒 𝐹𝑖 𝑎𝑛𝑑 𝑐𝑙𝑎𝑠𝑠  𝑙𝑎𝑏𝑒𝑙 𝑌𝑖  

   𝑎𝑐𝑐𝑜𝑟𝑑𝑖𝑛𝑔 𝑡𝑜 𝑡ℎ𝑒 𝑒𝑞𝑢𝑎𝑡𝑖𝑜𝑛𝑠 (2.6)  

 𝟓.      𝑒𝑛𝑑 𝑓𝑜𝑟 𝑗     

 𝟔. 𝑒𝑛𝑑 𝑓𝑜𝑟 𝑖   

 𝟕. 𝑆𝑒𝑙𝑒𝑐𝑡 𝑡ℎ𝑒 𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠  𝐹𝑖 𝑤𝑖𝑡ℎ 𝑚𝑎𝑥𝑖𝑚𝑢𝑚 𝑀𝐼 (𝐹𝑖 . 𝑌𝑖) 

 𝟖.  𝑇ℎ𝑒 𝑠𝑒𝑙𝑒𝑐𝑡𝑒𝑑 𝑓𝑒𝑎𝑡𝑢𝑟𝑒 𝑖𝑠 𝑠𝑜𝑟𝑡𝑒𝑑 𝑏𝑦 𝑡ℎ𝑒 𝑀𝑢𝑡𝑢𝑎𝑙 𝐼𝑛𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛 𝑣𝑎𝑙𝑢𝑒  𝑖𝑛 𝑑𝑒𝑠𝑐𝑒𝑛𝑑𝑖𝑛𝑔  

𝑜𝑟𝑑𝑒𝑟           

End 
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2.6.3 Principal Component Analysis (PCA) Method 

             Principal component analysis is one of the most important ways to reduce 

dimensions. It is often used to reduce the dimensions of large datasets by 

converting a large set of variables into a smaller set without losing the information 

in the large set. The main idea in this method is to reduce the dimensions of the 

dataset that consists of a large number of variables related to each other while 

preserving the variance in the dataset, and the same can be done by analyzing the 

variables into a new set of variables, which are known as the main components 

[an T. Jolliffe and Jorge Cadima,2016].The principal component analysis method 

is described in the following equations: 

𝑥 = 
1

𝑛
 Ʃ𝑖=1
𝑛   𝑥𝑖                                                                                      (2.7) 

Where: 

𝑥  is the  mean data of each dimension. 

n   is the number of samples. 

𝑥𝑖 is the value of item i    . and the covariance matrix is calculated by using the 

equation (2.8) 

𝐶𝑥 = 
1

𝑛+1
 Ʃ𝑖=1
𝑛  (𝑥𝑖 ــ  𝑥 )(𝑥𝑖  ــ    𝑥 )𝑇                                          (2.8) 

 Then the eigenvectors (𝒗𝒎) and eigenvalues (𝜆𝑚) of the covariance matrix will 

be calculated using the following equation : 

𝐶𝑥  𝑣𝑚  = 𝜆𝑚 𝑣𝑚                                                                       (2.9) 

Where: 

𝑣𝑚 is the eigenvectors   and 𝜆𝑚 is the eigenvalue of  the covariance matrix. 

By relying on eigenvalues, the dimensions of the principal components (PCs) will 

be reduced [Ian T. Jolliffe and Jorge Cadima,2016]. See Algorithm (2.3). 
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Algorithm (2.3): Principal Component Analysis Method [Hiba muthanaa ,2021] 

  𝑰𝒏𝒑𝒖𝒕: 𝑇𝑤𝑜 𝑑𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛𝑎𝑙 𝑎𝑟𝑟𝑎𝑦 𝑅𝐷𝑀 [𝑛 ∗ 𝑚]𝑖𝑛 𝑤ℎ𝑖𝑐ℎ 𝑛 𝑖𝑠 𝑡ℎ𝑒 𝑛𝑢𝑚𝑏𝑒𝑟 𝑠𝑎𝑚𝑝𝑙𝑒𝑠 𝑎𝑛𝑑  

 𝑚 𝑖𝑠 𝑡ℎ𝑒 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑔𝑒𝑛𝑒𝑠. // Output of Algorithm  

𝑶𝒖𝒕𝒑𝒖𝒕 ∶  𝑅𝑒𝑑𝑢𝑐𝑒𝑑 𝑠𝑒𝑡 𝑜𝑓 𝑔𝑒𝑛𝑒𝑠 (𝑃𝐶𝐴) 

 Begin 

1.   X          Create N * d data matrix, with one row vector 𝒙𝒏 per data point 

2.   Σ         Covariance Matrix of X 
 

𝟑. 𝐹𝑖𝑛𝑑 𝑒𝑖𝑔𝑒𝑛𝑣𝑒𝑐𝑡𝑜𝑟𝑠 𝑎𝑛𝑑 𝑒𝑖𝑔𝑒𝑛𝑣𝑎𝑙𝑢𝑒𝑠 𝑜𝑓 𝛴      

4. PCs           the K eigenvectors with largest eigenvalues  

𝟓 .     Top PCs. 

End 

2.7 Deep Learning (DL) 

            The field of deep learning is defined as a new research area  that deals with 

finding theories and algorithms that have the ability to allow a machine to learn 

on its own by simulating neurons in the human body [M. Arif Wani and et 

al,2020]. 

           Deep learning is a branch of machine learning (ML) and is originally a 

branch of artificial intelligence (AI) that imitates the way humans acquire certain 

types of knowledge [Veeru Talreja and et al.,2017] . Traditional machine learning 

algorithms are linear, while deep learning algorithms are stacked in a complex 

and abstract hierarchy consisting of layers, each higher layer is based on the 

previous lower layer  which is why it is known as hierarchical learning [Andreas 

Maier and et al.,2019] . Deep learning first appeared in 2007 [M. Arif Wani and 

et al,2020]. It has the ability to handle huge amount of data to solve complex 

problems, which is why it is widely used on a daily basis by tech giants such as 

Microsoft , Facebook , Amazon, Google , Baidu [M. Arif Wani and et al,2020]. 

Deep learning consists of processing layers that create computational models that 
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are used to define complex structures in large and massive datasets by 

representing data with different levels of abstraction . Deep learning is a new 

approach to machine learning, as it brings machine learning and artificial 

intelligence closer together. Deep learning is used in many areas such as object 

detection and speech recognition as well as in the medical field [Amir Mosavi and 

et al.,2020] . When the features are useful and describe the database, learning is 

facilitated . The step of extracting useful features is important in machine learning. 

But traditional machine learning may be limited in processing natural information 

and dealing with it in its raw form , this limited ability makes it difficult to solve 

problems using artificial intelligence technology [Mustafa Khalaf,(2021).], and to 

solve these problems, deep learning is designed [Ke-Lin Du and 

M.N.S.Swamy,2013]. DL is also particularly useful in a lot of areas with large, 

high-dimensional data , which is why deep neural networks outperform shallow 

ML algorithms in most applications where text, image , video, speech, and audio 

data need to be processed [Yann LeCun Facebook AI Rese and et al.,2015] . As 

for low-dimensional data entry , especially in cases where limited training data is 

available , shallow ML still produces superior results [Ying Zhang1 and Chen 

Ling,2013] which tend to be better than those generated by deep neural networks 

[Cynthia Rudin,2019] . One of the most important reasons for the popularity and 

success of deep learning is the rapid progress in machine learning algorithms and 

processing [S.H. Shabbeer Basha and et al,2022]. Figure (2.2) shows a deep 

structure of the nervous system consisting of several layers that make it deep 

[Noor Fahem,2021] .   
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Figure (2.2): Architecture of the deep network. 

2.7.1 Deep Neural Networks (DNN) 

            DNN is defined as an artificial neural network that contains more than one 

hidden layer. MLP are the widely used ANN structures in DNN . Neural networks 

consist of multiple layers of neurons that are interconnected with each other . 

Since the number of weights in this network is huge , it can exceed thousands or 

even millions, which is why DNN requires long computation times and data feeds 

in the training stages of the samples [Saja Mahdi,(2021)] . There are many 

architectures for deep learning networks , the most important of which are : 

Convolutional Neural Network (CNN) and Recurrent Neural Network (RNN) 

[Pariwat Ongsulee,2017] . During the past decade , many factors have emerged 

that have allowed training of this type of network [Frank Emmert-Streib and et 

al.,2020]  , such as :  

• The significant increase in computing power for both computers and graphics 

processing units. 



Chapter Two                                                               Theoretical   Background 

- 28 - 
 

• The emergence of a new data-based culture, such as data mining and machine 

learning that made it possible to collect and analyze a large amount of data in 

usable databases. 

• The emergence of many new methods of training DNNs. Examples include the 

fast learning algorithm, ReLU layers, and dropout regulation [Peng Tang and et 

al.,2018]. 

2.7.2 Types of Learning Algorithms 

           Deep learning plays an important role in our lives . It has great influence 

in many fields , including disease diagnosis , precision medicine , speech 

recognition . and extract features from large size datasets . DL can also overcome 

the limitations of previous shallow networks . A deep neural network (DNN) uses 

multiple (deep) layers of modules with highly optimized algorithms and 

architectures [Ajay Shrestha and Ausif Mahmood,2019]  . The following list 

shows the most widely used types of deep learning algorithms: 

 Artificial Neural Networks (ANN) 

 Convolutional Neural Networks (CNNs) 

 Recurrent Neural Networks (RNNs) 

 Generative Adversarial Networks (GANs) 

 Long Short Term Memory Networks (LSTMs) 

 Radial Basis Function Networks (RBFNs) 

 Multilayer Perceptrons (MLPs) 

 Self Organizing Maps (SOMs) 

 Restricted Boltzmann Machines( RBMs) 

 Deep Belief Networks (DBNs) 
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 Autoencoders 

            These algorithms are among the most important types of algorithms used 

in deep learning that work with almost any type of data and require large amounts 

of computing power and information to solve various complex problems [Ajay 

Shrestha and Ausif Mahmood,2019] . 

2.7.3 Artificial Neural Network (ANN)   

            ANN is one of the most supervised and widely used methods of deep 

learning  [Rene Y. Choi and et al., 2020] . ANNs are collections of connected 

computational nodes that are used as a computational approach to issues whose 

solutions are challenging for conventional computer programs to find a suitable 

representation for. ANN sometimes called as "black boxes" since it is so difficult 

to comprehend how they work [Serra  Xavier,(2017)] . Figure (2.3) shows the 

architecture of the neural network . Deep learning neural networks are made up 

of numerous hidden layers of neurons. It takes at least two hidden layers for 

something to be deep. The majority of deep learning networks, however, have 

many more hidden layers than just two. The crucial distinction is that a network's 

depth is determined by the sum of its hidden and output layers . There are 

numerous varieties of ANN, such as Recurrent Neural Networks (RNN) or Radial 

Basis Function Network (RBF). 

 

Figure (2.3) Topological illustration of a simple neural network [Rene Y. Choi and et al.,2022] 
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2.7.3.1 Multi-Layer Perceptron (MLP) Structure 

             MLPs represent a feed-forward to an ANN with one or more hidden 

layers, each consisting of a set of computationally interconnected nodes called 

neurons , as shown in figure (2.4) . Usually all neurons in the hidden layers and 

the output layer are connected to all neurons in the previous layer, and each of 

these connections has an associated weight, which represents the strength of 

connections to the two neurons [Muhind Salim ,(2015).] . 

 

Figure (2.4):The basic structure of an MLP  [Husam Imad , 2018] 

The output value of each neuron j in the layer l is described in equation (2.10) 

[Ján Vojt,2016] 

𝑍𝑖 = ∑ (𝑊𝑖 𝑗
𝑁
𝑖  * 𝑥𝑖) +𝑏𝑗                                                                 (2. 10) 

Where 

 N is the number of inputs 

 𝑥 i  is the inputs which passed from (l – 1) layer, 

 (Wi, j) is the weights of all edges that are connecting the neuron j with the 

neurons of previous layer  

And (𝑏j) as bias, equation (2. 10) could be written in a matrices simplified to be 

as following [Muhind Salim ,(2015)] . 

Z= 𝑊𝑇 𝑥 + 𝑏                                                                                           (2.11)                                                                                
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2.7.3.2 The Activation Functions             

         This function is either a linear function or a non-linear function to 

represent the degree of activation of neurons, and in most cases, the range of this 

function is between (-1,1) or between (0,1). 

  Rectified Linear Unit (ReLU) as in equation (2.12):  

𝑔(𝑧)=𝑚𝑎𝑥 (𝑧,0)                                                                                 (2.12) 

The sigmoid function, as shown in equation (2.13) and figure (2.5), is a popular 

option for the activation function in hidden layers [Stephen moore,2018].  

 𝑔(𝑧) =  
1

1+𝑒−𝑧 
                                                                (2.13)  

 

Figure (2.5) Sigmoid Activation Function[Stephen moore,2018]   . 

figure (2.6) show ReLU Activation Function 

 

Figure (2.6) ReLU Activation Function [Stephen moore,2018]   . 
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            There are two benefits to the Rectified Linear Unit's (ReLU) activation 

function. The ReLU function is straightforward to assess, and this criterion offers 

a benefit in terms of computing speed. The second is that the ReLU gradient is 

constant, which means that the ReLU output value is zero or in the positive region 

for any numerical input [57 ] 

The probability of each class must be estimated by the output layer. As a result, 

SoftMax is the most frequently used activation function in the output layer, as 

shown in equation (2. 14).      

 g(z)𝑗 = 
𝑒𝑧 𝑗

∑ 𝑒𝑧𝑘𝑘=1 
𝑘

                                                                  (2.14) 

where  

𝒛𝒋 is the production corresponding to class j, 𝐾 is the total number of classes 

[Stephen moore,2018] 

2.7.3.3 Loss Function     

          Error predictions in neural networks (NNs) are estimated by using a loss 

function that sometimes called (objective function)  , (error function) or (cost 

function). The loss function is used to measure the quality of our expected 

probabilities [Aston Zhang,2020]  .   

          Since the main goal of machine learning and deep learning is to create a 

mechanism for converting input dataset values into accurate output, the major 

method for achieving this goal is through setting the appropriate weights in the 

artificial neural network. The precise correct figure for each weight cannot be 

determined in practice due to the numerous unknown values. As a result, the issue 

of determining the appropriate weight values is turned into an optimization 

problem. In this way, the algorithm will look for potential weight sets that will 

produce results that are both predicted and gratifying. These anticipated outcomes 

are noted with the minimum amount of error. Therefore, every component of the 
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model's performance should be combined into single value by using  the loss 

function [Aston Zhang,2020]. 

            There are a lot of loss functions, such as mean square error (MSE), cross-

entropy, and categorical cross-entropy used in a neural network (NN) to classify 

into multiple classes using the SoftMax activation function .                             

𝓛 = − 
1

𝑛
   ∑ 𝑦𝑖𝑛

𝑖=1    ln  𝑔(𝑧𝑖 )  + (1 − 𝑦𝑖  ) ln (1 − 𝑔(𝑧𝑖 ) )                  (2.15) 

Where 

 n is number of classes 

 y i is the desired output for the i’th class 

 𝒈(𝒛𝒊) is the estimated probability of class i which is calculated using SoftMax 

activation function in equation (2.14) [Husam Imad, 2018] 

           In general, the weights in the MLP layers are adjusted during the training 

process. The back propagation algorithm is the most widely used training 

algorithm. 

 

2.7.3.4 Optimizer 

            Optimization refers to the development of an appropriate procedure that 

will reduce or increase the output of a job, giving it the same input used and that 

by adjusting some of the variables. This task is very difficult because there is a 

large and high dimensional space to perform the search for the optimal values of 

these variables to reduce or increase the output of the function. The variables that 

the optimizer controls are the weights and biases of the neural network. There are 

many different types of enhancers[Saja Mahdi,2021]. The most famous enhancer 

are: Batch Gradient Descent ,Stochastic Gradient Descent SGD [59 ]. Adaptive 

Moment Estimation Adam [Saja Mahdi,2021]. 
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1- Adaptive Moment Estimation (Adam) : Adam is one of the most popular 

enhancer as it gives good results compared to other enhancers. A first-order 

gradient with a random cost function is its basis. Adam is of great importance in 

terms of being motivated by the need not to lose a minimum , the speed of the 

optimizer is reduced as needed during the search to avoid minimal loss. It won't 

take long to locate the bottom line because this reduction does not occur 

throughout the entire search process. This is achieved by preserving mean squared 

gradient values, such as AdaDelta and RMSprop. Also, ADEM keeps the previous 

decreasing mean of the previous gradients. This brings the benefit of speed 

convergence. In addition to fixing the problem of fading learning rate, however, 

this process is computationally expensive [Saja Mahdi,2021].  

2- Stochastic Gradient Descent (SGD): The Stochastic Gradient Descent only 

takes into account one observation before applying the adjustments each time, in 

contrast to Batch Gradient Descent. Therefore, it will perform the computations 

once each observation is chosen rather than going through the entire dataset before 

determining how to adjust the parameters. Since only one observation is chosen 

to determine how the modifications will be, less memory will be needed, and 

frequent updates will reduce the likelihood that the optimizer will become stuck 

at a local minima or saddle point. Frequent modifications are computationally 

expensive, they can cause an object to depart from the global minima [Nikhil 

Ketkar,2017].  

2.7.3.5 Back-propagation Algorithm 

           The back propagation is a supervised learning algorithm . Artificial neural 

networks are frequently trained using a backpropagation algorithm. Based on the 

error , as seen in the following figure, the weights are adjusted going          

backward. [ 57]. 
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Figure  (2.7 ) Back-propagation [Stephen moore,2018] 

 

Initializing all weights and biases in the network with a random number at the 

beginning of the training is followed by two steps [Stephen moore,2018]. 

1- Forward Propagation : 

          In this stage, the input states are propagated across all layers of the 

neural network layer by layer from input to output by using equations (2.11) 

and (2.13) to produce a prediction value [Husam Imad, 2018] . 

2- Backward Propagation   
             Using the gradient descent learning technique starts with the output and 

works backwards to the input .When utilizing the loss equation (2.15) to 

calculate the error of the output layer, the delta (δ𝐽
𝑙 ) is computed, where 𝑙 is the 

layer and 𝑗 is the index of the neuron in that layer. The delta equation is 

represented by the following equation [Husam Imad, 2018]: 

δ𝐿=∇𝑥 𝓛 ⨀ 𝑔́(𝑧𝐿)                                                                     (2.16)    

 

Where  

δ𝐿    A matrix of deltas represents all neurons in L. 

𝐿       represents last layer in the network.  

𝜵𝒙𝓛    is gradient of Loss with respect to 𝑥 .                                             

𝑥          is the output of activation function.  
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⊙ is the Hadamard product (element-wise product of matrices). 

Equation (2.17) is used to compute the deltas in lower hidden layers: 

δ𝑙= ((𝑤𝑙+1)𝑇 δ𝑙+1)  ⨀ 𝑔́(𝑧𝑙)                                                         (2.17) 

Where 

𝑙   is the number of hidden layer 

 (𝑤𝑙+1)𝑇 is weight matrix of next layer.  

All of the weights wi, j of the NN must be modified in order to learn it. This is 

done by computing the weight adjustment wi, j, which is stated in the following 

equation (2.18) [Husam Imad, 2018]. 

Δ𝑤𝑖𝑗= − 𝜂 
𝜕ℒ

𝜕𝑤𝑖𝑗
 = − 𝜂δ𝑗𝑍𝑖                                                               (2.18)  

 

Where η represent  learning rate, and δj represent  the delta of neuron j, which 

computed for output layer using equation (2.16) and for each of rest hidden 

layers using equation (2.17).   

 These phases are repeated for all input states, this is called an epoch. The neural 

network can run for as many epochs needed to find the best solution [Husam Imad, 

2018]  

  2.7.4 Convolutional Neural Network (CNN)      

              Accurate prediction of corona disease is vital to the diagnosis and 

treatment of the disease . Through a predictive model , genes related to the 

severity of COVID-19 disease can be inferred . Several studies have attempted 

to build deep learning models for this task . 

            convolutional neural network (CNN) is one of the most supervised and 

widely used types of deep neural networks in the fields of machine vision [M. 

Arif Wani and et al,2020] . CNN (also known as ConvNet) is an example of a 

deep learning strategy that simulates the brain's function in processing 

information [Sakshi Indolia and et al.,2018] . It is a specific type of feed-forward 

neural network in artificial intelligence . A CNN network is similar to a multi-
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layer network (Perceptron) , it differs only in its ability to combine many locally 

connected networks. The layers used for feature extraction are accompanied by 

some layers that are fully connected and used for classification [Alaa  Al-Waisy 

and et al.,2018] . CNN is a promising tool for improving automated diagnostic 

systems and achieving high accuracy for disease prediction [Diyar Qader and et 

al.,2018] . CNNs are among the most widely used neural networks in the field of 

artificial intelligence, because it has a large capacity to process a large amount of 

data [Jawid Heidari,  2019] . 

           A CNN consists of a number of layers that pass information across layers 

where the output of the previous layer is input to the next layer . The first layer of 

the network is the input layer , while the last layer of the network is the output 

layer. The layers between the input and output layers are hidden layers of the 

network. Each layer is a simple algorithm that contains one type of activation 

function . In general , the CNN model benefited from capturing high-level 

interactions between genes and the target set to make predictions with high 

accuracy [Milad Mostavi and et al.,2020]. 

2.7.4.1 Basic Components of CNN Architecture 

          A convolutional neural network has the ability to mimic the human  brain . 

In general , prediction is one of the most important benefits of this network .         

  A characteristic neural network (CNN) consists of two main components [Y 

Huang and et al.,2018] : 

A)  Feature Extractor 

           It is the first stage of CNN's operation; it involves extracting features and 

converting them into feature maps. CNN is made up of numerous filters, each 

with its own task. As a result, multiple feature maps were created, each 

corresponding to multiple filters. The features extraction procedure includes 

several phases that result in a low-dimensional feature vector that is then input 
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into a classifier. Multiple layers make up the feature extractor (multiple 

convolution layers with optional pooling layers). It passes via a convolution layer 

in the first step to convolve the filter with the input and produce feature maps, 

which are then reduced with a pooling layer. Then it uses the previously generated 

feature maps as input feature maps and repeats the process on them, extracting 

powerful features layer by layer and producing smaller feature maps. Finally, 

reduced dimension feature maps are flattened to form a low-dimensional feature 

vector that can be input into the classifier [Y Huang and et al.,2018].                                                                                          

B) classifier           

            Following the extraction of feature maps and the reduction of dimensions 

by picking the best features between them, a low-dimensional feature vector is 

input into a classifier. The classifier returns the likelihood of the input belonging 

to that class. To do this, the classifier consists of one or more completely 

connected layers [Y Huang and et al.,2018] .  

2.7.4.2 CNN Architecture 

           The first layer of a convolutional neural network is the input layer that 

reflects the model's input (selected features) , but this layer does not compute with 

the number of CNN layers. In general, when studying gene expression data that 

needs to be analyzed using a CNN , the input layer is a two-dimensional matrix 

of size (n × m) where n is the number of samples and m is the number of features. 

A distinct neural network consists of a number of layers [Alexander LeNail,2019], 

as shown in figure (2.8). These layers are: 

1. Convolutional layer. 

2. Max pooling layer (or Sub Sampling layer). 

3. Fully Connected Layer (Classification layer). 

4.  Dropout Layer 
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Figure (2.8): Architecture of a CNN network [Alexander LeNail,2019]. 

1- Convolutional layer 

             The basic layer in the CNN architecture is the convolution layer, and this 

layer has the ability to handle high-dimensional data [ 48] . The convolution layer 

is the first layer of the convolutional neural network which is partially connected 

to the next layer (the pooling layer), there is a small window of input neurons, for 

example (3x3), will be connected to the pooling layer, this window starts from the 

upper left corner as shown in Figure (2.9) (a) to the bottom corner of the data and 

keep moving forward in the data by moving its position each time according to 

the stride value, which is usually (1) as shown in Figure (2.9) (b) . The  kernel 

moves one cell to the right direction until it reaches the end of the columns, and 

one cell below until it reaches the end of the rows and this process continues until 

all the data are complete [Rikiya Yamashita and et al.,2018]. 
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 (a): Beginning Receptive Field Location 

 
(b) Sliding Receptive Field by One Cell in the Right Direction. 

 

 

Figure (2.9): Sliding Receptive Field From The First Location and Continue 

Moving by One Slide Across The Entire Data [Hiba muthanaa ,2021]. 

The receptive field is a tiny window region created from the input data. To extract 

features, a tiny section of the input data will be convolved with a shared weights 

window called kernel or filter [Muhind Salim ,(2015)] . Figure (2.10) depicts the 

convolution process. 
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Figure (2.10): The Convolution Layer[Bashkatova Daria,2018]. 

Lots of wrap filters are applied to a single entry. The activation maps are then 

combined in order to obtain the final result of one file in the convolutional layer, 

where this final result represents the input data to the next layer.  The values in 

the filter matrix are represented by the weights given by default. These values 

must be different from one filter to another  to give different properties from each 

other or different features to each feature map matrices [Min Xia and et al.,2017]. 

In addition, the architecture of a Convolutional Neural Network (CNN) contains 

many parameters that are used to control the output size, the overall behavior of 

the model, or the runtime, these controlled parameters are known as 

(hyperparameters). These parameters are very important hyperparameters for 

CNN: 

1- Number of filters: A reasonable number of different filters can be used, 

these filters are of different sizes. 

2- Filter size: The size of the filter or kernel must be squared L*L, lower than 

the input data but greater than 2X2. 

Source 

layer     

Convolutional 

kernel 

Destination 

layer 

(-1x3) + (0x0) + (1x1) +                                   

(-2x2) + (0x6) + (2x2)+                              

(-1x2) + (0x4) + (1x1) = -3 

 

 

 

 

9 
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3- Stride: The number of cells that must be moved at once to generate the local 

receptive field of a filter. A single cell is moved across and down in a single stride. 

If the stride is too short, there will be overlap, and vice versa. 

4- padding: The number of pixels to pad the input data is specified by this hyper-

parameter. The values "valid" and "same" are the two options. "Valid" denotes 

the absence of padding, whereas " same " denotes padding with zeros [Lee, 

Hagyeong and Song, Jongwoo,2019]  .In the end, the output of the total 

convolution layer contains many feature maps, each wrapped with a specific 

kernel in order to describe certain features. Suppose the input source data is called 

I, the convolution kernel or weight is called W, the bias is called b. Next, suppose 

that filters k, W, of size L x L are transformed with the input data in order to 

produce k feature maps called Ck each containing indices i, j. The convolution 

operation is found mathematically in equation (2.19)  
 

𝐶𝑖.𝑗
𝑘  = Ʃ𝑚=0

𝑙−1   Ʃ𝑛=0
𝑙−1     𝑊𝑚.𝑛

𝑘   * 𝐼𝑖+𝑚.𝑗+𝑛  + 𝑏𝑘                        (2.19)     

Figure (2.11 ) shows the map display of the resulting multiple features. 

 

Figure(2.11) : The Convolution Layer Received N Feature Maps and Produced 

M Feature Maps [71]  . 
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        The activation function's mathematical action clarifies the following 

equation (2.20), which substitutes equation (2.19), which is the linear output of 

the convolution layer, With the equation for the ReLU activation function 

described earlier in equation (2.12) in section (2.6.3.2) 
 
 

𝐶𝑖.𝑗
𝑘  = max (0, Ʃ𝑚=0

𝑙−1   Ʃ𝑛=0
𝑙−1     𝑊𝑚.𝑛

𝑘   * 𝐼𝑖+𝑚.𝑗+𝑛  + 𝑏𝑘 )                  ( 2.20)  

2- Max pooling layer or Sub Sampling layer 

             Not only does CNN have convolution layers, but it also has certain 

pooling layers. The primary goal of this layer is to reduce the dimensionality of 

its input in order to provide reduced-dimension output by retaining just the most 

important data. Maximum and average pooling are the two methods used by this 

layer to reduce dimensionality. In either case, the pooling layer divides the input 

feature map into non-overlapping blocks, keeping the maximum number in max 

pooling and the average of block numbers in average pooling, and finally 

returning only a single value for each block [Satheshkumar Kaliyugarsan,2019] . 

Figure (2.12)  shows the max pooling procedure. 

 

 

Figure (2.12) : Max-Pooling Operation with a 4X4 block size [Satheshkumar 

Kaliyugarsan,2019]. 
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The maximum pooling layer does the same for each of the feature maps that were 

previously obtained from the previous convolution layer. Equation (2.21) shows 

the mathematical operation of the maximum pooling layer, P, on feature maps 

previously activated by the convolution layer. 
 

 

                                   𝑪(𝟐𝒊.𝟐𝒋)
𝒌                     𝑪(𝟐𝒊+𝟏 .𝟐𝒋)

𝒌  

           𝑷𝒊.𝒋
𝒌  = max                                                                                  (2.21) 

                                    𝑪(𝟐𝒊.𝟐𝒋 +𝟏)
𝒌                    𝑪(𝟐𝒊 +𝟏.𝟐𝒋 +𝟏)

𝒌  

 

             Equations (2.19), (2.20) and (2.21) keep iterating with each new layer of 

the model used until all model layers are finished, and all features previously 

generated from the feature extractor characterized (convolution, activation, and 

pooling layers) are fed into the classifier, but This classifier must be completely 

connected to all the probabilistic neurons of the output classes, which in turn is a 

fully connected layer[M. Arif Wani and et al,2020] . 

3- Fully Connected Layer (Classification layer) (FC). 

            A fully connected layer (FC), often known as a dense layer, is the 

network's final layer. Every neuron from the previous layer is connected to every 

neuron in the next layer in a fully connected layer. The resulted feature map from 

the previous layer must first be flattened to become a feature vector before being 

fully connected with the output layer, which consists of neurons equal to the 

number of classes according to the softmax or sigmoid activation functions used 

in the final CNN layer to classify the trained data which are specialized for multi-

class and binary class classification respectively [Martin Thoma,2017] . The 

connection between final feature maps and a fully connected layer is depicted in 

figure (2.13). 
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Figure (2.13): Connection Between convolution layer and Fully Connected  

Layer  [Alexander LeNail,2019]  . 

 

The calculation for the full connection F that links each of the previously 

generated feature maps with all output classes is shown in equation (2.22). 

 

 

         𝐹𝐾 = Ʃ𝑖=1
𝑅    𝑊𝑖

𝑘  *𝐶𝑖                                                   (2.22)             

 

4-  Dropout Layer 

      When all of the features are connected to the fully connected layer, the training 

dataset is prone to overfitting. Overfitting happens when a model performs so well 

on training data that it has a negative impact on its performance when applied to 

new data. A dropout layer is utilized to solve this problem in which some neurons 

and their connections are randomly discarded from the network during the training 

process.Figure (2.14) depicts the dropout process [M. Arif Wani and et al,2020]. 
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Figure (2.14 ) : The Dropout Layer[M. Arif Wani and et al,2020]  

2.8 Performance Measures 

            There are many criteria that can be used to evaluate performance 

classification algorithms . Accuracy and loss are the most used performance 

metrics in the field of deep learning. The accuracy is a common metric for 

assessing the model's power of generalization. The trained model is assessed for 

accuracy based on the total cases that it correctly predicts when the unknown data 

is  tested . This measure's calculation is based on calculating the confusion matrix. 

This matrix lists how many occurrences a prediction model correctly or 

incorrectly predicted [74].  More details in the table (2.2) . 

              Table (2.2) :Two-Dimensional Confusion Matrix of Classifier System. 

Confusion 

Matrix 

Predicted 

Positive Negative 

Actual Positive TP FN 

Negative FP TN 
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The prediction error is recorded by four parameters: 

True Positive (TP) is the positive states that are correctly labeled as positive 

states. 

False Positive (FP) denotes the negative states that are incorrectly labeled as 

positive states. 

True Negative (TN) represents the right classification of negative diagnosis. 

False Negative (FN) indicates the positive cases that are incorrectly classified 

as negative [Ali Narin and et al.,2021]] . 

Measures accuracy and loss will be discussed as follows: 

1- Accuracy is achieved by the number of correctly classified instances whether 

they are positive or negative states. The accuracy can be calculated using 

equation (2.23) [Hema Shekar Basavegowda and Guesh Dagnew,2020]  . 

Accuracy (ACC) = 
𝑇𝑃+𝑇𝑁

𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁 + 𝑇𝑁
                                                (2.23) 

2-  Precision: is the percentage of relevant instances in the collection of  

received  instances. The precision measure is computed in equation (2.24) 

                      Precision = 
𝑇𝑃

𝑇𝑃+𝐹𝑃
                                 (2.24)     

3-Recall: Recall is also called sensitivity, and it represents the percentage of 

relevant cases that have been received. Equation (2.25) shows how recall can be 

calculated. 

                    Recall = 
𝑇𝑃

𝑇𝑁+𝐹𝑁
                                         (2.25) 

4- Specificity: the true negative rate. It represents the true negative values in the 

model. Equation (2.26) shows how Specificity can be calculated. 

                       Specificity = 
𝑇𝑁

𝑇𝑃+𝐹𝑃
                                       (2.26) 

5- Area Under the ROC Curve (AUC): This curve calculates the area under the 

ROC curve. The amount of instances that are successfully identified based on 

various threshold values will be determined, in other words, this refers to the 
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model's capacity to distinguish between various classes and classify objects. AUC 

measures separability. It shows how well the model is able to distinguish across 

classes. Between 0 and 1, the AUC value is rated. The lowest number, 0, stands 

for a misclassification rate of 100%. And 1 signifies the model's highest ranking 

and its complete accuracy in categorization. It shows how well the model is able 

to distinguish across classes. The more accurate the model is in predicting zero 

classes as zero and one classes as the bigger the AUC, the better the model is at 

differentiating between healthy and unwell patients [Saja Mahdi,2021]. A graph 

with the AUC is displayed in figure (2.15). 

 

Figure (2.15): AUC curve plotted on graph [Saja Mahdi,2021] 

The AUC curve will be employed as the main classification performance 

parameter in this study because the challenge involves multiclass classification. 

To obtain a thorough understanding of the model performance, however, the 

Specificity, Sensitivity, and Confusion Matrix will be used [Saja Mahdi,2021] . 

2.9 Data Augmentation (DA) 

           Unbalanced datasets are a frequent problem that prevent classification in 

machine learning . The performance of the deep model  is significantly impacted 

by under- and over-fitting which might result from a shortage of genes in each 

class. This problem is addressed by presenting a data augmentation approach 

within the (GEO) datasets to enhance classifier performance [Connor Shorten and 

Taghi M. Khoshgoftaar ,2019].  
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          Data augmentation is a method that increases the number of genes used to 

train a neural network. By creating new data for categories that have fewer data 

in the dataset .The data augmentation method is successful in preventing unequal 

representation and successfully avoiding the problems associated with over-

allocation by having a limiting effect on the data. The effectiveness of a deep 

learning model can be increased with the use of suitable data augmentation 

techniques [Connor Shorten and Taghi M. Khoshgoftaar ,2019]. 

        Deep neural networks excel at a wide variety of tasks. However, these 

networks rely to a large extent on big data in order to avoid overfitting. 

         Due to the enormous complexity of deep neural networks, millions of 

weights must be tuned and matched to the training set. As a result, having a good 

model for the issue at hand is essential, as is ensuring that the data collection in  

is of a suitable scale and quality. To feed and set up a larger, more complicated 

model that can handle more challenging and real-world challenges, this 

complexity will demand a larger dataset. However, in the majority of deep 

learning applications, a neural network's number of parameters frequently 

outnumbers the dataset's number of data points by a significant amount [Yann 

LeCun Facebook AI Rese and et al.,2015].Data augmentation means artificially 

increasing the sample size by modifying the original data instances. [Magdalena 

Kircher and et al.,2022].
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Chapter Three 

The Proposed System 

3.1 Introduction 

           The steps involved to achieve the main objectives of this thesis are 

discussed in this chapter. This involves formulating a strategy to predict COVID-

19 using a number of genes. First , The structure of this system is depicted, After 

that, the data preprocessing is discussed to prepare the data for subsequent 

operations, then , the features selection are used to select a subset of the original 

features, the prediction model used and evaluation methods are discussed 

subsequently in detail . 

3.2 The Proposed System Structure 

             In this thesis, the proposed system includes four main phases  (data 

processing , feature selection , prediction model , and evaluation of the model 

used) in order to achieve the basic objectives. In this chapter, an overview of all 

these phases are given , while detailed description is provided in the following 

subsections. First, the preprocessing phase of the data includes handling missing 

data and normalization process, second, feature selection phase, this phase 

includes identifying the important features by applying a number of methods ( 

Pearson correlation coefficient, mutual information and Principal component 

analysis) . These phases will help us reduce the large number of genes as well as 

identifying the most important of these genes that are used in the prediction phase, 

third ,  the prediction model was built and implemented using the artificial   neural 

network (ANN)  and convolutional neural network (CNN). Finally, the suggested 

model's findings were assessed using several approaches to determine the 

projected class. The suggested system's general structure is depicted in figure 

(3.1). 
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    Data Preprocessing 

                       Feature Sequential Selection Method 

 

Figure (3.1) The Proposed System 
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3.2.1 Preprocessing the COVID-19 Dataset 

            The proposed system consists of a number of phases. The Preprocessing 

is the first phase of the system. At this phase, the raw data is converted into an 

efficient and easy-to-understand format. It is a very important process to obtain 

a reliable dataset that is used in deep learning techniques (prediction models). 

Preprocessing consists of a number of stages: 

a) Missing Value Stage 

          In this Stage, the missing value is an empty cell for the missing gene in the 

COVID-19 dataset or this cell may contain the letter N , or it may contain the 

word nuall which indicates a missing value which controls the results of the 

calculation and gives inaccurate results . There are different ways to deal with 

missing values. In this thesis, the missing values were dealt with by replacing the 

missing value with the mean, depending on the values of other features within the 

same column.  See algorithm (3.1) 

       Algorithm (3.1): missing value  

  𝑰𝒏𝒑𝒖𝒕 ∶ 𝑡𝑤𝑜 𝑑𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛𝑎𝑙 𝑎𝑟𝑟𝑎𝑦 𝐴[𝑛 ∗ 𝑚] 𝑖𝑛 𝑤ℎ𝑖𝑐ℎ 𝑛 𝑖𝑠 𝑡ℎ𝑒  𝑛 𝑛𝑢𝑚𝑏𝑒𝑟  𝑜𝑓 
𝑠𝑎𝑚𝑝𝑙𝑒𝑠 𝑎𝑛𝑑 𝑚 𝑖𝑠 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑔𝑒𝑛𝑒𝑠   

𝑶𝒖𝒕𝒑𝒖𝒕 ∶  𝑇𝑤𝑜 𝑑𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛𝑎𝑙 𝑎𝑟𝑟𝑎𝑦 𝑀𝑉 [𝑛 ∗ 𝑚]𝑎𝑓𝑡𝑒𝑟 ℎ𝑎𝑛𝑑𝑙𝑖𝑛𝑔 𝑚𝑖𝑠𝑠𝑖𝑛𝑔 𝑣𝑎𝑙𝑢𝑒 𝑝𝑟𝑜𝑐𝑒𝑠𝑠 

 Begin 

𝟏.   𝑓𝑜𝑟 𝑖 = 1 𝑡𝑜 𝑛 

𝟐.  𝑑𝑓 =  𝑇𝑟𝑢𝑒 

𝟑. 𝑓𝑜𝑟 𝑗 =  1 𝑡𝑜 𝑚 

𝟒. 𝐼𝑓 𝐷𝑁𝑖𝑗 𝑛𝑜𝑡 𝑓𝑖𝑛𝑑 𝑖𝑛 𝐷𝑎𝑡𝑎𝑠𝑒𝑡 

𝟓.  df =  False 

𝟔. 𝐸𝑛𝑑 𝑓𝑜𝑟 

𝟕. 𝐼𝑓 𝑑𝑓 =  𝑇𝑟𝑢𝑒 
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𝟖. 𝐸𝑛𝑑 𝑓𝑜𝑟 

𝟗. 𝑅𝑒𝑝𝑙𝑎𝑐𝑒 𝑡ℎ𝑒 𝑚𝑖𝑠𝑠𝑖𝑛𝑔 𝑣𝑎𝑙𝑢𝑒 𝑤𝑖𝑡ℎ 𝑡ℎ𝑒 𝑚𝑒𝑎𝑛 𝑏𝑎𝑠𝑒𝑑 𝑜𝑛 𝑡ℎ𝑒 𝑣𝑎𝑙𝑢𝑒𝑠 𝑜𝑓 𝑜𝑡ℎ𝑒𝑟                  

𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠 𝑤𝑖𝑡ℎ𝑖𝑛 𝑡ℎ𝑒 𝑐𝑜𝑙𝑢𝑚𝑛 𝑐𝑜𝑛𝑡𝑎𝑖𝑛𝑖𝑛𝑔 𝑡ℎ𝑒 𝑚𝑖𝑠𝑠𝑖𝑛𝑔 𝑣𝑎𝑙𝑢𝑒𝑠 

End                                                                                    

b) Normalization Stage  

            The normalization stage was used for all numerical genetic values within 

the COVID-19 dataset , which are inputs for deep learning algorithms . This 

process was implemented to avoid genes with large values controlling the 

calculation results. All values are normalized to be within the constant range 

between zero and one using the min-max normalization method mentioned in the 

second chapter in equation (2.1) and algorithm (2.1) in section (2.4.2)  

3.2.2 Feature Selection  

               In the COVID-19 dataset, a feature selection approach was used to 

reduce feature space dimensions, select the important features for the prediction 

process, and improve prediction accuracy. A subset of the most useful features 

are selected as a result of this phase. Feature selection techniques were used first. 

However, a feature sequential selection (FSS) approach has been proposed to 

reduce the number of features and increase prediction accuracy because a very 

high degree of accuracy cannot be achieved. Since the COVID-19 dataset includes 

a huge number of genes, the main stage in this thesis is the selection of appropriate 

features to reduce the curse of dimensionality.                                                                                           

In the feature sequential selection phase different stages were used for feature 

selection initially. Prior to the prediction model, these techniques are used to 

select feature subsets based on how well they perform in the prediction model. 

The goal of the FSS technique is to find a subset of the most informative genes. 

three strategies for feature selection were used in this thesis because the COVID-

19 dataset includes a large number of genes. To select the best subset of features, 
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these techniques were applied sequentially. The subset with the highest resolution 

at the end of this stage indicates the ideal feature set for the prediction. 

a) Pearson Correlation Coefficient Stage 

            The Pearson correlation method is implemented to select genes of interest 

and eliminate unlinked genes. The Pearson correlation coefficient between genes 

and class label  in the dataset is calculated according to equation (2.2) which was 

explained in the previous chapter. The data are arranged in descending order from 

the genes of greatest importance to the genes of least importance, then a subset of 

the important genes is selected to be used in other processes. for more details, see 

Algorithm (3.2). 

Algorithm (3.2): Pearson correlation coefficient Method  . 

 𝑰𝒏𝒑𝒖𝒕 ∶ 𝑇𝑤𝑜 𝑑𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛𝑎𝑙 𝑎𝑟𝑟𝑎𝑦 𝐷𝑁 [𝑛 ∗ 𝑚]𝑖𝑛 𝑤ℎ𝑖𝑐ℎ 𝑛 𝑖𝑠 𝑡ℎ𝑒 𝑛𝑢𝑚𝑏𝑒𝑟 𝑆𝑎𝑚𝑝𝑙𝑒 𝑎𝑛𝑑 𝑚 

 𝑖𝑠 𝑡ℎ𝑒 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠  

𝑶𝒖𝒕𝒑𝒖𝒕 ∶  𝑅𝑒𝑑𝑢𝑐𝑒𝑑 𝐷𝑎𝑡𝑎𝑠𝑒𝑡 (𝑅𝐷𝑃): 𝑓𝑒𝑎𝑡𝑢𝑟𝑒′𝑠 𝑠𝑢𝑏𝑠𝑒𝑡 𝑡ℎ𝑎𝑡 ℎ𝑎𝑣𝑒 𝑡ℎ𝑒 ℎ𝑖𝑔ℎ𝑒𝑠𝑡 𝑜𝑓   

 𝑝𝑒𝑎𝑟𝑠𝑜𝑛 𝑐𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛 𝑐𝑜𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡 𝑣𝑎𝑙𝑢𝑒𝑠  

Begin 

𝟏.  𝑆𝑒𝑡 𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠 _𝑠𝑢𝑏𝑠𝑒𝑡 𝑡𝑜 𝑁𝑈𝐿𝐿.  // Initialize the features_ subset is  empty .    

𝟐.  𝑓𝑜𝑟 𝑖 =  1 𝑡𝑜 𝑚 // where m: number of features 

𝟑.       𝑓𝑜𝑟 𝑗 =  1 𝑡𝑜 𝑦    //where y: number of classes 

𝟒.  𝐶𝑜𝑚𝑝𝑢𝑡𝑒 𝑡ℎ𝑒 𝑃𝑒𝑎𝑟𝑠𝑜𝑛 𝑐𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛 𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡 𝑏𝑒𝑡𝑤𝑒𝑒𝑛𝑓𝑒𝑎𝑡𝑢𝑟𝑒 𝐹𝑖  𝑎𝑛𝑑 𝑐𝑙𝑎𝑠𝑠  

   𝑙𝑎𝑏𝑒𝑙 𝑌𝑖 𝑎𝑐𝑐𝑜𝑟𝑑𝑖𝑛𝑔 𝑡𝑜 𝑡ℎ𝑒 𝑒𝑞𝑢𝑎𝑡𝑖𝑜𝑛𝑠 𝑖𝑛 𝑠𝑒𝑐𝑡𝑖𝑜𝑛 (2.5.1 ) 

𝟓.      𝑒𝑛𝑑 𝑓𝑜𝑟 𝑗     

𝟔. 𝑒𝑛𝑑 𝑓𝑜𝑟 𝑖   

𝟕. 𝑆𝑒𝑙𝑒𝑐𝑡 𝑡ℎ𝑒 𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠  𝐹𝑖 𝑤𝑖𝑡ℎ 𝑚𝑎𝑥𝑖𝑚𝑢𝑚 𝑃𝑋𝑌 (𝐹𝑖 . 𝑌𝑖) 

𝟖.  𝑇ℎ𝑒 𝑠𝑒𝑙𝑒𝑐𝑡𝑒𝑑 𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠 𝑎𝑟𝑒 𝑠𝑜𝑟𝑡𝑒𝑑 𝑏𝑦 𝑡ℎ𝑒 𝑃𝑒𝑎𝑟𝑠𝑜𝑛 𝑐𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛 𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡 𝑣𝑎𝑙𝑢𝑒𝑠 

 𝑖𝑛 𝑑𝑒𝑠𝑐𝑒𝑛𝑑𝑖𝑛𝑔 𝑜𝑟𝑑𝑒𝑟           

End 
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b) Mutual Information Stage 

          A mutual information filtering approach is used to identify important genes 

while removing unwanted genes from the dataset, the mutual information between 

genes and class naming is determined using equation (2.6) which is explained in 

the second chapter. The gene with the highest weight is selected for the mutual 

information, and the gene with the lowest weight is filtered out from the gene 

pool. As a result, the genes are sorted in descending order from maximum to 

minimum based on weights of mutual information. Then, a subset of previously 

selected genes is passed and used as input to the next process. call the algorithm 

(2.2) mentioned in Chapter second in Section (2.5.2)  

c) Principal Component Analysis stage 

              The primary purpose of principal component analysis is to reduce the 

data's dimensionality, resulting in the creation of a new collection of variables 

while maintaining as much of the original data as possible. This method, in 

general, converts a set of correlated variables into a set of linearly non-correlated 

variables known as principal components (PCs). The PCs are calculated using the 

covariance matrix's eigenvalues and eigenvectors. The biggest eigenvalue (i.e., 

maximum variance) is assigned to the first principal component (PC 1), while the 

smallest eigenvalue is assigned to the last principal component (PC 2). As a result, 

PCA has the capacity to maximize the dataset's variability while minimizing its 

dimensionality. As a result, the data size can be lowered by removing the weaker 

PCs with low variance. The strongest PCs are then sorted in order of strength and 

used as inputs for further analysis. call the algorithm (2.3) mentioned in chapter 

two in Section (2.5.3)  
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3.2.3 Building Prediction Model Using Reduced Features Set  

             Before starting the application of the prediction model, the dataset 

resulting from the previous steps is divided into two phases called the training set 

and the test set. Usually, when the dataset is divided into a training set and a test 

set, the largest part of the data is used for training, and a small part is used for 

testing. In this thesis, (65%) of the dataset was used to train the model through 

passing in the three phases of the above , as for the rest of the dataset, (35%) was 

used to test the model after fully trained  . In general, the most important stage in 

the proposed system is the construction of a prediction model. In this thesis, two 

deep learning algorithms are applied which are artificial neural networks and 

convolutional neural networks.  

a) An Artificial Neural Network Model  

             ANN is used in this thesis because it is easy to examine while also being 

able to manage the COVID-19 dataset. It can also achieve the maximum level of 

prediction accuracy.  An ANN model is used with well-chosen input data as it has 

been shown to provide satisfactory results and improve prediction performance. 

As a result, the proposed system used the ANN model to predict class labels. Table 

(3.1) shows the structure of the ANN as follows: 

Table (3.1) The proposed structure of the Artificial  Neural Network (ANN) 

model 

Activation function  Number of node Name layer 

Relu 20 nodes 1- Dense 

Relu 40 nodes 2-Dense 
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Relu 20 nodes 3-Dense 

Relu 40 nodes 4- Dense 

Sigmoid 3 nodes 5-Dense 

 

Algorithm (3.3 ) shows Structure of ANN model used 

 

       Algorithm (3.3): The Artificial Neural Network   

𝑰𝒏𝒑𝒖𝒕: 𝑇𝑤𝑜 𝑑𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛𝑎𝑙 𝑎𝑟𝑟𝑎𝑦 𝑃𝐶𝐴 [𝑛 ∗ 𝑚]𝑖𝑛 𝑤ℎ𝑖𝑐ℎ 𝑛 𝑖𝑠 𝑡ℎ𝑒 𝑛𝑢𝑚𝑏𝑒𝑟  𝑜𝑓  

𝑆𝑎𝑚𝑝𝑙𝑒𝑠 𝑎𝑛𝑑 𝑚 𝑖𝑠 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑔𝑒𝑛𝑒𝑠    // Output of Algorithm (2.3) 

𝑶𝒖𝒕𝒑𝒖𝒕 ∶ 𝑂𝑝𝑡𝑖𝑚𝑖𝑧𝑒𝑑 𝐴𝑁𝑁   

Begin 

𝟏.  Assign Random weights to  all the linkages in ANN layers 

𝟐. 𝑆𝑡𝑎𝑟𝑡 𝑡ℎ𝑒 𝑓𝑜𝑟𝑤𝑎𝑟𝑑 𝑝𝑟𝑜𝑝𝑎𝑔𝑎𝑡𝑖𝑜𝑛 𝑜𝑓 𝑡ℎ𝑒 𝑖𝑛𝑝𝑢𝑡 𝑑𝑎𝑡𝑎  

𝟑. Each node output is calculated by multiplying the inputs by the weights 

 according to the equations( 2.10)   

𝟒.  𝑇ℎ𝑒 𝑛𝑜𝑑𝑒 𝑜𝑢𝑡𝑝𝑢𝑡 𝑖𝑠 𝑝𝑎𝑠𝑠𝑒𝑑 𝑡ℎ𝑟𝑜𝑢𝑔ℎ 𝑅𝑒𝐿𝑈 𝑎𝑐𝑡𝑖𝑣𝑎𝑡𝑖𝑜𝑛 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛 𝑎𝑐𝑐𝑜𝑟𝑑𝑖𝑛𝑔 𝑡𝑜 

 𝑡ℎ𝑒 𝑒𝑞𝑢𝑎𝑡𝑖𝑜𝑛𝑠 (2.12)  

𝟓. 𝑇ℎ𝑒 𝑜𝑢𝑡𝑝𝑢𝑡 𝑜𝑓 𝑓𝑖𝑛𝑎𝑙 𝑙𝑎𝑦𝑒𝑟 𝑤𝑖𝑡ℎ 𝑡ℎ𝑟𝑒𝑒 𝑛𝑜𝑑𝑒𝑠 𝑎𝑟𝑒 𝑝𝑎𝑠𝑠𝑒𝑑 𝑡ℎ𝑟𝑜𝑢𝑔ℎ 𝑆𝑖𝑔𝑚𝑜𝑖𝑛𝑑 

 𝑎𝑐𝑡𝑖𝑣𝑎𝑡𝑖𝑜𝑛 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛 𝑎𝑐𝑐𝑜𝑟𝑑𝑖𝑛𝑔 𝑡𝑜 𝑡ℎ𝑒 𝑒𝑞𝑢𝑎𝑡𝑖𝑜𝑛𝑠 ( 2.13)  

𝟔. 𝑇ℎ𝑒 𝑙𝑜𝑠𝑠 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛 𝑖𝑠 𝑐𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒𝑑 𝑏𝑦 𝑢𝑠𝑖𝑛𝑔 𝑠𝑝𝑎𝑟𝑠𝑒 𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑖𝑐𝑎𝑙  

𝑐𝑟𝑜𝑠𝑠𝑒𝑛𝑡𝑟𝑜𝑝𝑦𝑎𝑐𝑐𝑜𝑟𝑑𝑖𝑛𝑔 𝑡𝑜 𝑡ℎ𝑒 𝑒𝑞𝑢𝑎𝑡𝑖𝑜𝑛𝑠 ( 2.15)    

𝟕. 𝑂𝑝𝑡𝑖𝑚𝑖𝑧𝑒𝑟 𝐴𝑑𝑎𝑚 𝑤𝑖𝑙𝑙 𝑢𝑝𝑑𝑎𝑡𝑒 𝑡ℎ𝑒 𝑤𝑒𝑖𝑔ℎ𝑡𝑠 𝑑𝑒𝑝𝑒𝑛𝑑𝑖𝑛𝑔 𝑜𝑛 𝑡ℎ𝑒 𝑙𝑜𝑠𝑠  

𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛 

𝟖.  𝑆𝑡𝑒𝑝𝑠 3: 8 𝑎𝑟𝑒 𝑟𝑒𝑝𝑒𝑎𝑡𝑒𝑑 𝑢𝑛𝑡𝑖𝑙 𝑡ℎ𝑒 𝑚𝑎𝑥𝑖𝑚𝑢𝑚 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑒𝑝𝑜𝑐ℎ𝑠 𝑎𝑟𝑒 𝑚𝑒𝑡  
(150 𝑒𝑝𝑜𝑐ℎ)  

 End    
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b) Convolution Neural Network  Model (CNN)    

          In this thesis, another prediction model is used which is the convolutional 

neural network. The proposed system uses the CNN model to predict class 

labels. Table (3.2) shows the structure of the convolutional neural network as 

follows 

Table (3.2): The CNN Model Proposed Structure. 

Layer (type) Layer information Output shape Params 

number 

 

layer_1 (Conv1D) 

 

No. of filter =16 ,filter size 

(3,3), activation = RelU  

(None, 198, 16)   64 

Flatten (Flatten) 

 

/ (None, 3168)  

 

0 

layer_3 (Dense) 

 

64 (None, 64) 

 

202816 

 

layer_4 (Dense) 

 

Number of Classes (None, 3)  

 

195 

 

Total Parameters:                                                          203,075      

 

 

     Figure (3.2) shows the structure of the CNN model used which is built to 

extract features according to pre-defined criteria and is proposed to predict 

COVID-19 indicators to provide the desired results. 

 

 

 

 

 

 

               

Figure (3.2): Structure of the Used CNN Model 

Input 

Convolution (3*3)  
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The following algorithm (3.4 ) shows Structure of CNN model used 

 

       Algorithm (3.4): Convolution Neural Network   

𝑰𝒏𝒑𝒖𝒕: 𝑇𝑤𝑜 𝑑𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛𝑎𝑙 𝑎𝑟𝑟𝑎𝑦 𝑃𝐶𝐴 [𝑛 ∗ 𝑚]𝑖𝑛 𝑤ℎ𝑖𝑐ℎ 𝑛 𝑖𝑠 𝑡ℎ𝑒 𝑛𝑢𝑚𝑏𝑒𝑟  𝑜𝑓  

𝑆𝑎𝑚𝑝𝑙𝑒𝑠 𝑎𝑛𝑑 𝑚 𝑖𝑠 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑔𝑒𝑛𝑒𝑠    // Output of Algorithm (2.3) 

𝑶𝒖𝒕𝒑𝒖𝒕 ∶ 𝑂𝑝𝑡𝑖𝑚𝑖𝑧𝑒𝑑 𝐶𝑁𝑁   

Begin 

𝟏. set random values for the CNN parameters (convolutional kernels. and 

 CNN weights)    

𝟐. 𝑃𝑎𝑠𝑠 𝑓𝑜𝑟𝑤𝑎𝑟𝑑 𝑡ℎ𝑒 𝑖𝑛𝑝𝑢𝑡 𝑑𝑎𝑡𝑎 𝑡ℎ𝑟𝑜𝑢𝑔ℎ 𝑡ℎ𝑒 𝐶𝑁𝑁 𝑚𝑜𝑑𝑒𝑙 𝑓𝑜𝑟 𝑓𝑒𝑎𝑡𝑢𝑟𝑒 𝑒𝑥𝑡𝑟𝑎𝑐𝑡𝑖𝑜𝑛    

𝑎𝑐𝑐𝑜𝑟𝑑𝑖𝑛𝑔 𝑡𝑜 𝑡ℎ𝑒 𝑒𝑞𝑢𝑎𝑡𝑖𝑜𝑛𝑠 ( 2.19)   

𝟑. 𝑃𝑎𝑠𝑠 𝑡ℎ𝑒 𝑜𝑢𝑡𝑝𝑢𝑡 𝑜𝑓 𝑡ℎ𝑒 𝑐𝑜𝑛𝑣𝑜𝑙𝑢𝑡𝑖𝑜𝑛𝑎𝑙 𝑙𝑎𝑦𝑒𝑟 𝑡ℎ𝑜𝑢𝑔ℎ 𝑅𝑒𝐿𝑈 𝑎𝑐𝑡𝑖𝑣𝑎𝑡𝑖𝑜𝑛 

 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛 𝑎𝑐𝑐𝑜𝑟𝑑𝑖𝑛𝑔 𝑡𝑜 𝑡ℎ𝑒 𝑒𝑞𝑢𝑎𝑡𝑖𝑜𝑛𝑠 ( 2.12)   

𝟒.  𝑝𝑎𝑠𝑠 𝑡ℎ𝑒 𝑒𝑥𝑡𝑟𝑎𝑐𝑡𝑒𝑑 𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠 𝑡ℎ𝑟𝑜𝑢𝑔ℎ 𝐹𝑙𝑎𝑡𝑡𝑒𝑛 𝑙𝑎𝑦𝑒𝑟  

𝟓. 𝑃𝑎𝑠𝑠 𝑡ℎ𝑒 𝑓𝑙𝑎𝑡𝑡𝑒𝑛𝑒𝑑 𝑑𝑎𝑡𝑎 𝑡ℎ𝑟𝑜𝑢𝑔ℎ 𝐹𝑢𝑙𝑙𝑦 𝐶𝑜𝑛𝑛𝑒𝑐𝑡𝑒𝑑 𝑙𝑎𝑦𝑒𝑟𝑠 𝑎𝑐𝑐𝑜𝑟𝑑𝑖𝑛𝑔 𝑡𝑜 𝑡ℎ𝑒 

 𝑒𝑞𝑢𝑎𝑡𝑖𝑜𝑛𝑠 (2.22)    

𝟔. 𝑃𝑎𝑠𝑠 𝑡ℎ𝑒 𝑜𝑢𝑡𝑝𝑢𝑡 𝑜𝑓 𝑡ℎ𝑒 𝐹𝑢𝑙𝑙𝑦 𝐶𝑜𝑛𝑛𝑒𝑐𝑡𝑒𝑑 𝑙𝑎𝑦𝑒𝑟 𝑡ℎ𝑜𝑢𝑔ℎ 𝑅𝑒𝐿𝑈 𝑎𝑐𝑡𝑖𝑣𝑎𝑡𝑖𝑜𝑛      

𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛 𝑎𝑐𝑐𝑜𝑟𝑑𝑖𝑛𝑔 𝑡𝑜 𝑡ℎ𝑒 𝑒𝑞𝑢𝑎𝑡𝑖𝑜𝑛𝑠 ( 2.13)      

𝟕. 𝑝𝑎𝑠𝑠 𝑡ℎ𝑒 𝑒𝑥𝑡𝑟𝑎𝑐𝑡𝑒𝑑 𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠 𝑡ℎ𝑟𝑜𝑢𝑔ℎ 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛 𝑙𝑎𝑦𝑒𝑟. 𝑏𝑦 𝑢𝑠𝑖𝑛𝑔 

 𝑆𝑜𝑓𝑡𝑀𝑎𝑥 𝑎𝑐𝑡𝑖𝑣𝑎𝑡𝑖𝑜𝑛 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛 𝑎𝑐𝑐𝑜𝑟𝑑𝑖𝑛𝑔 𝑡𝑜 𝑡ℎ𝑒 𝑒𝑞𝑢𝑎𝑡𝑖𝑜𝑛𝑠 (2.14)     

𝟖.  𝐶𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒 𝑡ℎ𝑒 𝑙𝑜𝑠𝑠 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛 𝑏𝑦 𝑢𝑠𝑖𝑛𝑔 𝑠𝑝𝑎𝑟𝑠𝑒 𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑖𝑐𝑎𝑙 𝑐𝑟𝑜𝑠𝑠𝑒𝑛𝑡𝑟𝑜𝑝𝑦 

 𝑎𝑐𝑐𝑜𝑟𝑑𝑖𝑛𝑔 𝑡𝑜 𝑡ℎ𝑒 𝑒𝑞𝑢𝑎𝑡𝑖𝑜𝑛𝑠 ( 2.15)  
𝟗. 𝑈𝑠𝑒 𝑆𝐺𝐷𝑀 𝑜𝑝𝑡𝑖𝑚𝑖𝑧𝑒𝑟 𝑡𝑜 𝑢𝑝𝑑𝑎𝑡𝑒 𝑡ℎ𝑒 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠 𝑜𝑓 𝑡ℎ𝑒 𝑚𝑜𝑑𝑒𝑙  

(𝑘𝑒𝑟𝑛𝑒𝑙𝑠. 𝑎𝑛𝑑 𝐶𝑁𝑁 𝑤𝑒𝑖𝑔ℎ𝑡𝑠)   

𝟏𝟎. 𝐶𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒 𝑡ℎ𝑒 𝑣𝑎𝑙𝑖𝑑𝑎𝑡𝑖𝑜𝑛 𝑣𝑎𝑙𝑢𝑒 𝑓𝑜𝑟 𝑒𝑎𝑐ℎ 𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛    

𝟏𝟏. 𝑅𝑒𝑝𝑒𝑎𝑡 𝑡ℎ𝑒 𝑠𝑡𝑒𝑝𝑠 3: 11 𝑢𝑛𝑡𝑖𝑙 𝑡ℎ𝑒 𝑚𝑎𝑥 𝑒𝑝𝑜𝑐ℎ𝑠 𝑎𝑟𝑒 𝑟𝑒𝑎𝑐ℎ𝑒𝑑 (300) 

End 
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3.2.4 Evaluation of the Proposed Model 

            The model evaluation phase is the last phase of the proposed system. In 

this phase , the accuracy of the ANN and CNN model is evaluated depending on 

the test set , in order to obtain a more reliable evaluation. The performance of the 

adopted model is evaluated using training and testing on the dataset . The 

proposed model was trained several times while still controlling for loss and 

accuracy in the training and validation dataset. After each epoch, the proposed 

model results in a loss of training and accuracy, as well as a loss of validation and 

accuracy.  In general, there are a lot of other scales used such as  accuracy, recall, 

Precision and loss function, these measurements are of great importance in 

supporting Performing the model used, in addition to verifying the validity of the 

obtained result. 

In addition, some experiments were conducted on this data, where ANN and CNN 

were trained on another data set, and different results were obtained, which will 

be explained in the fourth chapter. 
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Chapter four 

Experimental Results and Discussion 

4.1 Introduction 

            The activities and processes of the proposed system for identifying genes 

associated with the severity of COVID-19 disease were explained in the previous 

chapter. As for the fourth chapter, the results of the performance of the system 

will be discussed, which is divided into two phases: training and testing. This 

chapter contains four parts: the preprocessing results, the feature selection results, 

the results of the steps of the structure of each of the artificial neural network 

(ANN) and the convolutional neural network (CNN) and the total outputs for each 

step in the proposed technique, , as well as the evaluation of the proposed system 

by calculating the performance using gene expression , and these are the main 

topics covered in this chapter.                                                                                                                                   

4.2 Hardware and Software Requirements 

       Specific software and hardware requirements are necessary to carry out the 

process of developing, training, and evaluating the system. 

4.2.1 Hardware Requirements: 

          The proposed COVID-19 classification system operates by employing 

personal computer hp that have parameters such us Intel(R) Core i7- 10510U @ 

1.80 GHz 2.30 GHz for CPU, 8 GB, Windows10 of RAM and 64-bit Operating 

System. 

4.2.2 Software Requirements 

        The suggested system was developed using Google's Colab notebook and 

Python version 3.6.9. ANN coding is simply implemented when used with 

Python. The system depends on open source libraries including Open, Scikit 
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Learn, and Pandas. It also uses Google's TensorFlow framework (an open-source 

software library designed for efficient work with tensors) and Keras (a neural 

network library based on TensorFlow built in Python and also open-source). 

These libraries are specialize in handling data analysis and machine learning. 

4.3 Description of COVID-19 Dataset 

        The COVID-19 dataset used in this thesis includes many genes and samples 

that indicate characteristics of an individuals (such as histology, condition, race, 

age, and gender). It contains (33630) genes, 99 samples consisting (33) controls , 

which are represented by non-infected people (MOCK) , (33) samples 

representing people with corona disease (DORF6) , and (33) samples representing 

a mutation (WT). The first column (sample) contains an identifier for each gene. 

Each column contains a label describing the patient's status, whether the patient 

is (DORF6, MOCK, or WT). The remaining values in the dataset represent gene 

expression levels. For additional details, see Table (4.1) which shows the 

summary of the dataset used. 

Table (4.1) A Brief Description of COVID-19 Dataset 

Title of The Dataset:  COVID -19 dataset 

 

Dataset characteristics Multivariate 

Number of Samples  99 

Number of genes 33629 

Number of Class Labels 3 

 

Figure (4.1) shows class labels in the COVID-19 dataset, and figure (4.2) 

displays an example of COVID-19 dataset values in Excel format, for further 

information. 
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Figure (4.1): The Class Labels in the COVID-19 Dataset 
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Figure (4.2): A sample of COVID-19 Dataset Values 

4.4 Data Preprocessing Results 

4.4.1 Missing Values Processing Results 

            In this stage, the COVID-19 data will be tested to see if this data contains 

missing values (NaN) or not. Where missing values are processed by replacing 

the mean of the column containing missing values, depending on the values of 

other features . After a number of tests, we noticed that the COVID-19 data is free 

from missing values, as shown in figure (4.3 ) 

 

Figure (4.3) Missing Value Result  
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4.4.2 Normalization Process Results 

            Normalization is an important step that has been conducted on the COVID 

-19 dataset to minimize substantial value disparities from dominating the results. 

The gene values ranged between zero and one by using the min-max 

normalization approach. Figure (4.4) shows the data normalization on a tiny 

sample of the COVID -19 dataset . 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure (4.4): The Normalization Result 
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4.5 Results of Selected Features Methods 

           The goal of this study is to use the reduction levels for COVID-19  dataset 

to identify the most informative features and investigate their impact on the 

prediction model. Although the COVID-19  dataset contains a large number of 

features , not all of them are suitable for the prediction process, as some of them 

reduced the prediction model's accuracy and increased the time complexity. For 

this reason, the feature selection system is employed in this thesis  , in order to 

extract the most important genes that greatly affect COVID-19 . 

4.5.1 Result of the Feature Sequential Selection Method 

          Three feature selection methods were used to better understand the COVID-

19 dataset. These methods are used to reduce the dimensions of the dataset and to 

identify relevant genes associated with COVID-19 disease. The FSS approach 

was suggested because it significantly greatly improved the accuracy of the 

prediction model. 

4.5.1.1 Results of the Pearson Correlation Coefficient Method 

          The main goal of this method is to reduce the dimensions of the dataset by 

identifying relevant genes. The Pearson correlation coefficient method is 

calculated between a gene and a class label . According to this method, the genes 

with the highest value were selected. The first (15000 ) genes out of (33630 ) 

genes were selected as informational genes to be used for further analysis.  

4.5.1.2 Results of the Mutual Information Method 

          By locating the pertinent genes, this technique seeks to minimize the 

dataset's dimensionality calculated using the mutual information approach 

between the gene and the class label. This approach has resulted in the selection 

of genes with the highest mutual information value. Out of (15000) genes, the first 
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(10000) are chosen as the informative genes that will be used in further 

investigation.  

4.5.1.3 Results of the Principal Component Analysis Method 

          Principle component analysis which identifies a new and condensed group 

of genes as the principal components is another crucial technique. These major 

components are arranged in order of maximum inter-component variation. The 

eigenvectors and eigenvalues derived from the covariance matrix serve as the 

foundation for the gene selection process in PCA. The threshold determines the 

number of eigenvectors. As a result, only a small number of eigenvectors with the 

highest eigenvalues are chosen. Only (198) of the (10000) genes remain after 

doing the PCA, therefore these chosen genes are then utilized as input for another 

procedure.  

          In this thesis, the most informative genes that can aid in COVID-19 

prediction have been found using the FSS technique to determine the optimum 

subset of the original dataset. The FSS technique aims to minimize the number of 

genes while keeping high accuracy and minimal error before building the 

prediction model. In general, by selecting the pertinent genes with a reduction 

rate. Figure (4.5) explains the levels that have been accomplished to reduce the 

dimensions of the dataset. 
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Figure (4.5): The Reduction Levels for the COVID-19  Dataset 
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Table (4.2)  The Top Selected Genes from FSS Method 

No Gene ID No Gene ID No Gene ID No Gene ID 

1 A_32_P99744 51 A_32_P9107 101 A_32_P857658 151 A_32_P785717 

2 A_32_P99280 52 A_32_P90859 102 A_32_P85732 152 A_32_P78488 

3 A_32_P98930 53 A_32_P90812 103 A_32_P85591 153 A_32_P7823 

4 A_32_P98927 54 A_32_P90709 104 A_32_P8551 154 A_32_P78101 

5 A_32_P98847 55 A_32_P90685 105 A_32_P85500 155 A_32_P77665 

6 A_32_P9861 56 A_32_P90551 105 A_32_P85495 156 A_32_P77252 

7 A_32_P98534 57 A_32_P90346 107 A_32_P85344 157 A_32_P7721 

8 A_32_P98136 58 A_32_P89755 108 A_32_P8529 158 A_32_P77178 

9 A_32_P98136 59 A_32_P89730 109 A_32_P85279 159 A_32_P77139 

10 A_32_P9753 60 A_32_P89691 110 A_32_P84772 160 A_32_P76853 

11 A_32_P97506 61 A_32_P89646 111 A_32_P84580 161 A_32_P76842 

12 A_32_P97489 62 A_32_P89169 112 A_32_P84454 162 A_32_P76602 

13 A_32_P_97315 63 A_32_P889903 113 A_32_P84580 163 A_32_P76576 

14 A_32_P_97243 64 A_32_P88905 114 A_32_P84454 164 A_32_P76526 

15 A_32_P_9700 65 A_32_P88764 115 A_32_P84388 165 A_32_P76399 

16 A_32_P96858 66 A_32_P886243 116 A_32_P84119 166 A_32_P76025 

17 A_32_P96838 67 A_32_P88605 117 A_32_P841049 167 A_32_P75792 

18 A_32_P96692 68 A_32_P88603 118 A_32_P840463 168 A_32_P75695 

19 A_32_P96579 69 A_32_P88598 119 A_32_P84009 169 A_32_P75661 

20 A_32_P963 70 A_32_P88555 120 A_32_P83845 170 A_32_P75563 

21 A_32_P95949 71 A_32_P88479 121 A_32_P83579 171 A_32_P755542 

22 A_32_P95823 72 A_32_P88349 122 A_32_P835626 172 A_32_P75357 

23 A_32_P95757 73 A_32_P88327 123 A_32_P83453 173 A_32_P752551 

24 A_32_P95176 74 A_32_P88252 124 A_32_P83305 174 A_32_P75141 

25 A_32_P95176 75 A_32_P88231 125 A_32_P832555 175 A_32_P74964 

26 A_32_P9491 76 A_32_P88163 126 A_32_P831725 176 A_32_P74932 

27 A_32_P_94722 77 A_32_P8806 127 A_32_P83000 178 A_32_P74901 

28 A_32_P_94722 78 A_32_P87993 128 A_32_P82907 179 A_32_P74831 

29 A_32_P94122 79 A_32_P87872 129 A_32_P82671 180 A_32_P74588 

30 A_32_P93868 80 A_32_P8772 130 A_32_P82530 181 A_32_P74366 

31 A_32_P93782 81 A_32_P87703 131 A_32_P82515 182 A_32_P743407 

32 A_32_P93597 82 A_32_P877 132 A_32_P82251 183 A_32_P74213 

33 A_32 _ P935950 83 A_32_P875758 133 A_32_P82179 184 A_32_P73707 

34 A_32_P93525 84 A_32_P87568 134 A_32_P82119 185 A_32_P73654 

35 A_32_P93442 85 A_32_P874898 135 A_32_P81324 186 A_32_P73535 

36 A_32_P_P39209  86 A_32_P87323 136 A_32_P81092 187 A_32_P73452 

37 A_32_93144 87 A_32_P8732 137 A_32_P80897 188 A_32_P73413 

38 A_32_P92922 88 A_32_P871061 138 A_32_P80697 189 A_32_P73217 

39 A_32_P92814 89 A_32_P867789 139 A_32_P80678 190 A_32_P7316 

40 A_32_P926336 90 A_32_P86739 140 A_32_P8067 191 A_32_P7308 

41 A_32_P92563  91 A_32_P86705 141 A_32_P80413 192 A_32_P72611 

42 A_32_P925529 92 A_32_P865613 142 A_32_P80089 193 A_32_P72541 

43 A_32_P92281 93 A_32_P86517 143 A_32_P80016 194 A_32_P725218 

44 A_32_P92212 94 A_32_P86400 144 A_32_P79190 195 A_32_P72447 

45 A_32_P91821 95 A_32_P86318 145 A_32_P79103 196 A_32_P72203 

46 A_32_P91633 96 A_3__P86173 146 A_32_P790284 197 A_32_P721983 

47 A_32_P91519 97 A_32_P86150 147 A_32_P78876 198 A_32_P72110 

48 A_32_P91507 98 A_32_P86135 148 A_32_P78809   

49 A_32_P914221 99 A_32_P86118 149 A_32_P78681   

50 A_32_P91228 100 A_32_P85835 150 A_32_P78649   
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4.6 Genes Exploration 

The following figures show the traceability of a gene over time and the changes 

that can occur. In the figures below different plots approaches are used to 

explore the genes  

 

 
 

Figure (4.6) The gene (A_32_P99744) with class DORF6 for three different replicates 

during different hours, where x-axis is the hours and y-axis is gene value.  

 

 
 

Figure (4.7) The gene (A_32_P99744) with class MOCK for three different replicates 

during different hours, where x-axis is the hours and y-axis is gene value. 
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Figure (4.8) The gene (A_32_P99744) with class WT for three different replicates during 

different hours, where x-axis is the hours and y-axis is gene value. 

 

4.6 Results of the Prediction Model 

4.6.1 Results of Artificial   Neural Network Model  

           In order to predict the genes associated with COVID-19 disease, artificial   

neural network (ANN) model was developed. The gene of interest for the highest 

level of precision constitutes the best genetic subset of the FSS approach. 

Generally, an ANN model is generated using Python Keras software. A high-level 

neural network toolkit called Keras has been created to speed up experimentation. 

At the top level, passing the output from one layer to another does not require 

writing code. All need to know is the architecture of the neural network and the 

input data needed to train it. In particular, the ANN  model .It was chosen and its 

architecture consists of five  layers, including three  Hidden layers, with an input 

layer and an output layer. 

          The first layer is the input layer (Dense ) with 20 neurons, and activation 

layer is RelU. The second is hidden layer ( Dense ) with 40 neurons and  activation 
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layer is RelU. The third layer is hidden layer ( Dense ) with 20 neurons and  

activation layer is RelU .The fourth layer is hidden layer( Dense ) with 40 neurons 

and  activation layer is RelU. The fifth layer is output layer ( Dense) with 3 

neurons and  activation layer is sigmoid.  

           In addition, categorical cross entropy as the loss function to compute the 

loss, accuracy as a metric and the adaptive moment estimation (ADAM) optimizer 

with batch_size=15 . This model is trained with 150 epochs. 

4.6.2 Results of Convolution Neural Network model 

            In order to predict the genes associated with COVID-19 disease, a second 

prediction model, the Convolutional Neural Network (CNN) was developed. 

Generally, a CNN model is generated using Python Keras software. A high-level 

neural network toolkit called Keras was created to speed up experimentation, and 

a four-layer CNN model was chosen. The first layer is convolution layer with 16 

different filters , kernel size 3*3 and activation function RelU. The second layer 

is flatten layer. The thired layer is fully connection layer with  64 neurons The last 

fully connected layer has 3 neurons to predict 3 classes for the COVID-19 dataset 

in layer number fourth and uses a softmax layer as a prediction layer. In addition, 

categorical cross entropy as the loss function to compute the loss, accuracy as a 

metric and the adaptive moment estimation (SGD) optimizer with learning-rate 

0.001 are selected for CNN model. This model is trained with 300 epochs.                                                         

4.7 Evaluating the Proposed Model 

          The performance of the prediction model (artificial neural network and 

convolutional neural network) was evaluated. Usually all genes that have 

appeared are taken as influencer genes. Then, they were added to the model to 

confirm their importance and the level of accuracy that could be achieved by 

incorporating these genes. In fact, the use of selected genes greatly improves 

accuracy. The results of the FSS method were satisfactory in the prediction model 
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because the informative gene selection process required multiple steps and took 

advantage of the majority of gene selection strategies. The performance of the 

FSS approach can be demonstrated effectively especially when compared to a raw 

dataset without feature selection methods techniques. Table (4.3) shows the 

results of comparing the accuracy and loss of the artificial neural network model 

and the convolutional neural network before and after applying the FSS method. 

Table (4.3): The Comparative Results of Accuracy and Loss for the ANN and 

CNN Models 

The method Accuracy Loss Used genes 

Raw Data +ANN 30% 1.068 33630 

Raw Data  + CNN 30% 1.104 33630 

FSS + ANN 97% 0.041 198 

FSS+CNN 82% 0.0691 198 

 

          By looking at table (4.3), it is found that the best subgroup consists of 198 

genes which were previously explained in table (4.2). As these genes were 

selected when applying the FSS method based on the ANN and CNN model, the 

highest accuracy was obtained. Therefore, it is recommended that these selected 

genes are used as the most important genes. Figure (4.9) shows the graph of raw 

data accuracy and loss , FSS method is based on ANN and CNN model. 
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        Figure (4.9): Accuracy, and Loss across the ANN and CNN Models 

              On the other hand, it is taking into account that the outcomes of the gene 

selection approaches that are used separately are insufficient for the prediction 

model. The number of genes chosen by each of the three feature selection 

techniques for the ANN model is compared in table (4.4). 

Table (4.4):The Comparative Results of the feature Selection Methods for the 

ANN Model 

The Method Number of 

Genes 

ANN Model 

Accuracy Loss 

Pearson 15000 24% 1.135 

MI 10000 31% 1.100 

PCA 198 97% 0.041 

 

It can be seen that all the three selected feature selection methods can reduce the 

dimensions of the data, but their results were not satisfactory in the proposed 

prediction model. Thus, it is clear from the comparison that the proposed method 

(FSS) outperformed all the methods that were applied in terms of the accuracy of 

the prediction model. Figure (4.10 ) shows the accuracy and loss of the ANN 

model based on the different feature selection methods. 
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Figure (4.10): Accuracy, and Loss across the ANN Model Based on different 

feature selection Methods 

Table (4.5):The Comparative Results of the feature Selection Methods for the 

CNN Model 

The Method Number of 

Genes 

CNN Model 

Accuracy Loss 

Pearson 15000 24% 1.099 

MI 10000 32% 1.098 

PCA 198 82% 0.069 

 

           Through the above table, it is clear from the comparison that the proposed 

method (FSS) outperformed all the methods that were applied in terms of the 

accuracy of the prediction model. Figure (4.11) shows the accuracy and loss of 

the CNN model based on the different feature selection methods. 
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Figure (4.11): Accuracy, and Loss across the CNN Model Based on different 

feature selection Methods 

Table (4.6) The evaluation of the results of the ANN and CNN model with 

different scales (accuracy, loss, sensitivity, specificity, and area under the 

curve). 

 

The 

Model 

accuracy loss sensitivity Specificity area under the curve 

ANN 97% 0.041 91% 100% 95% 

 

CNN 82% 0.691 91% 100% 95% 

 

 

             In addition to the previous results, which represent the best results 

obtained, in this thesis, feature extraction methods with ANN and CNN were 

applied using different numbers of genes with different percentages of data 

partitioning. More details in the following tables. 

5,000 genes will be used, which represent the best genes. The artificial neural 

networks will be trained on this data after dividing it into two groups, the training 

group and the test group. These data were divided by different proportions, and 

different precisions were obtained. More details in Table (4.7) 
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Table (4.7):The Comparative Results of the feature Selection  Methods for the 

ANN Model using only 5000 genes 

 

5,00 genes will be used, which represent the best genes. The artificial neural 

networks will be trained on this data after dividing it into two groups, the training 

group and the test group. These data were divided by different proportions, and 

different precisions were obtained. More details in Table (4.8). 

 

Table (4.8):The Comparative Results of the feature Selection  Methods for the 

ANN Model using only 500 genes 

 

Also 5,000 genes were used, which represent the best genes. Convolutional 

neural networks were trained on this data after dividing it into two groups, the 

training group and the test group. These data were divided by different 

proportions, and different precisions were obtained. More details in Table (4.9). 

 

Table (4.9):The Comparative Results of the feature Selection  Methods for the 

CNN Model using only 5000 genes 

Used 

genes 

 
 

Testing set=0.3 Testing set=0.1 Testing set=0.2 The method 

 Loss  accuracy  loss  accuracy  loss  accuracy  

5000 

 

1.131 26% 1.105 25% 1.099 32% Person +A NN 

5000 

 

1.137 23% 1.106 25% 1.101 30% MI+ANN 

5000 0.239 93% 0.663 90% 0.310 93% PCA+ANN 

Used 

genes 

 
 

Testing set=0.3 Testing set=0.1 Testing set=0.2 The method 
 

Loss 
 

 

accuracy  loss  accuracy  Los

s  

accuracy  

500 

 

0.794 60% 0.987 55% 0.552 72% Person + ANN 

500 

 

0.430 83% 0.429 80% 0.848 62% MI+ANN 

500 

 

0.731 90% 1.053 90% 0.775  90% PCA+ANN 

Used 

genes 

 
 

Testing set=0.3 Testing set=0.1 Testing set=0.2 The method 
 

loss  accuracy  loss  accuracy  loss  accuracy  

5000 1.096 28% 1.098  30% 1.098 32% Person + CNN 



Chapter Four                                          Experimental Results and Discussion 

- 80 - 
 

 

Also 5,00 genes were used, which represent the best genes. Convolutional neural 

networks were trained on this data after dividing it into two groups, the training 

group and the test group. These data were divided by different proportions, and 

different precisions were obtained. More details in Table (4.10). 

 

Table (4.10):The Comparative Results of the feature Selection  Methods for the 

CNN Model using only 500 genes 

 

5000 1.102 31% 1.098 45% 1.092 35% MI+CNN 

5000 0.529 78% 0.730 65% 0.502 75% PCA+CNN 

Used 

genes 

 
 

Testing set=0.3 Testing set=0.1 Testing set=0.2 The method 
 

loss  accuracy  loss  Accuracy  loss  accuracy  

500 1.066 43% 1.098 25% 1.062 50% Person + CNN 

500 1.102 31% 1.098 45% 0.997 72% MI+CNN 

500 0.649 81% 0.675 70% 0.791 80% PCA+CNN 
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Chapter five 

Conclusions and future works 

5.1 Conclusions 

           The following are the main conclusions gained from the results obtained 

utilizing the proposed system for detecting COVID-19 in gene expression: 

1- The suggested system has demonstrated its effectiveness in detecting relevant 

genes (the best genes) and deleting irrelevant or harmful genes. Furthermore, 

according to all conventional assessment metrics, this proposed system produces 

good outcomes in the prediction model. 

2- The proposed system has successfully proved the feature selection approach 

according to the COVID-19 dataset's nature, with satisfying results in the 

prediction model. 

3- The results indicate that the best accuracy was obtained with the ANN model 

using only the best genes. The accuracy (0.971) was obtained from the FSS 

method.  

4- The results also indicate that the best accuracy was obtained with the CNN 

model using only the best genes. The accuracy (0.828) was obtained from the 

FSS method. 

5- The system has been trained and tested to classify COVID-19 data. The 

results of this system are as follows: 0.916 % sensitivity, 100% specificity, and 

0.958% AUC. 

6-This thesis demonstrates how deep learning and neural networks aid and 

progress biology and medical sciences by demonstrating neural networks' 

remarkable capacity to categorize and forecast diseases. 
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5.2 The Future Works 

          The following is recommended for future works: 

1- Classifying the genes related with the severity of different diseases using a 

big dataset containing thousands of genes 

2- Apply the proposed approach to other datasets such as diabetes, breast cancer, 

Alzheimer's disease , and etc. 

3- Examine various models that can be compared to the CNN and ANN models 

and attempting to reduce prediction error. 

4- studding Other feature selection methods, such as Information Gain (IG), 

Singular Value Decomposition (SVD), and others, are being investigated for 

picking a best subset of genes and highlighting their impact on the prediction 

model. 

5- Compare the results of other classification approaches, such as SVM (Support 

Vector Machines), with the results of the CNN algorithm and ANN algorithm in 

classifying genes associated with COVID-19 disease severity 
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 المستخلص

( ، االذي أادى COVID-19يتأثر ملايين الأشخخخخختف يتمرخخخخر مرك ريرا  لحاايت ال تلر              

ت أل  أص ةتاخخمف السخخيتحليمت  ت  يم  لت خخ   ي يتة مأسخختايف رر يميأ أي تا اللتل . ادر ا اإ شخختاة أياخخل

رتع الماخخخخخخير ا هحا  يف د مت الم  اد لآل ا لمهم لك ، يظرل يت . امأ ذ متع مل ل الحر ت رر ااد مل ةتملال مه

ةتاخخخخخخمف للحيف لمهتر ف عذو الل اى الميراسخخخخخخيف ، رو  يتا  الرهحد الم ذالف ةيتهتا الأدايف االلوت ت  

لك ، رإص المه  الأل ر لللمليت  التر دسخخخ ل للل التمظي  الممتةر ا هحا ةحااخخخر االللايت  يتلمرخخخل. لذ

 19-للحيف ت  يحرر لمت يظرة ثتت ف رر الللاج السخخريري لل تة  الرخخ ي ة. ت  دتأثر اإاخختيف يمرك لحري  

لألرى لمرضخخخخ  يتللحامل الحااثيف. ارولت لل ااسخخخخت  ال  ي ف ، يتمحع الللاج الريمر ةل  الأدايف التولي يف ا

COVID-19 يتدة عذا المرك رر   مت  التر د ثر ةل   ي  الري ة  د   لك ، يمهن أص يسخخخخخخخت لذ رف  . يتي

اةسخخخخترتيف الللاييف الري ة. ةلااة ةل  ذلك ، رإص الم خخخخمحرف ال تيوف عر أداة ااة ة دسخخخخم  للللمتا يويت  

سخخر من عذو الأورا ف عح ديحير مسخختحى التل ير لمتت  الآةم من الريمت  رر يما الحت . اله م الر ي

يأتل ت ا من الخيأ ةن وريق التيتا أع  الريمت   COVID-19يمحذج يمهمه التم   ي تف يتيحا مرك 

  الريمت  المللحمتديف(.

يتا الميحة            لف التم  . يت  الت يتا الميحة امر  ظتم الموترح من مر لتين ا يسخخخخخخيتينا الت يتهحص الم

( لت  ي  مرمحةف ررةيف من الريمت  المهمف اد سخخين دتف التم   FSSسخخل الميحا   يتسخختخ ام وريوف دسخخل

ثلاث ورعا وريوف ملتمل ااد تو ييرسخخخخحص ، وريوف المللحمت   FSSللممحذج الموترح. دتاخخخخمن وريوف 

ر ، االت FSSالمت تدلف اوريوف د ليل المهحيت  الر يسخخخيف. يرخخخهل ةتم ، يوحم المظتم الموترح يتمميذ وريوف 

دتلرم ةل  الميحا  الأل ر رت  ة رر لل ليحة ، ث  يت  أدلتلهت رر الممحذج لاخخخخخخمتص أعميف عذو الميحا  

اال تف التر يمهن ال  حل ةليهت. ةلااة ةل  ذلك ، سل  عذو الأورا ف أل  دو ي  يمحذج دم   يلتم  ةل  

لت  ي  الريمت  المتللوف ( CNN( االرخخخ هف الل خخخ يف التلاريميف  ANNالرخخخ هف الل خخخ يف اةاخخخيمتةيف  

، االريمت  المتللوف يتلأشخخخختف الذين يلتيحص  COVID-19 (DORF6)يتلمرضخخخ  الم خخختيين يمرك 

( ، د  اسخخخخخختخ ام MOCK. ( أا الريمت  المتللوف يأشخخخخخخختف اير م خخخخخختيين  (WT)من أةراك لميمف 

يت   يت يفا مرمحةف ي يت  المتت ف لت ويق أع ام الأورا ف ال تل يت . د  أيراا COVID-19مرمحةف ال 

 التويي  يمتال ةل  مويتسين دم  يين  ال تف االخستاة(.

أ هر  المتت ج التر د  ال  خخخخخخحل ةليهت أص أداا المظتم الموترح رلتل  يم دم  موتايف دتف التم          

   التر . يتستخ ام يميأ الريمت  ، لتي  دتف التمFSSيتلريمت  الأاليف االمختتاة ت ل ايل  دي يق وريوف 

 FSS، ييممت لتي  دتف التم   يل  دي يق وريوف  CNN٪( مأ 30ا   ANN٪( مأ 30د  ال  حل ةليهت  

يين روط. 198مأ  CNN٪( مأ 82ا   ANN( مأ 0.97 
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