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I  

Abstract 
 

In the immunology and disease prevention, vaccines are essential in 

conferring immunity against harmful pathogens and toxins. These immune-

boosting agents typically consist of proteins or peptides known as antigens, which 

stimulate the production of antibodies to shield against potential invaders. 

Comprehending the constituents of vaccines is paramount for progress in the field 

and safeguarding public health. This work addresses the problem of identifying 

informative genes related to vaccine response. Through parallel, sequential, and 

hybrid feature selection approaches, then compare their effectiveness in selecting 

relevant genes. The parallel and hybrid feature selection phase highlights 16 genes 

, while the  Sequential feature selection identifies 11 genes. 

In addition, the performance of different machine learning models using the 

chosen attributes are assessed. The parallel feature selection step yielded 

impressive results, with the Logistic Regression classifier achieving a perfect 

accuracy score of 1.00 when employing ANOVA (60%) and both CHI2 selections 

at 20% and 60%. Similarly, in the sequential feature selection phase, the Logistic 

Regression classifier also attained a flawless accuracy score of 1.00 for 6 paths for 

(60%). Furthermore, the hybrid feature selection stage resulted in an accuracy score 

of 1.00 with LR and ADA classifiers for MI_RF (20%) . Also, with LR and RF 

classifier coupled with ANOVA_RF at (60%). Finally, CHI2_RF at (60%) with LR 

has accuracy score of 1.00. 

In addition, to improve the efficacy and accuracy the CNN model is 

combined with parallel feature selection techniques such as MI (20%), MI (60%), 

and ANOVA (20%). This combination reveals notable improvement toward 

accuracy. The performance of the CNN model on features acquired from various 

feature selection methods, including four paths for 20%, and confirms that 

sequential feature selection improves system accuracy and predictive capabilities. 

Hybrid feature selection methods, such as MI_RF (60%), ANOVA_RF (20%), and 

CHI2_RF(20%), improves system accuracy to 1.00. 



II  

 

To validate the reliability and generalizability of the model, a separate set of 

data that had not been previously seen by the system was used for testing. This 

approach involved randomly selecting 10% of the original dataset, which was 

completely new to the system. This new dataset was kept separate from the training 

data, which accounted for 90% of the original dataset. The training data was further 

divided into a 70% portion for model training and a 30% portion for model testing. 

The model's performance was then evaluated on the untouched 10% of data, and 

the results demonstrated its accuracy and success.
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1.1. Introduction 

 

One of the most successful public health initiatives for controlling and 

preventing infectious diseases worldwide is vaccines. Measles, rubella, and polio 

deaths, morbidity, and disability have decreased due to vaccination. SARS-CoV-2, 

which causes the COVID-19 pandemic, is a new and re-emerging disease-causing 

agent that vaccine development must address. The scientific community is 

challenged to develop innovative vaccines that can protect against these emerging 

viruses and provide long-term immunity worldwide [1], [2]. 

Vaccines are medicinal interventions that are intended to elicit an immune 

response capable of recognizing and eliminating dangerous microorganisms or 

poisons. The creation of specialized proteins known as antibodies, which may 

neutralize these foreign chemicals within the body, aids in this process. Such 

important molecules are produced by B cells, a kind of white blood cell capable of 

identifying antigens (i.e., chemicals that elicit an immune response) from outside 

sources and making appropriate antibodies in response [3]. Immunity to specific 

pathogens/toxins depends on vaccines. These hazardous substances produce 

vaccine antigens, usually proteins or peptides. By stimulating our body's defenses, 

vaccines boost antibody production, allowing us to fight off invaders before they 

cause serious harm. Thus, understanding vaccine components is essential for 

immunology and disease prevention research [4], [5]. There are many live-

attenuated inactivated subunit, nucleic acid, and polyvalent vaccines for various 

infections. Live attenuated vaccinations contain weakened but active 

microorganisms that reproduce in the body to stimulate the immune system. 

Inactivated vaccines contain destroyed organisms that don't replicate but stimulate 

the immune system. Subunit vaccines contain only pathogen components needed 

to induce immunity. Finally, nucleic acid-based immunizations use DNA or RNA 
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to create antigen proteins and kickstart an immune response against invading 

organisms' antigens [6], [7]. 

In vaccination research, bioinformatics and microarray technologies help us 

understand immune responses and find vaccine efficacy biomarkers. To understand 

the massive biological data produced by high-throughput technology, scientists 

have turned to bioinformatics, which combines biology, computer science, and 

statistics [8]. For example, microarray technology has enabled scientists to 

simultaneously monitor the expression levels of thousands of genes, considerably 

facilitating the study of gene expression patterns. Microarray technologies, such as 

the Gene Expression Omnibus (GEO) database, enable scientists to investigate the 

complex molecular processes that underpin immune responses to vaccinations [9]. 

In vaccine development, bioinformatics and microarray analysis can identify gene 

expression signatures related to vaccine-induced immune responses, such as active 

immune pathways, biomarkers, and long-lasting immunity. These methods can 

help identify vaccine candidates and create more personalized vaccination plans by 

revealing vaccine efficacy and safety [10]. 

Deep learning and machine learning algorithms have developed as powerful 

tools for the thorough analysis of complex biological data, including genomic and 

proteomic information. Deep learning is a subset of machine learning techniques 

that involves directing artificial neural networks to discover patterns in datasets 

[11]. Biomedical research has greatly benefited from deep learning approaches to 

medication creation, medical imaging analysis, and genomics research. In vaccines 

and immunology, deep learning algorithms have found epitopes or specific sections 

of the pathogenic antigen that can elicit an immune response, enabling the rational 

creation of innovative, effective vaccines. Deep learning models could also study 

virus genetics and chemistry to find therapeutic compounds and vaccines [12], [13].  
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1.2. Thesis Motivation 

The global outbreak of Covid-19 in late 2019 had significant implications for 

multiple domains, such as public health, economies, and social dynamics on a 

global scale [14], [15]. Over 605 million confirmed cases and 6.5 million deaths 

have been reported in the global SARS-CoV-2 outbreak[16]. Coronavirus disease, 

or Covid-19, is a respiratory infection that mostly affects the lungs. Air travel is its 

main mode of transmission [17]. Vaccines protect individuals and societies from 

serious illnesses, hospitalizations, and deaths by preventing contagious diseases. 

Understanding what makes vaccines effective is essential to improving vaccine 

development and implementation strategies. Recent advances in machine learning 

and deep learning allow the analysis of large genomic and proteomic datasets. This 

has allowed researchers to understand vaccine potency mechanisms. These 

methods help researchers identify genetic and immune factors that affect vaccine 

responses and develop predictive vaccine effectiveness models[5], [18]. 

 

This thesis employs machine learning and deep learning techniques to examine 

the effectiveness of various vaccinations in terms of their capacity to elicit antibody 

responses and genetic immunity. Through the utilization of extensive datasets that 

include genetic and proteomic data, clinical trial data, and real-world information, 

the development of comprehensive predictive models will be undertaken to 

evaluate vaccine effectiveness. 
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1.3. Research Problem 

Genetic immunological and antibody response analysis methods have 

limitations in assessing vaccine efficacy while taking into account age, gender, 

genetics, and health. Addressing these limitations is essential to understanding 

vaccine efficacy and optimizing vaccination strategies for different populations. 

1.  The consumption of Covid-19 vaccines elicits various physiological 

responses and outcomes within the human body . The examination of the 

impact of Covid-19 vaccines at the genetic level will elucidate the specific 

genes and gene clusters that are influenced by the administration of these 

vaccines . Subsequently, in response to various Covid-19 vaccines, the 

immune system and antibody responses will be evaluated through the 

analysis of gene expression pertaining to specific genes.  

2.  There is a need to understand the individual response level to vaccines based 

on genetic expression, as vaccine response varies widely from person to 

person, in addition to symptoms that may develop in one person but not 

another. 

3.  Genetic immunological and antibody response analysis using traditional and 

statistical methods cannot accurately measure vaccine effectiveness and 

interactions with age, gender, genetics, and health. As a result, this thesis 

presents a machine learning (ML) and Deep Learning (DL) method for 

predicting COVID-19 vaccination-induced immunological and antibody 

responses. 
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1.4. Research Questions 

The focus of this study centers on comprehending the variables that contribute 

to the effectiveness of vaccines and employing machine learning algorithms to 

enhance these factors. Furthermore, the goal is to identify significant biomarkers 

that possess a strong probability of accurately predicting the effectiveness of 

vaccinations, thereby facilitating the advancement of more potent vaccine 

formulations. 

1. What factors determine vaccine efficacy, and how can machine learning 

algorithms be used to fine-tune them?  

2. How can biomarkers with a high likelihood of vaccination efficacy be 

identified using machine learning technologies to help develop more 

potent vaccines?  

1.5.  Thesis’s Aim and Objectives 

The aim of this thesis is to comprehensively explore the efficiency of diverse 

vaccines in enhancing antibody response and genetic immunity by applying 

advanced machine learning and deep learning methodologies. The objectives of the 

thesis are as follows: 

1. Select a subset of characteristics (genetic information) from gene 

expression data using a systematic approach. 

2.  Create machine learning and deep learning models that use the selected 

genes to make accurate predictions, then evaluate their performance using 

various accuracy metrics.  

3.  Identifying critical genes that are influenced by variables such as 

vaccinations.  

4. Furthermore, by using sophisticated machine learning and deep learning 

approaches, this research intends to increase overall prediction accuracy.  

By achieving these goals, this study hopes to improve current information about 
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vaccine efficacy while also providing new insights into using machine learning 

approaches for prediction purposes in vaccination research. 

 

1.6. Challenges of the Research Problem 

Several academic challenges may arise when utilizing machine learning and 

deep learning methods to investigate the efficacy of different vaccines on antibody 

response and genetic immunity. Microarray data analysis is difficult due to its 

complexity, which is characterized by high dimensionality, limited sample size, 

uneven class distribution, noisy data structure, and variability in feature values. 

These difficulties frequently result in lower classification accuracy and overfitting 

concerns. This thesis tries to solve these issues by presenting a new method for 

reducing overfitting and improving classification performance. 

 

 

1.7. Related Works 

In recent years, the discipline of machine learning and deep learning has made 

major advances in allowing the interpretation of massive volumes of gene 

expression data. This includes data from vaccine studies, which are becoming 

increasingly crucial for understanding immunity and generating new vaccines. 

Identifying dynamic gene expression profiles during sequential vaccination is of 

special interest to researchers because it can give information on the underlying 

molecular mechanisms driving vaccine-induced immune responses. Machine 

learning approaches have proven to be effective in this endeavor, with various 

research utilizing these techniques to uncover relevant gene expression profiles 

linked with successful vaccine response. Table (1.1) presents a comprehensive 

overview of the relevant literature. 

 

Zhang (2022) [19] employed vaccines against COVID-19 that can protect against 

SARS-CoV-2 infections, but they may have short- or long-term impacts on 
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COVID-19-related disorders and cause new forms of those diseases. A study using 

high-performance genomic biomarkers found that the BNT162b2 vaccine lowered 

MND1 and CDC6 expression while increasing ZNF282 expression in SARS-CoV-

2-naive individuals. The immunization showed a negative effect on COVID-19 

convalescent octogenarians, increasing MND1 and CDC6 expression while 

decreasing ZNF282 levels. Max-linear competitive logistic regression classifier 

with an accuracy of 88.70% will be used to classify BNT162b2 vaccination 

responses between COVID-19 convalescent patients and SARS-CoV-2 naïve 

individuals. 

 

Lee et al. (2022)[20] examined the molecular transcriptome, germline allelic 

variations of immunoglobulin loci, and anti-Omicron antibody levels in 46 office 

and lab employees from the Republic of Korea after ChAdOx1-BNT162b2 

immunization. The original SARS-CoV-2 strain's anti-spike-specific IgG antibody 

levels grew from 70 to 14,000 to 142,000 AU/ml one, three, and seven days after 

the second vaccination. Titers against VOC, including Omicron, were two- to three-

fold lower but greater than those observed after BNT162b2-BNT162b2 

immunization. RNA-seq of peripheral immune cells showed interferon pathway 

activation and elevated IGHV clonal transcripts expressing neutralizing antibodies. 

scRNA-seq showed enriched B cell and CD4+ T cell responses in both ChAdOx1-

BNT162b2 and BNT162b2-BNT162b2 patients, but a greater clonal development 

of memory B cells in the former. Heterologous ChAdOx1-BNT162b2 

immunization produces a stronger innate and adaptive immune response than 

homologous BNT162b2. 

Rezaee et al. (2022) [21] introduced a two-step technique for gene expression in 

diverse disorders, which includes identifying highly effective genes using soft 

ensemble and classifying them using a unique deep neural network. The feature 

selection approach combines three strategies for selecting wrapper genes using the 
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k-nearest neighbor algorithm, resulting in a model with strong generalizability and 

low error rates. Soft ensemble is used to identify the most potent subsets of genes 

from three microarray datasets associated to DLBCL, leukemia, and prostate 

cancer. To categorize these datasets, a stacked deep neural network is used, with 

average accuracies of 97.51%, 99.6%, and 96.34%, respectively.  

Abdelwahab et al. (2022) [22] proposed a structured approach using various 

feature selection techniques to find genes substantially linked with LUAD. On 

RNA-seq data from the Cancer Genome Atlas (TCGA), the study employs many 

methods, including mutual information (MI), recursive feature elimination (RFE), 

support vector machine (SVM) classification model, and embedded Random Forest 

algorithm. Potential biomarker genes for LUAD are identified by combining the 

results of these several methodologies. The proposed framework found a total of 

12 possible biomarkers that have a strong link with various kinds of lung cancer, 

including LUAD. A prognosis model is developed using expression profile analysis 

of these selected biomarkers, yielding a remarkable accuracy rate of up to 97.99%. 

Liu and Yao (2022) [23] proposed a gene selection method based on KL 

divergence to pick relevant genes with larger KL divergence as model features. The 

resulting deep neural network model employs Focal Loss as the loss function and 

the k-fold cross-validation method, with k set to five, for model verification and 

selection. According to our findings, using the validation dataset, this technique 

yields an AUC value of 0.99, showing strong generalization performance in reliably 

forecasting lung cancer incidence. As a result, it can be stated that employing a 

deep neural network based on KL divergence gene selection is an excellent method 

for predicting the occurrence of lung cancer. With an astounding accuracy record 

of up to 99.93% and 99.96%, a prognostic model is created utilizing expression 

profile analysis of these chosen biomarkers. 
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Al-Hatamleh et al. (2021) [24] did a study in which 2213 participants in Jordan 

participated in a trial and were all given one of six COVID-19 vaccinations. The 

researchers examined the reactions and side effects of the subjects. According to 

the study's findings, the majority of post-vaccination adverse effects are modest 

and do not endanger the patient's life. The severity of these negative consequences 

could be predicted using machine learning algorithms. Furthermore, the RF, 

XGBoost, and MLP shared information with both groups based on the type of 

vaccine, demographics, and potential side effects. Precision is excellent (0.80, 0.79, 

and 0.70, respectively). 

Papadopoulos et al. (2021)  [25] used machine learning algorithms on 302 

participants, is to uncover critical factors that are predictive of NAb levels 

following immunization. Younger patients had higher levels of neutralizing 

antibodies than older patients, according to the results of PCA, FAMD, k-means 

clustering, and random forest analysis. Neutralizing antibodies (NAbs) against 

SARS-CoV-2 are negatively influenced by characteristics such as age, weight, 

gender, and autoimmune disorders nine months after immunization. It was 

discovered that characteristics such as age, BMI, and autoimmune illnesses had a 

negative impact on NAbs. The RF classifier's total prediction accuracy is  66.32%. 

Koul et al. (2020) [26] combined recursive feature elimination with mutual 

information to construct a randomized ensemble technique for picking features 

from cancer gene expression data. The approach is applied to a dataset of gene 

expression in leukemia. Comparing classification accuracy for different-sized 

feature subsets using linear SVM and logistic regression classifiers, 99% and 96% 

classification accuracy are obtained with a gene subset of size 316.  

Chen et al. (2020) [27] employed machine learning methods to detect different 

host biomarkers related with COVID-19. They identified critical biomarkers using 

feature selection methods such as Boruta, Max-Relevance, and Min-Redundancy 
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and achieved outstanding accuracy rates with several classifiers. With an accuracy 

rating of 93.8%, the Support Vector Machine classifier stood out. 

Ahlawat et al. (2020) [28] used unstructured gene expression data to construct 

Convolutional Neural Network models that can efficiently categorize tumor and 

non-tumor samples into their respective cancer kinds or normal states. The three 

CNN models that have been built, namely 1D-CNN, 2D-Vanilla-CNN, and 2D-

Hybrid-CNN, are based on different designs of gene embeddings and convolution 

techniques. To put the models to the test, the researchers used a pooled dataset of 

over ten thousand samples from thirty-three different cancer types, as well as 

matched healthy tissues from the TCGA. All groups, including normal cells, have 

impressively high prediction accuracies ranging from 93.9% to 95%. Furthermore, 

it was discovered that one model - the1-DCNN - made a substantial contribution 

by assisting in the identification of 2090 distinct possible biomarker genes thought 

to be connected across different diseases. Summary of the related works, with more 

details are listed in Table (1.1).  

                         Table (1.1): Summary of the Related Works 

Ref. and 

year 
Dataset Data Type Model Accuracy 

Zhang 

(2022) [19] 

GEO database under 

accession number 

GSE190747 

BNT162b2 

vaccine 

max‐linear 

competing 

logistic regression 

88.70% 

Lee et al. 

(2022)[20] 

GEO database under 

accession number 

GSE201535 

ChAdOx1-

BNT162b2  

vaccination 

Statistical analysis N\A 

Rezaee et al. 

(2022)[21] 

lymphoma dataset 
 

Cancer 

 

DNN 

97.51% 

leukemia dataset 99.6 % 

prostate dataset 96. % 

Abdelwahab 

et al. (2022) 

[22] 

TCGA-LUAD Lung Cancer 

 

SVM 

 

97.99% 

Liu and Yao 

(2022) [23] 

TCGA-LUAD 
Lung Cancer DNN 

99.93% 

ICGC-LUAD 99.96% 

Al-

Hatamleh et 
The Online Survey 

COVID-19 

Vaccination 

MLP 0.80 

XGBoost 0.79 
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al. (2021) 

[24] 

Side Effects 

Following COVID-19 

Vaccination 

RF 0.70 

Papadopoul

os et al. 

(2021)  [25] 

Demographic and 

Gene Expression 

dataset 

 

BNT162b2 

vaccine 
RF 66.32% 

Koul et al. 

(2020) 

[26]  

Leukemia gene 

expression dataset 
Cancer 

Linear SVM 99 % 

Logistic 

Regression 
96 % 

Chen et al. 

(2020)[27] 

GEO database under 

accession number 

GSE161731 

COVID-19 

DT 86.7 

KNN 88.2 

RF 92.3 

SVM 93.8 

Ahlawat et 

al. (2020) 

[28] 

Gene expression 

TCGA dataset 
33 cancer types 

1D-CNN 95.5 

2D-Vanilla CNN 94.87 

2D Hybrid-CNN 95.7 

1.8. Thesis Outline 

 The present thesis comprises five primary chapters, with the current section 

serving as Chapter 1. The remaining part of this work is organized as follows: 

▪ Chapter 2: This chapter dives into the history and evolution of vaccines. 

The role of antibodies in immunity and vaccination efficiency is also 

investigated, as are genetic factors that influence vaccine response and 

general immune system function. Furthermore, this paper gives a full 

overview of machine learning deep learning approaches used in vaccination 

research for better understanding and insight creation in the future in order 

to design efficient immunization programs. 

▪ Chapter 3: This chapter describes the study's design and methodology for 

data collection, as well as the strategies used to prepare and refine obtained 

data. The process of selecting or modifying certain features prior to 

modeling. Machine learning approaches and deep learning algorithms are 

being implemented. 
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▪ Chapter 4: The presentation of results and the explanation of numerical 

data, Evaluation of both machine learning and deep learning models, 

comparison of their successes, and discussion of the ramifications of these 

results. 

▪ Chapter 5: Outlines the key findings of the study, including their relevance 

to the discipline and prospective applications. It also discusses any 

limitations in this study and makes recommendations for further research. 
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2.1. Introduction 

This chapter discusses vaccines in terms of antibody response and genetic 

immunity. It discusses many biological concepts, such as gene expression and data 

representation using microarray technology, while also offering datasets to support the 

presented themes. Furthermore, this chapter provides a literary background on 

machine learning ideas such as data pre-processing procedures, feature selection 

methods, and both classic and deep learning models. 

2.2. Biological Concepts 

This section elucidates fundamental biological principles that underpin the 

generation of the data utilized, encompassing gene expression and microarray 

technology. 

2.2.1. Vaccines 

Immunization effectively controls communicable illnesses. It trains the immune 

system to fight certain illnesses. Antibodies, which neutralize infections, are produced 

by vaccines. Vaccination also activates T-cells and innate cells, which fight pathogens 

[29] . Vaccine antibody responses depend on vaccine kind, delivery method, and 

genetics. Live attenuated vaccines have stronger and longer-lasting antibody 

responses than inactivated ones, and injections may produce bigger responses than 

oral delivery [30]. Some people with specific gene variants coding for components 

like HLAs may have lower efficacy when vaccinated against certain diseases [31]. 

Vaccines produce antibody and genetic immune responses. Mobilizing 

immune-related genes may alter immune cell protein expression. Vaccination may 

increase gene transcription for cytokine production [32]. Vaccines protect people and 

society from hazardous illnesses. Vaccine-induced immune responses vary, but their 

public health value is undeniable [33]. 

 

 



 

Chapter Two                                                  Theoretical Background 
 

 

 

14 
 

 

 

2.2.1.1. BNT162b2 Vaccine 

The BNT162b2 vaccine, which was developed by Pfizer-BioNTech, has 

emerged as a crucial asset in the global battle against the Covid-19 pandemic. The 

mRNA-based vaccine employs an innovative strategy to induce an immune response 

against the SARS-CoV-2 virus. BNT162b2 comprises messenger RNA (mRNA) that 

encodes the spike protein, which is found on the viral surface. Upon administration, 

the vaccine elicits cellular production of the spike protein, thereby inducing the 

immune system to identify it as an exogenous entity and initiate a defensive reaction. 

This encompasses the production of neutralizing antibodies and the stimulation of T 

cells in order to counteract potential infections [34], [35]. 

 

Extensive clinical trials have been conducted to evaluate the safety and efficacy 

of the BNT162b2 vaccine. The findings from extensive trials have revealed the notable 

effectiveness of the intervention in mitigating the occurrence of Covid-19 infection, 

severe illness, and the need for hospitalization. The vaccine has demonstrated efficacy 

in various age cohorts and ethnic populations, indicating its capacity to provide 

comprehensive immunity against the virus. The adverse effects associated with 

BNT162b2 are predominantly mild in nature, encompassing localized reactions at the 

site of injection as well as transient flu-like symptoms. The effective implementation 

of BNT162b2 in global vaccination initiatives has been instrumental in containing the 

transmission of Covid-19 and minimizing its consequences on the well-being of the 

general population. 

2.2.1.2. ChAdOx1 Vaccine 

The ChAdOx1 vaccine, which was collaboratively developed by the University 

of Oxford and AstraZeneca, has emerged as a prominent contender in the worldwide 

endeavor to mitigate the impact of the Covid-19 pandemic. The viral vector vaccine 

under consideration employs a non-replicating chimpanzee adenovirus, specifically 

ChAdOx1, as a vector for the purpose of delivering genetic material that encodes the 
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spike protein of the SARS-CoV-2 virus. Upon administration, the vaccine's vector 

infiltrates cellular structures, thereby inducing the synthesis of the spike protein and 

subsequently initiating an immune reaction [36], [37]. 

 

The efficacy of the ChAdOx1 vaccine has demonstrated promising outcomes in 

various clinical trials. The efficacy of the vaccine was found to be significant in 

providing protection against Covid-19, resulting in a notable decrease in the likelihood 

of experiencing severe illness and requiring hospitalization. Moreover, the safety 

profile of the ChAdOx1 vaccine is generally positive, as it is associated with 

predominantly mild and temporary adverse effects, primarily occurring at the site of 

injection or manifesting as mild flu-like symptoms. One of the prominent benefits 

associated with the ChAdOx1 vaccine is its convenient distribution and storage 

characteristics, as it can be maintained at standard refrigerator temperatures. The 

aforementioned attribute has rendered it a valuable instrument in vaccination 

initiatives, particularly in settings with limited resources. 

 

2.2.2. Gene Expression 

The expression of genes, which produces required proteins, is a fundamental 

process that defines the physical components of living beings. Transcription and 

translation are the first two steps in this process, which use enzymes to carry 

information from DNA to RNA, culminating in the production of proteins and other 

biological substances. One way for measuring gene expression from DNA or RNA is 

to use a DNA microarray [38]. 

Genes are the primary genetic building blocks responsible for encoding certain 

cellular proteins and RNA. These genes are DNA segments that contain critical 

genetic information required for life processes [39]. Protein synthesis is broadly 

acknowledged in molecular biology, with two critical steps depicted in Figure (2.1). 
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Figure (2.1): Dogma Central to Molecular Biology[39]. 

Ribosomes serve an important role in gene expression by decoding information 

from mRNA through translation, which leads to protein production. This intricate 

process has two unique stages and is essential for scholarly understanding of cellular 

biology [40]. 

2.2.3. Microarray Technology 

Because of its ability to evaluate hundreds or even thousands of genes in a 

single sample, microarray technology, also known as DNA chip, has been widely used 

in global gene expression research. This method is distinguished by its tiny sample 

size and ability to generate a large number of features using an incomplete rank and 

non-square matrix. As a result, while developing classifiers, this can result in many 

solutions [41]. 

The microarray technique, which allows biomedical researchers to examine 

the expression levels of thousands of genes at once, is one of the most recent 

discoveries in experimental molecular biology. Using microarray technology, several 

hundred data points are typically saved for each gene. The processed data from these 

images is represented in a gene expression matrix, which has rows expressing different 

genes and columns denoting the conditions under which they were evaluated [42]. 

The structure of the gene expression matrix, as illustrated in Figure (2.2), 

allows researchers to extract vital information about how certain genetic expressions 

present themselves under different settings, making it a potent instrument for 

academic investigation within genetics and beyond [43]. 
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Figure (2.2): Gene Expression Matrix Structure [44]. 

 

2.3. Data Preprocessing 

The initial and critical phase of data preparation is critical to the building of an 

accurate and efficient ML model. This essential phase entails arranging data so that it 

may be analyzed more effectively. Its importance to the model's overall performance 

cannot be overstated. The primary goals of this stage include, but are not limited to, 

reducing extraneous data, identifying and managing correlations within the dataset, 

standardization procedures aimed at ensuring uniformity across variables, all while 

simultaneously striving for effective feature extraction methodologies - which may 

also include addressing missing values with normalization technology [45], [46]. 

2.3.1. Missing values 

Missing values in data can be caused by a variety of sources, including human or 

machine processing errors, non-response to survey questions, and merging unrelated 

data. These missing values can cause problems such as decreased performance, 

skewed findings due to variations between complete and partial datasets [47], and the 

removal of particular features from machine learning models due to a lack of available 

information. To address these concerns, depending on the quantity of missing 
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information, several interruption techniques may be used, common options include 

using mean [48]. 

  μ =
∑ ,𝑋𝑖

𝑛
𝑖=1

𝑛
                                     (2.1) 

Where: 

μ is the mean of feature "X." 

Xi is the value of feature "X" for the ith data point (sample). 

n is the total number of data points with non-missing values in feature "X." 

 

2.3.2. Data Normalization: 

 Data normalization is commonly regarded as the first stage in the processing of 

a dataset. This procedure is carried out before to using the data, for example, to change 

the range of values either upwards or downwards. Normalization is beneficial and 

effective when dealing with classification and regression challenges in datasets by 

changing characteristic values into more constrained ranges [49]. 

Min-max normalization is a common data scaling technique that converts 

variable values into a range between 0 and 1. This normalizing method comes in handy 

when you need to compare variables with different scales or ranges. The min-max 

normalization formula entails computing the difference between an initial value (X) 

and its smallest value (X_min), then dividing that difference by the difference between 

X_max (the variable's maximum value) and X_min. Using this method, you can 

retrieve normalized values for each variable in your dataset that falls inside the defined 

range [50], [51]. 

X_new = (X - X_min) / (X_max - X_min) (2.2) 

 

To do min-max normalization on a given dataset, first identify the minimum and 

maximum values for each variable in the collection. Once decided, employ these 
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derived metrics in conjunction with the aforementioned equations to turn each 

individual point into the normalized format, resulting in uniformity across datasets 

being compared [50]. 

  

2.4. Feature Selection Methods 

 

A dataset is made up of data pieces that can be points, patterns, events, cases, 

samples, examples, or characteristics. As a result, these data objects are often identified 

by many properties that encompass an object's fundamental qualities, such as its mass 

and time of occurrence, among others. A feature may represent a detectable and 

measurable property, or it may be an intrinsic component of the underlying 

phenomenon [8]. The main issue with microarray data in bioinformatics is the "curse 

of dimensionality problem" that prevents significant insights from being extracted. 

Thus, identifying a gene group from such datasets is difficult. Due to a large gene pool 

and few samples, running ML models on microarrays takes time [52]. 

Feature selection involves selecting dataset characteristics that best describe the 

goal variable. It aims to improve computer efficiency, generalization, and machine 

learning problem interpretation. Features are selected using three methods, including 

filters. Filter methods prioritize statistical quality over machine learning. Information 

gain, mutual information, chi-square, and correlation coefficient are common 

measurements. Using feature subsets, wrapper-based methods evaluate machine 

learning algorithms. Based on the model's prediction ability, they select features using 

forward selection, backward elimination, or recursive feature removal. Model training 

uses feature selection and embedding[53]. Microarray data analysis uses feature 

selection mostly because biology and computer science/statistics use it. Feature 

selection identifies genes from microarray data that distinguish healthy and diseased 

individuals to help identify relevant genes [10]. 

Understanding a fundamental biological process necessitates a critical phase in 

which computational and statistical constraints associated with small sample sizes for 
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each feature are addressed. This field's expert’s focus on fixing issues linked to 

overfitting, redundancy, and data noise. Trait selection approaches are used to reduce 

illogical features and improve classification accuracy by lowering the number of genes 

involved [54]. 

 

2.4.1. Mutual Information (MI) Method 

 Mutual Information is a statistical procedure that is used to determine the 

relationship between two random variables. It computes the quantity of information 

provided by one variable regarding the other variable. The information for one variable 

in relation to others in order to find mutual information must be calculated. Mutual 

information can be used to determine how well a subset of features covers the output 

vector. Consider (X) to be a gene and (Y) to be a category label. Set entropy is 

calculated using H(X) and H(Y), which may be represented using equations (2.3), (2.4), 

and (2.5), respectively [26], [44]. 

H(X) = - ∑x ∈X 𝑃(𝑥) 𝑙𝑜𝑔 (P(𝑥)) (2.3) 

                                    𝐻(Y) = - ∑y ∈Y 𝑃(y) 𝑙𝑜𝑔 (P(y))     (2.4) 

 

H(X, Y) =  ∑x ∈X ∑y ∈Y 𝑃(𝑥,y) 𝑙𝑜𝑔 (𝑥,y) (2.5) 

Where P(x) and P(y) represent the probability of (x) and (y) respectively, P (x, y) 

represents the joint probability of (x) and (y) values occurring together .Mutual 

information (M(X, Y)) may be computed when the entropies have been determined 

as: 

𝑀(𝑋, 𝑌)  =  𝐻(𝑋) +  𝐻(𝑌)  −  𝐻(𝑋, 𝑌) (2.6) 

Where 𝐻(X, Y) is the joint entropy of Y given X. Using mutual information for gene 

expression analysis with machine learning can be a powerful tool to select relevant 

features and accurately classify samples. By applying mutual information feature 

selection in gene expression analysis, the relationship between genes and categories 

and identify which sets of genes have strong predictive power for a particular category 

label can be determined. 
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Algorithm (2.1) illustrates the details of the mutual information process. As a 

result, MI can be used to focus on X, Y, the subset of attributes that are most likely to 

be reduced, while simultaneously improving the relevant data H (X, Y). Finally, this 

contributes to understanding how machine learning models represent the underlying 

relationships in the original dataset [55], [56] 

 

2.4.2. Analysis of Variance (ANOVA) Method 

 

 The statistical process known as analysis of variance (ANOVA) is used to 

compare the various mean values of the dataset and determine whether there are any 

significant differences between the means of different groups (classes). The extent to 

which variation differs within and between groups is being investigated. The following 

Algorithm (2.1): Mutual Information [44] 

Input: D - a two-dimensional array with S samples and F features. 

Output: SD - a subset of data containing the features with the highest mutual 

information values. 

Begin 

Step1. Initialize an empty set called features_subset. 

Step 2. For each feature F[𝒊] from 1 to the total number of features F: 

- For each class label C [𝒊]  from 1 to the total number of classes C: 

o Calculate the mutual information between feature F[𝒊] and class 

label C[𝒊] based on the equations in section (2.4.1). 

- End of the inner loop. 

- End of the outer loop. 

Step 3. Select the features F[𝒊] with the maximum mutual information (F[𝒊], 

C[𝒊] ). 

Step 4. Sort the selected features in descending order based on their mutual 

information values. 

Step 5. Store the sorted features in the subset of data SD. 

 End 
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equations are for computing the sum of squares and the mean square error across and 

within groups. These calculations will eventually be utilized to compute the F-statistic, 

which is the ANOVA statistic [57], [58]. There are three types of ANOVA: one-way, 

two-way, and repeated measures ANOVA. One-way ANOVA has only one 

independent variable, whereas two-way ANOVA has two independent variables, as 

illustrated in [59], [60]. The group variation is calculated using Eq. (2.6) and Eq. (2.7): 

1. The variation between the groups is calculated as: 

       Sum of squares between the groups  

        
𝑆𝑆B = ∑ ni (𝑥 𝑖 − 𝑥¯ ) ²     (2.6) 

     Mean square between groups 

 

                                       𝑀𝑆B = 𝑆𝑆B/𝑑𝑓 (2.7) 

Where: 

𝑑𝑓 is the degree of freedom, 𝑑𝑓 = (K−1), k is the total number of groups and ni is the 

number of samples in group i, 𝑥 𝑖. Is the mean of group i, 𝑥̅ is the grand mean (mean 

combined for all groups). 

2. The Variation within each group can be calculated by using equations (2.8) and 

(2.9). 

     Sum of squares within groups  

 

𝑆𝑆𝑊 = ∑ (n𝑖 − 1) 𝜎i² (2.8) 

   𝑚𝑒𝑎𝑛 𝑠𝑞𝑢𝑎𝑟𝑒𝑠 within groups 

  
                                     𝑀𝑆W = 𝑆𝑆𝑊 /𝑑 𝑓𝑤 (2.9) 

Where: 

 σ is the standard deviation. df𝑤 is the degree of freedom within groups. 

 df𝑤= (N−K), and N is the number of samples. 

 The ANOVA-derived F-statistic is utilized for establishing the statistical 
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significance of inter-group variances as presented in Algorithm (2.2). In case the 

computed F-value exceeds a critical threshold, it implies that notable variations exist 

among groups[58]. The formula for determining the F-statistic is given in Equation 

(2.10).   

 F-statistic is calculated as   :           

                              𝐹 = 𝑀𝑆𝐵/𝑀𝑆𝑊 (2.10) 

         

  Algorithm(2.2): Analysis of Variance Method [58] 

Input: D - a two-dimensional array of size S * F, where S is the number of samples 

and F is the number of features. 

Output: SD - a subset of the data. 

Begin 

Step 1: For each feature f𝒊: 

- Calculate the between-group mean square (𝑀𝑆B) using equation(2.6). 

- Calculate the within-group mean square (𝑀𝑆𝑊) using equation(2.8). 

- Calculate the F-value (𝑭𝒊) by dividing 𝑀𝑆B by 𝑀𝑆𝑊. 

- Find the corresponding p-value (pi) for each F-value. 

 

Step 2: For each feature set f𝒊: 

     - If the p-value (pi) is less than 0.001: 

          - Choose the feature, named fc𝒊. 

     - Else: 

          - Cancel the feature. 

 End  

2.4.3. Chi-square ( χ2 ) Method 

The chi-square (χ2) test is a statistical approach that analyzes observed and 

predicted data to see if there is any significant deviation. It is widely used in the 

analysis of categorical data, such as survey results or medical trial findings. The chi-

square test statistic is calculated using Equation (2.11) [61]: 
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       𝑥2 = ∑  

𝐾

𝑖=0

(𝑂𝑖 − 𝐸𝑖)2

𝐸𝑖
 (2.11) 

Where: 
χ2: is the chi-square 
𝑂𝑖: is the observed value that has been measured in the ith class. 

𝐸𝑖: is the expected value. 

k:is the total amount of classes . 

 

To carry out the investigation, an estimate of expected frequency for each 

category is produced based on either a hypothesis or a null hypothesis. The latter phrase 

implies that there is no discernible difference between gathered data and expected 

figures, but the former implies otherwise [61]. A test statistic is then calculated by 

Algorithm (2.3): Chi-square Method [61] 

Input: D - a two-dimensional array of size S * F, where S is the number of samples and F 

is the number of features. 

Output: SD - a subset of data containing features with the highest Chi-square values. 

Begin 

Step 1:For each sample i = 1 to S: 

- For each feature j = 1 to F: 

Calculate the Chi-square value between feature F[𝒊] and class label C[𝒊] 

using  the equation (2.11). 

- End the loop for feature j. 

- End the loop for sample i. 

Step 2:Select the features F[𝒊] with the maximum Chi-square value (F[𝒊] ,C[𝒊]). 

Step 3.:Return the selected features of Chi-square values. 

End 
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adding the squared differences between observed and predicted frequencies; this total 

is then divided by the expected frequency per category, yielding a value of 2. As a 

result, if the figure is significant, it reveals a significant discrepancy between actual 

observations and expected outcomes, causing us to reject our null hypothesis as 

provided in Algorithm (2.3). The degree of freedom (df) of the test can be calculated 

by subtracting one from the number of categories [62], [63]. 

2.5. Machine Learning Techniques 

Machine learning is a branch of AI that handles a wide range of issues. To tackle 

these challenges, several algorithms have been created. Machine learning 

advancements have enabled complex and high-capacity biomedical data to be 

computationally assessed, making machine learning models more practical in the 

medical business.  

2.5.1. Adaboost Model 

Adaboost, short for Adaptive Boosting, is a common ensemble learning method 

for classification and regression problems in machine learning. The Adaboost method 

entails combining numerous weak models to form a powerful combined model. 

Adaboost's main principle is to train weak learners iteratively on different subsets of 

the training data, with each iteration providing more weight to samples that were 

misclassified in the prior iteration. As a result, following weak learners focus more on 

challenging examples and learn to correct prior models' mistakes. The final ensemble 

model is built by merging all of the weak learners' predictions, often via a weighted 

majority vote [64]. The weak models are often low-accuracy decision trees, but the 

ensemble of these models reaches a higher level of accuracy. The Adaboost approach 

works by increasing the weight assigned to misclassified samples in each round of 

training, so that the succeeding weak model focuses on accurately classifying the 

misclassified examples from previous rounds. Adaboost entails the following phases 

in terms of equations and algorithms: 
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The Adaboost method produces an accurate and robust model capable of correctly 

predicting the labels of incoming input samples [65].  

2.5.2. Random Forest (RF) 

 Random Forest (RF) is a popular classification strategy that uses a combination 

of decision trees to improve prediction precision and robustness. This adaptable 

technique is suitable for both regression and classification challenges. The basic idea 

behind Random Forest is to build several decision trees by randomly selecting subsets 

of characteristics and training samples for each tree. Following that, the final 

anticipated outcome is generated by aggregating all outputs from all trees in the forest 

ensemble[66], [67].  

 In the realm of machine learning, Random Forest (RF) is a popular ensemble 

Algorithm (2.4):  Adaboost Algorithm [64] 

Input:  Training set consisting of features and corresponding labels. 

Number of weak models (T). 

Output:  Ensemble model consisting of T weak models.  

Begin 

Step 1: Initialize the weights of the training instances to be equal. 

Step 2:For t = 1 to T: 

- Train a weak learner on the weighted training instances. 

- Calculate the error rate of the weak learner. 

- Update the weights of the training instances, giving more weight to 

instances that were misclassified by the weak learner. 

Step 3: Make the final prediction by combining the predictions of the weak 

learners.  

End 
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learning approach used for categorization problems. This technique works to improve 

upon the accuracy and reliability of predictions made by individual models by 

combining the results of several decision trees. RF's exceptional feature selection 

capabilities is what sets it apart from competing algorithms. Feature selection involves 

determining which variables are most important to the correctness of the model [68]. 

 When using feature selection techniques like Select From Model with random 

forests, the "get_ support" function is often available as part of the resulting feature 

selector object or model. This function returns a Boolean vector where each element 

represents whether a particular feature is selected (True) or not selected (False) by the 

feature selection method in combination with the random forests algorithm By using 

the "get_ support" function, can access the Boolean vector and identify which features 

have been selected as important or relevant for the given feature selection approach. 

This allows you to filter or subset your original feature set, keeping only the selected 

features for further analysis or modeling [69] . Random Forest has grown in popularity 

due to its capacity to handle high-dimensional data, estimate feature importance, and 

avoid overfitting. The Random Forest algorithm's major properties and phases are as 

follows [70]: 
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For classification, the final prediction is determined by majority voting among the 

trees technique for classification tasks see Figure (2.3).  

Algorithm (2.5):   Random Forest  Algorithm [70] 

Input:   Training dataset D with S samples and F features. 

             Number of trees N in the Random Forest ensemble.  

Output:   Random Forest classifier model with N decision trees. 

Begin 

Step1: For i= 1 to N: 

a. Randomly select B samples with replacement from the training dataset 

D to form a bootstrap sample D[i]. 

b. Randomly select M features from the F features to consider at each node 

for splitting. 

c. Build a decision tree T[i] using the bootstrap sample D[i] and the 

selected features. 

d. Store the decision tree T[i] in the Random Forest ensemble. 

End for 

Step2: For each sample in the test dataset: 

a. For each decision tree T[i]  in the Random Forest ensemble: 

i. Traverse the decision tree T[i]  based on the selected features for 

that tree. 

ii. Assign the sample to the corresponding leaf node in T[i] . 

End for 

b. Record the predicted class for the sample based on majority voting 

among the decision trees. 

End .  
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Figure (2.3): Architecture of the random forest classifier [71] 

2.5.3. Logistic Regression (LR) 

 The logistic regression (LR) model is a suitable statistical method for 

addressing binary classification tasks. This classifier uses probability scores as the 

predicted values of the dependent variable to examine the relationship between a 

dichotomous dependent variable and one or more (categorical or continuous) 

independent variables. There is no requirement for the independent variables to have 

a normal distribution, linearity, or variance homogeneity[72]. 

Logistic Regression (LR) is a well-known statistical learning approach that is 

commonly used for binary classification applications. Despite its name, logistic 

regression is more commonly used for classification than regression. It simulates the 

interaction of a set of input variables (features) and a binary result variable. The 

Logistic Regression algorithm is comprised of the following Function [73], [74]: 

1. Sigmoid Function: Logistic Regression uses the sigmoid function (also known 

as the logistic function) to transform the linear combination of input features into 

a probability value between 0 and 1. The sigmoid function maps any real-valued 

number to the range [0, 1] and is defined as: 
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𝜎(𝑧)  =  1 / (1 +  𝑒(−𝑧)) (2.12) 

 

   where z is the linear combination of input features and their corresponding weights. 

2. Hypothesis Function: The hypothesis function of Logistic Regression calculates 

the predicted probability of the positive class (e.g., class 1) based on the input 

features and their associated weights. It is formulated as: 

ℎ𝜃(𝑥)  =  𝜎(𝜃𝑇 ∗ 𝑥)     (2.13) 

                

   Where hθ(x) is the predicted probability, σ is the sigmoid function, θ is the weight 

vector, and x represents the input features. 

3. Cost Function and Gradient Descent: The cost function, also known as the log 

loss or binary cross-entropy loss, is used to measure the difference between the 

predicted probabilities and the true labels. The goal is to minimize the cost function 

using optimization algorithms such as gradient descent. 

4. Decision Boundary: A decision boundary in binary classification is set by a 

threshold value on the projected probability. If the anticipated probability is greater 

than the threshold, the instance is categorized as positive; otherwise, it is classified 

as negative. 

Using the sigmoid-shaped logistic function, each weighted feature vector is assigned 

a value between 0 and 1[67]. LR can assess the likelihood of an occurrence by fitting 

the data to a logistic curve, as shown in Figure (2.4). 
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Figure (2.4): Method of LR's Logistic Curve[67]. 

2.6. Deep Learning (DL) 

To enable robots to learn new information on their own, researchers have 

resorted to a new subject known as "deep learning," which tries to develop theories 

and algorithms that mimic human neural networks. Deep learning is a type of 

machine learning that was developed first as an artificial intelligence (AI) technique 

to replicate how humans learn in a certain domain [75].Because each layer of a deep 

learning algorithm builds on the one below it, the phrase "hierarchical learning" 

defines how these algorithms are structured. Most existing machine learning 

algorithms are expected to have a linear structure. In 2007, deep learning was first 

introduced [76]. Deep learning is a cutting-edge machine learning technique that 

bridges the gap between traditional ML and artificial intelligence. Deep learning has 

numerous applications, including but not limited to object detection, speech 

recognition, and even medicine [77]. 

Deep learning was developed to overcome the limitations of human 

intelligence in AI problem solving. Deep neural networks outperform shallow ML 

methods in most applications involving the processing of text, image, video, speech, 

and audio data, making DL particularly effective in many domains with enormous, 
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high-dimensional data. The rapid advancement of ML algorithms and processing is 

one reason for deep learning's appeal [78], [79].  

 

2.6.1. Deep Neural Networks (DNN) 

A deep neural network (DNN) is an artificial neural network with multiple 

hidden layers. MLP is the most common Artificial Neural Networks (ANN) 

structure in DNN. Neurons in a neural network are linked and collaborate across 

multiple layers. Because the number of weights in a DNN is enormous, sometimes 

in the hundreds or millions, training the samples necessitates a considerable 

investment in computational labor and data sources. The Convolutional Neural 

Network (CNN) and the Recurrent Neural Network (RNN) are two of the most well-

known and powerful deep learning network topologies. Numerous improvements in 

the last decade have made it possible to train such a network [80], [81]. 

The multilayered organization of the nervous system reflects its complexity, as 

shown in Figure (2.5). 

 

 

 

Figure (2.5): Structure of a deep neural network [82] 
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2.6.2. Types of Learning Algorithms 

In many ways, deep learning is critical to human survival. It has had a 

significant impact on a variety of sectors, including illness detection, precision 

medicine, and voice recognition. Feature extraction from big datasets, for example. 

Furthermore, DL learning can help overcome the constraints of shallow networks. 

Deep neural networks (DNNs) achieve their jobs by utilizing complicated 

algorithms and designs comprised of numerous (deep) layers of modules [83], [84]. 

Some of the most popular deep learning algorithms are listed in Figure (2.6). 

 

Figure (2.6): Deep Learning Algorithms [85] . 

These methods are crucial in deep learning since they can be applied to almost 

any data type and require a lot of data and computer power to solve a variety of 

challenging tasks. 

 

2.6.3. Convolutional Neural Network (CNN) 

The convolutional neural network (CNN) is a typical type of deep neural 

network used in machine vision. The Convolutional Neural Network (CNN) is a 

deep learning technology that attempts to imitate how the human brain operates 

[86]. It belongs to the feed-forward network class of artificial neural networks. 

Convolutional neural networks (CNNs) networks are similar to multi-layer 
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networks (Perceptrons) in that they can merge several networks with local 

connections into a single, unified network. In addition to increased accuracy in 

automated diagnostic systems, CNN also offers promise in the domain of disease 

prediction. CNNs have gained popularity in the AI community as a result of their 

tremendous data-processing capacity [87]. 

In a convolutional neural network (CNN), the output of each layer is used as 

input for the next layer. The network is comprised of an input layer and an output 

layer. The network's hidden layers are located between the input and output nodes. 

Every "layer" consists of only one "activation function" program. Overall, the CNN 

model improved prediction accuracy by emphasizing more complex interactions 

between genes and the target set [88]. 

 

2.6.3.1. Components of CNN Architecture 

 

 Convolutional neural networks can be trained to mimic human cognitive 

abilities. The ability to predict future outcomes is a significant benefit of this 

network. A typical CNN has two main parts: the Feature extraction and the classifier 

[89]: 

 

A) Feature Extractor 

 

The initial step in the data processing pipeline for a CNN is feature extraction 

and the generation of a feature map. In CNN, each of the various filters has a 

distinct purpose. Because of this, many different types of feature maps were 

created, each of which stands for a different group of filters. The output of the 

features extraction method is a low-dimensional features vector that is given 

into a classifier. Multiple layers make up the feature extractor (multiple 

convolution layers with optional pooling layers). To create feature maps, a 

convolution layer is used to combine the input and filter before being reduced 

in a pooling layer. In order to extract increasingly complex features, the system 
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is iterated by feeding the output feature maps back into the system as input 

feature maps. Finally, a low-dimensional feature vector is created by flattening 

the reduced-dimensional feature maps[90]. 

 

B) Classifier 

 

The best features from each of the retrieved feature maps are then combined into 

a single low-dimensional feature vector for use in training a classifier. The 

classifier will report the likelihood of an input belonging to a specific class. To 

do this, a classifier composed of one or more completely linked layers is used 

[90]. 

2.6.3.2. CNN Architecture 

 A CNN's input layer, which reflects the model's input (the features that were 

intentionally picked), can be any size without affecting the network as a whole. 

When processing gene expression data using a convolutional neural network 

(CNN), the input layer is typically a (n m)-by-(m) matrix, where n is the sample size 

and m is the number of features [91], [92]. Figure (2.7) illustrates the several layers 

that make up a neural network. Specifically, they are as follows: 

1. Convolutional layer. 

2. Pooling Layer. 

3. Fully Connected Layer. 

4. Non-Linearity Layers  

5. Dropout Layer 

6. Adam Optimization Algorithm 

 

 



 

Chapter Two                                                  Theoretical Background 
 

 

 

36 
 

 

 
 

Figure (2.7): A simplified representation of a convolutional neural network 

(CNN)[93]. 

1) Convolutional layer 

 

The convolution layer, which can handle high-dimensional data, is the 

backbone of a convolutional neural network (CNN). The first layer in a 

convolutional neural network is the convolution layer, which communicates 

with the second layer (the pooling layer) in part. The pooling layer, as shown 

in Figure (2.8), may be fed information from a 3x3 window of input neurons 

that incrementally travels over the data from top left to bottom right at regular 

intervals (the "stride" number, which is generally 1). When the kernel hits the 

end of a column, it shifts down one cell until it reaches the end of a row, and 

so on, until all of the information has been recorded [94]. 

 

Figure (2.8): Schematic diagram of the receptive field in CNNs[94]. 
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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  . Figure (2.9) depicts the convolution process. 

 
 

Figure (2.9): The Convolution Layer [95]. 

Many distinct filters are applied to a single entry. The activation maps are 

integrated in the convolutional layer to produce a single output file that serves 

as the input data for the succeeding layer. The values in the filter matrix are 

appropriately represented by the default weights. Each filter must have 

individual values for these parameters in order for its output matrices to have 

distinguishing characteristics or features [95]. 

Convolutional neural networks (CNNs) rely heavily on these hyperparameters: 

a) Number of filters: Filters can be used, and there are many to choose from, 

all of which have somewhat different dimensions. 

b) Filter size: An essential CNN hyperparameter is the filter size. It 

establishes the region of the input data that the filter examines (the 

receptive field). Careful consideration must be given to filter size selection 

to ensure that significant patterns are captured without the filter outgrowing 

the input data. 

c) Stride: Local receptive field of a filter is created by concurrently shifting 

a certain number of cells. A single cell can move in both horizontal and 
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vertical directions simultaneously. When the stride is too short, there will 

be overlap, and vice versa. 

d) Padding : Padding is a concept incorporated into the CNN architecture to 

help enhance accuracy. Padding is used to control how much the output of 

the convolutional layer is shrunk. 

The convolutional layer's feature map is substantially less in size than the 

input image. The resulting feature map prioritizes information closer to the 

map's centers over data near the map's boundaries. To protect the feature map 

from decreasing to a practical size, blank rows and columns are put at the 

image's borders. The following equations are used to calculate the size of the 

final feature map: The relationships between the feature map size, the kernel 

size, and the stride are defined in (2.14) and (2.15) [96]. 

Wnx = Wn−1x − FnxSnx + 1 (2.14) 

 

Wny = Wn−1y − FnySny + 1 
(2.15) 

 

where (Snx, Sny) is the stride size, (Fx, Fy) is the kernel size, and (Wnx, Wny) is the 

size of the output feature map. The layer index is denoted by n here. 

2) Pooling Layer. 

 

CNN's output is the outcome of a sequence of layers that mix convolutional 

processing with pooling. This layer's major function is to provide reduced-

dimensional output by compressing the input dimensions while retaining the most 

relevant details. In this layer, maximum and average pooling are utilized to reduce 

dimensionality. If maximum or average pooling [97] is used, the pooling layer 

receives an input feature map and pools its features into non-overlapping blocks, 

each of which returns a single value. Figure (2.10) depicts the best potential pooling. 
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Figure (2.10) : Max-Pooling Operation with a 4X4 block size [97]. 

 

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

 

The network's last layer is a completely connected layer (FC), also 

known as a dense layer. The layer is said to be fully linked when all of 

the neurons in the layer below are connected to all of the neurons in the 

layer above. The generated feature map must be flattened into a feature 

vector to complete the connection between the output layer and the 

previous layer. The final CNN layer utilizes either a softmax or sigmoid 

activation function to classify the learned data, and the number of 

neurons in the output layer is proportional to the number of classes. 

These activation algorithms improve multi-class and binary class 

classification performance, respectively [98]. The connection between 

finished feature maps and a completely connected layer is depicted 

graphically in Figure (2.11). 
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Figure (2.11): Connection Between convolution layer and Fully Connected 

Layer [ 9 9 ]  . 

 

4) Non-Linearity Layers  

To introduce non-linearity into the activation map, non-linearity layers are 

typically placed immediately after the convolutional layer. There is a vast 

range of possible non-linear operations; some of the most common ones are 

outlined below[85]. 

▪ Sigmoid: is the mathematical form for the sigmoid nonlinearity. A real 

number is then transformed into a floating-point value. 

f(x) = 1/1 + exp(-x) (2.16) 

 

▪ Rectified Linear Unit (ReLU): This function is found using the ReLU 

maximization formula f(x) =max (0, x). In other words, the threshold is 

initially set to zero before the activation is performed.  

▪ In contrast to a flat ReLU, the slope of an activation function known as 

a Leaky ReLU is just slightly negative. In Eq. (2.17), the formal 

definition of Leaky ReLU: 
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𝑓(𝑥)𝐿𝑒𝑎𝑘𝑦𝑅𝑒𝐿𝑈 =  {
𝑥 𝑖𝑓 𝑋 > 0

𝑚𝑥 𝑖𝑓 𝑥 ≤ 0
} (2.17) 

                   

 

▪ The softmax function operates on an input vector by exponentiating each 

element and then normalizing the resulting values through division by the 

sum of all exponential values. This normalization step ensures that the 

output values fall within a range of 0 to 1, while also ensuring their 

collective sum equals 1, thereby rendering them suitable for probabilistic 

representation. Mathematically speaking, one can express the formula for 

computing the softmax function as In Eq. (2.18): 

                           

𝑆𝑜𝑓𝑡𝑚𝑎𝑥(𝑥𝑖) =
𝑒𝑥𝑝( 𝑥𝑖)

𝛴𝑗 𝑒𝑥𝑝(𝑥𝑗)
 (2.18) 

 

Where  xi refers to an individual input value corresponding to a specific class.  

exp(xi) represents the result obtained from applying the exponential function to xi. 

The term sum(exp(xj)) denotes aggregation over all classes, measuring their 

respective exponential magnitudes. 

5) Dropout Layer   

 

Over fitting of the training dataset happens when all features are added to the fully 

connected layer. Over fitting occurs when a model performs exceptionally well on 

training data but fails to generalize to new data. To address this issue, a dropout 

layer is used during training to arbitrarily prune the network, deleting neurons and 

their connections [100]. Figure (2.12) depicts a dropout. 
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Figure ( 2.12) : Schematic comparison of (a) a regular neural 

network and (b) a neural network trained with Dropout[101] 

6) Adam Optimization Algorithm 

In contrast to stochastic gradient descent, Adam can make iterative changes to the 

network weights using only the training data. AdaGrad and RMS Prop are Adam's go-

to tools for solving sparse gradients in noisy environments. Adam automatically adjusts 

the rate of learning for each parameter to speed up convergence and improve 

performance. Adaptive learning rates for each parameter are calculated by averaging 

their prior gradient and squared values. These equations let Adam fine-tune each 

parameter's learning rate by estimating the gradient's momentum and variance over 

time. Last update iteration [102], [103]: 

   𝜃 =  𝜃 −  𝛼 ∗  𝑚 / (√𝑣 +  𝜀)                                                                                (2.19) 

    where the first and second moments are m and v, is the learning rate, and is a 

small constant to prevent division by zero. By dynamically modifying the learning rate 

of each parameter in response to its prior gradients, the Adam optimizer blends 

momentum-based optimization with adaptive learning rates to enhance the training of 

deep learning models[104].  
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2.7. Performance Evaluation  

In order to train a machine learning model to its full potential, evaluation metrics are 

crucial. As such, choosing appropriate assessment criteria is a crucial step in 

differentiating and achieving the best model [60]. 

 

2.7.1. Confusion Matrix  

Various metrics can be utilized to assess the effectiveness of specific classification 

algorithms from an academic standpoint. These include accuracy, f1-score, precision, 

and recall. The calculation of these measures is based on the computation of a 

confusion matrix - a table that summarizes the number of correctly or incorrectly 

predicted examples by a given classification model as depicted in Figure (2.13). Below 

are detailed descriptions for each value presented in this table[105]: 

1. True positive (TP) refers to the correctly classified positive instances. 

2. A false negative (FN) refers to instances where positive examples are 

inaccurately identified as negatives. 

3. A false positive (FP) refers to negative instances that are mistakenly forecasted 

and categorized. 

4. A true negative (TN) refers to instances that are correctly classified as negative 

by the model of classification. 

 

Figure (2.13): Confusion matrix [105]. 
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2.7.2 Performance Metrices 

A. Accuracy, or the degree to which a model is likely to accurately predict outcomes, 

is defined by the proportion of correct predictions relative to the total number of 

predictions, as shown in Eq. (2.20): 

𝐴𝑐𝑐𝑢𝑟𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 (2.20) 

 

B. Precision: refers to how accurately a group of documents describes its subject, and 

thus how precisely they were classified. Class ci, symbolized by the symbol (Pi), 

has an accuracy that can be quantified as follows, as shown in Eq. (2.21): 

𝑃𝑖 =  
𝑇𝑃𝑖

𝑇𝑃𝑖 + 𝐹𝑃𝑖
 (2.21) 

C. Recall measures how well a classifier can identify documents as belonging to a 

given class (as demonstrated by Eq. (2.22). Class ci recall (Ri) can be calculated 

using the formula: 

𝑅𝑖 =
𝑇𝑃𝑖

𝑇𝑃𝑖 + 𝐹𝑁𝑖
 

               

(2.22) 

In this case, 𝑇𝑃𝑖  points to a true-positive value. 𝐹𝑃𝑖  stands for false positives and 

𝐹𝑁𝑖  represents false negatives. 

D. F1 Measure: is the precision-recall synchronization rate. Overall system 

performance is good if 𝐹1 is high. Given Eq (2.23), the following is a description 

of 𝐹1: 

  

𝐹1 =
2 × 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑟𝑒𝑐𝑎𝑙𝑙

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑟𝑒𝑐𝑎𝑙𝑙
 (2.23) 
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3.1. Introduction 

 

This chapter elaborates on the main vision of this thesis. It proposes a system for 

classifying gene expression data using machine learning and deep learning 

techniques. Section 3.2 describes the proposed system's block diagram. Section 3.2.1 

illustrate dataset collection. Section 3.2.2 discusses the preparation steps for 

preparing the data for following phases. Then, during the feature selection stage, a 

subset of the total genes is chosen, as described in Section 3.2.3. Section 3.2.4 

follows with classification models for machine learning and deep learning model. 

Finally, Section 3.3 discusses the proposed system's evaluation methodology. 

3.2. The Proposed System Design 

To achieve the goal of building a system for assessing genetic immune response 

and antibodies using machine learning, a five-stage strategy is provided. Dataset 

collection, data preprocessing, feature selection, classifier model creation, and 

evaluation are the names given to these components. The first stage, data 

preprocessing, entails dealing with missing values and normalizing the 

"GSE201535" dataset. The proposed system's second stage involves feature 

selection using approaches such as Mutual Information, Chi-Square, and Analysis 

of Variance. This stage is in charge of restricting the scope from the initial set of 

genes to the genes that are most important to vaccinations. Feature selection 

approaches are used sequentially, in parallel, and in a hybrid fashion. The goal is to 

discover the subset of genes that have the strongest link with vaccinations by using 

these feature selection approaches in various ways (sequential, parallel, or hybrid). 

This step is critical for lowering the dimensionality of gene expression data as well 

as boosting the efficiency and effectiveness of future classification algorithms. The 

proposed system's third level includes machine learning and deep learning 

classification models such as Random Forests, ADABoost, and Logistic Regression. 

Finally, each model is graded based on its performance metrics. Figure 3.1 depicts a 

schematic illustration of the proposed system. Algorithm (3.1) shows the detailed 
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stages for the suggested system. 

 

. 

F
ig

u
re

 (
3

.1
):

 B
lo

ck
 D

ia
g

ra
m

 o
f 

th
e 

P
ro

p
o

se
d

 S
y
st

em
 



Chapter Three                                                                The Proposed System 
 

47 

 

Algorithm (3.1) :The Proposed System 

Input: Dataset D containing genetic information of individuals who 

received Covid-19 vaccines 

Output: Selected informative genes 

Stage 1. Dataset collected 

Stage 2. Preprocess the dataset: 

    Step 1.Normalize the data to ensure consistent scaling according to 

Eq(2.1). 

Step 2. Missing values using mean. 

 

Stage 3. Feature Selection: 

   Step 1. Perform Parallel Feature Selection: 

- Apply the (MI, ANOVA, CHI2) feature selection method to select 

informative genes according to Algorithm (2.1), (2.2) , and (2.3). 

- Store the selected genes in a subset of data (SD). 

 

   Step 2. Perform Sequential Feature Selection: 

- Apply sequential feature selection methods (e.g., 

MI_CHI2_ANOVA, MI_ANOVA_CHI2, CHI2_MI_ANOVA, 

CHI2_ANOVA_MI, ANOVA_MI_ CHI2, and ANOVA_ 

CHI2_MI) to identify relevant genes. 

- Store the selected genes in the SD. 

 

   Step 3. Perform Hybrid Feature Selection: 

- Combine feature selection methods (MI, ANOVA, CHI2) with 

Random Forest method (MI_RF, ANOVA_RF, CHI2_RF) to 

select informative genes. 

- Store the selected genes in the SD. 
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Stage 4. Machine Learning Classification: 

Step 1.  Split the SD into (70:30) training set TR and testing set TS. 

 

   Step 2 . Run one of the ML Algorithms listed below: 

1. Call Adaboost Algorithm (2.4) and evaluate the algorithm's 

performance. 

2. Call Random Forest Algorithm (2.5) and evaluate the algorithm's 

performance . 

3. Call Logistic Regression Algorithm using Eq. (2.12) and (2.13), 

then Evaluate the algorithm's performance.  

 

Stage 5. CNN Model: 

Step 1.  Build a Convolutional Neural Network (CNN) model. 

Step 2.  Train the model using TR. 

Step 3.  Evaluate the model's performance on TS. 

 

Stage 6. Evaluate and Compare Results: 

Step 1.  Compare the performance of the different feature selection 

approaches and machine learning models. 

Step 2.  Analyze the results to determine the effectiveness of each 

approach in identifying informative genes related to vaccine response. 

Step 3.  Return the selected genes from the feature selection steps. 

End 

 

 

3.2.1. Dataset 

The blood transcriptome data of 161 samples collected from the GEO 

database under registration number GSE201535 were analyzed in this work. 

Vaccinees are divided into two groups based on the dose of COVID-19 they 
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received, with group I receiving the first dose and group II receiving the second. 

Three subsets are provided within each group to represent different timepoints after 

vaccination. Subset I-D0 represents day zero following ChAdOx1 vaccination, 

subset I-D2-4 represents days two to four post-vaccination, and subset I-D7 

represents day seven post-vaccine. Similarly, subset II-D0 represents day zero after 

BNT162b2 injection, whereas subsets II-D1-4 and II-D7-10 correspond to days one 

through four and days seven through ten, respectively. 

 

3.2.2. Preprocessing Stage  

 

Preprocessing is an essential step to prepare data for suitability with machine 

learning models. In the proposed system, preprocessing includes two fundamental 

steps: handling missing values and normalization. 

3.2.2.1. Handling missing values:  

 The missing values are dealt with using a process called substitution, which 

involved replacing each one with a new value that was determined by calculating 

the mean of the gene column that is missing a value as in equation(2.1). 

3.2.2.2. The Normalization:  

 The min-max normalization strategy is used to normalize the values of all 

genes, according to Equation (2.2) provided in Chapter 2 in the section on 

Normalization. The numeric values of the genes in the dataset that are used as input 

to the machine learning models have all been normalized so that they fall between 

zero and one. This guarantees that the models can read the data correctly. The 

algorithm provides further information about the procedure. 
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3.2.3. Feature Selection Stage 

   Due to the high dimensionality of the embedded features in the dataset, 

feature selection is required to reduce dimensionality and pick the most relevant 

characteristics associated to vaccinations, resulting in high-performance 

classification models. The system seeks to determine a subset of attributes that 

have the strongest link with vaccines by employing feature selection algorithms in 

parallel, sequential, or hybrid fashions which is depicted in Figure (3.2). This 

technique aids in the elimination of irrelevant or redundant elements, the reduction 

of computational complexity, and the enhancement of the efficiency and 

effectiveness of the subsequent process.  

 

 
 

Figure (3.2): The Feature Selection Methods Parts. 
 
 

Individual feature selection approaches are employed during the parallel 

feature selection stage to construct a subset of features that will subsequently serve 

as inputs to the classification model. A feature selection method is used in the 

sequential feature selection context, resulting in a subset of features that forms the 

input for another feature selection method. Feature selection is carried out in 

several sequences and utilizing various feature selection methods, with the results 

of each sequence ultimately serving as inputs to classification models. Individual 
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feature selection approaches, such as the filtering approach, are utilized during the 

hybrid feature selection stage to build a subset of features that serve as inputs to 

the Random Forest algorithm, which is used as an embedding strategy. The 

selected features from this hybrid approach are then utilized as inputs in the 

classification model. 

3.2.3.1. Mutual Information Method 

Mutual Information (MI) is a popular feature selection metric in gene 

expression data classification. It establishes the statistical relationship or shared 

information between genes and class labels. The mutual information between each 

gene (feature) and the class labels is determined using the equation (2.5) shown 

in section (2.6.1) of chapter two, which shows the Mutual Information formula. 

The genes are then rated according to their mutual information scores, with higher 

scores indicating a stronger link between gene expression and class labels. It also 

chooses the best features based on a predefined criterion (percentage). Figure (3.3) 

depicts the mutual information strategy. 

3.2.3.2.  

 

 

 

 

 

 

 

 

 

Figure (3.3): The Mutual Information Feature Selection Process. 
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3.2.3.2. Analysis of Variance Method 

 

ANOVA is a statistical method for identifying advantages in genetic 

expression data. ANOVA identifies genes with significant expression differences 

between these groups. The ANOVA is calculated for each gene to evaluate genetic 

expression variation across groups. The F-Statistics Equation (2.10), which is 

mentioned in section (2.6.2) of Chapter 2, is used to rank the results of the ANOVA 

study. P- value is chosen less than 0,001 to choose the important features [58]. 

Genes with higher F-statistics show significant differences in expression levels 

across groups and are therefore more relevant for classification. Finally, the top-

ranking characteristics are chosen using a predetermined criterion. Figure (3.4) 

depicts the ANOVA approach. 

 

 

 

 

  

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

Figure (3.4): Block Diagram of Analysis of Variance Method. 
 

3.2.3.3. Chi-Square Method 

 

In gene expression data, the chi-square (2) test is used to examine the 
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statistical significance of the association between a feature (gene) and the target 

variable (class label). The chi-square test is applied to each gene using the equation 

(2.11) stated in Chapter 2 section (2.6.3). The gene is considered statistically 

significant if the estimated chi-square value for it exceeds the critical value. Genes 

are prioritized according to their chi-square statistics, with higher chi-square values 

deemed more informative and related to the target variable.  Finally, based on the 

predetermined criteria (%), the top-ranked characteristics are chosen, and the other 

genes are discarded from further research. As illustrated in Figure (3.5). 

 

 

 

 

 

 

 

 

 

 

 

 
 
 
 
 
 
 

Figure (3.5): Block Diagram of chi-square Method. 

 

3.2.3.4. Random Forest Method 

 

  The Random Forest machine learning method may effectively perform 

feature selection and classification tasks. Using the "get_ support" function, each 

feature in Random Forest is allocated a score based on its importance. This 

function returns an array of Boolean values, where True represents features with 

more importance than the mean importance and False represents the remaining 
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features. The Random Forest approach is depicted in Figure (3.6). 

 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure (3.6): Block Diagram of Random Forest Method. 

 

3.2.4. Machine Learning Classification Stage 

 

Machine learning models are used in this study for two different purposes: 

classification and feature selection, to identify the most important genes associated 

with vaccines. Three of the machine learning models, namely Random Forests, 

ADABoost, and the Logistic Regression Machines model, are utilized to achieve 

the classification of the gene dataset. Figure (3.7) displays the block design for 

machine learning classification models. 
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Figure (3.7): A block diagram of the machine learning classification models. 

 
3.2.4.1. Random Forest  

Each random forest tree independently predicts the class label for each test 

set instance according to Algorithm (2.5). To determine the instance's forecast, 

each tree "votes" for a class label. The instance's prognosis is determined by the 

most popular class label. Figure (3.8) shows a random forest classification model. 

Training Data 

False Result 

Train ML 

Algorithm 

Re-train 

Algorithm 

Prediction Correct 

Output 

Features 

Subset 

ML Algorithm  

[RF,ADA, LR] 



Chapter Three The Proposed System 

56 

 
 

 
 

 
  

Figure (3.8): Schematic representation of the Random Forest 

Classification Model. 

 

3.2.4.2. Logistic Regression  

 

To grade a gene's input, logistic regression employs a linear predictor 

function, applying the logistic function (also known as the sigmoid function) to 

this score yields the class likelihood of a gene. The logistic regression equation 

(2.12) and (2.13) uses input features and coefficients to represent this change. 

Logistic regression optimizes these coefficients iteratively to generate accurate 

predictions. Negative log-likelihood minimization (also known as the cross-

entropy loss) is a common loss function. Logistic regression identifies genes in 

feature space by modifying coefficients iteratively to minimize loss. Figure (3.9) 

shows a Logistic regression classification model. 



Chapter Three The Proposed System 

57 

 
 

 
 

  
Figure (3.9): Schematic representation of the Logistic Regression 

Classification Model. 

  

3.2.4.3. Adaboost 

On the original dataset, the AdaBoost meta-estimator trains a classifier. 

Following that, the classifier is trained many times on the same dataset, with 

updated weights for incorrectly classified cases. With this weight shift, classifiers 

can prioritize difficult instances according to Algorithm (2.4). Because the 

algorithm gives misclassified observations more weight, they have a better chance 

of being correctly classified in subsequent rounds. A Logistic regression 

classification model is depicted in Figure (3.10). 
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Figure (3.10): Schematic representation of the Adaboost 

Classification Model. 

 

3.2.5. Deep Learning Classification Stage 

  

 In the fast expanding and complicated field of deep learning, our suggested 

solution was meant to go above and beyond existing capabilities by leveraging 

more efficient and powerful algorithms while also improving feature extraction 

capabilities. The goal is to extract extraordinary levels of accuracy and insights 

from data that were previously unattainable without such cutting-edge tools. 

 

3.2.5.1. One-Dimensional Convolutional Neural Network (1D-CNN) Model 

 

 The CNN algorithm is introduced as a contribution to gene expression 

research. The training dataset is separated into 70% for training and 30% for testing 

to discover vaccine-related characteristics. The deep neural model is trained, and 

its performance is measured using four metrics of accuracy. 

 The experimental results on the gene expression dataset showed that the 

one-dimensional convolutional neural network (1D-CNN) model outperformed 

the other topologies investigated. The chosen input data considerably improved the 
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effectiveness of the chosen 1D-CNN model, yielding satisfactory results and better 

prediction performance. Figure (3.11) shows the structure of the CNN model that 

was used: 

 

 
Figure (3.11): 1D CNN classification model layers . 

 

The model being illustrated in Figure (3.11) is a Convolutional Neural 

Network (CNN) structure that has been specifically designed for a particular task, 

specifically focusing on extracting features related to the impact of vaccines. It 

consists of multiple layers, each with its own distinct function in the process of 

extracting features and performing classification.  

▪ The model originates with a sequence of convolutional layers, namely 

conv1d_1, conv1d_2, conv1d_3, and conv1d_4, which are tasked with 

identifying pertinent patterns and characteristics within the input data. The 

convolutional layers employ varying filter sizes and quantities of filters to 

extract a wide range of significant features from the input data. The 

convolutional layers in this study employ the Leaky Rectified Linear Unit 
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(Leaky ReLU) as the activation function. This choice of activation function 

introduces non-linearity to the output, thereby augmenting the model's 

ability to acquire intricate representations. 

 

▪ Following each convolutional layer, the feature maps undergo a series of 

max-pooling layers, specifically max_pooling1d_1, max_pooling1d_2, 

max_pooling1d_3, and max_pooling1d_4, in order to decrease the spatial 

dimensions of the feature maps. Max-pooling is a technique that facilitates 

the reduction of feature map dimensions while preserving the most salient 

information. This process enhances computational efficiency and mitigates 

the potential for overfitting within the model. 

 

▪ After the application of the convolutional and max-pooling layers, the 

subsequent layer, known as dense_1, is incorporated into the model 

architecture. This layer functions as a fully connected layer, consisting of 

128 units. The dense layer serves the purpose of further processing the 

features that have been extracted from the preceding layers, thereby 

enabling the acquisition of more sophisticated and abstract representations. 

 

▪ Subsequently, the model proceeds with the inclusion of supplementary 

convolutional layers, namely conv1d_5, conv1d_6, and conv1d_7, along 

with their corresponding max-pooling layers, denoted as max_pooling1d_5, 

max_pooling1d_6, and max_pooling1d_7. The purpose of these layers is to 

extract more intricate and abstract features from the data, thereby enhancing 

the model's capacity to detect complex patterns. 

 

▪ The dense_2 layer is an additional fully connected layer comprising 1024 

units, which serves to further enhance the acquired features and facilitate 

their utilization in the ultimate classification task. 



Chapter Three The Proposed System 

61 

 
 

 
 

 

▪ The model completes with the dense_3 layer, comprising 2 units that 

correspond to the output classes of the classification task. The softmax 

activation function is frequently employed in the final layer of a 

convolutional neural network (CNN) for the purpose of multi-class 

classification. This function transforms the raw output scores into 

probability distributions, thereby facilitating the interpretation and 

comparison of the model's predictions. 

 

The model contains a total of 3,828,792 parameters, all of which are trainable 

as shown in table (3.1). This implies that these parameters are adjusted during the 

training phase in order to optimize the model's performance for the specified task. 

The architecture of the model and the arrangement of its layers are designed with 

the objective of efficiently acquiring and representing the inherent patterns within 

the input data. This characteristic renders it a potent instrument for the particular 

classification task under consideration. 

 

Table (3.1): 1D CNN classification model layers. 

 

Layer (type) Output Shape Param # 

conv1d_1 (Conv1D) (None, 5271, 16) 64 

leaky_re_lu_1 (LeakyReLU) (None, 5271, 16) 0 

max_pooling1d_1 (MaxPooling1  ) (None, 5271, 16) 0 

conv1d_2 (Conv1D) (None, 5269, 32) 1568 

leaky_re_lu_2 (LeakyReLU) (None, 5269, 32) 0 

max_pooling1d_2 (MaxPooling1 ) (None, 5269, 32) 0 

conv1d_3 (Conv1D) (None, 5267, 32) 3104 

leaky_re_lu_3 (LeakyReLU) (None, 5267, 32) 0 

max_pooling1d_3 (MaxPooling1) (None, 5267, 32) 0 

conv1d_4 (Conv1D) (None, 5265, 128) 12416 
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leaky_re_lu_4 (LeakyReLU) (None, 5265, 128) 0 

leaky_re_lu_5 (LeakyReLU) (None, 5265, 128) 0 

max_pooling1d_4 (MaxPooling1 ) (None, 5265, 128) 0 

dense_1 (Dense) (None, 5265, 128) 16512 

conv1d_5 (Conv1D) (None, 5263, 256) 98560 

leaky_re_lu_6 (LeakyReLU) (None, 5263, 256) 0 

max_pooling1d_5 (MaxPooling1 ) (None, 5263, 256) 0 

conv1d_6 (Conv1D) (None, 5261, 512) 393728 

leaky_re_lu_7 (LeakyReLU) (None, 5261, 512) 0 

max_pooling1d_6 (MaxPooling1 ) (None, 5261, 512) 0 

conv1d_7 (Conv1D) (None, 5259, 1024) 1573888 

leaky_re_lu_8 (LeakyReLU) (None, 5259, 1024) 0 

max_pooling1d_7 (MaxPooling1 ) (None, 5259, 1024) 0 

dense_2 (Dense) (None, 5259, 1024) 1049600 

conv1d_8 (Conv1D) (None, 5257, 50) 153650 

flatten_1 (Flatten) (None, 262850)   0 

dense_3 (Dense) (None, 2) 525702 

Total params:  3,828,792 

 

 

3.3. Evaluation of the Proposed Stages 

 

The suggested system's final stage is model evaluation. This stage seeks to 

increase the assessment's reliability and is used to measure the success of the 

machine learning (ML) model and the Convolutional Neural Network (CNN). The 

test dataset is used to assess the model's performance quality. The performance of 

the model is assessed by training it on the gene expression dataset and then testing 

it on the same dataset. The proposed model performs several training iterations 

while maintaining rigorous loss and accuracy controls in the training and validation 

sets. After each iteration of the suggested model, the accuracy of the training and 

validation data is impacted.  
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Metrics such as accuracy, recall, precision, and loss function are calculated as in 

Eq.(2.19) Eq.(2.23) and play a significant role in confirming the validity of the 

conclusions and the reliability of the model used. 
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4.1 Introduction 

This chapter  outcomes and discussions of the proposed system are covered here. The 

primary purpose of this study was to evaluate how different vaccines alter the antibody 

response and genetic immune system using cutting-edge deep learning and machine 

learning approaches. The classification algorithms Adaboost, Random Forest, Logistic 

Regression, and Convolutional Neural Network (CNN) are used to investigate and make 

conclusions from the GSE201535 dataset. Three feature selection procedures to 

improve the models' prediction ability are used: sequential, parallel, and hybrid based 

on mutual information, ANOVA, and the CHI-squared test. The sections that follow 

present the thesis findings in great detail. 

 

4.2. The Proposed System Requirement 

The proposed system is coded in Python, specifically Python 3.6.5 with the essential 

Python libraries. The operating system is Windows 10 in 64-bit mode. The computing 

power is provided by an Intel Core i3 3120M processor running at 2.50 GHz. There is 4 

GB of RAM available.  

 
4.3. GSE201535 Dataset Description 

 

Data from people who have been immunized against various diseases are combined 

into the GSE201535 dataset [20], which may be accessed through the Gene Expression 

Omnibus (GEO) database at the National Center for Biotechnology Information 

(NCBI). To ensure that the machine learning models produce the best outcomes 

possible. The genetic dataset used in this investigation was generated from individuals 

who were inoculated with different Covid-19 vaccinations at different time intervals. 

The dataset used in this study is GSE201535, which contains gene expression data from 

161 blood samples. These samples were taken from a group of 15 people who had 

received the BNT162b2 vaccination. The blood of each participant is drawn three times 
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before vaccination, between 2 to 4 days post-vaccination, and between 7 to 10 days 

post-vaccination. Additionally, for the ChAdOx1 vaccine, gene data is obtained from 

another set of individuals (39 in total) on three occasions within the subsequent 

timeframe of 2 to 7 days after vaccination. 

  Figure (4.1) depicts each text file as a record of a blood sample to represent the 

temporal changes in gene expression. Which has two columns. The first column 

contains the name of the gene. The second column contains the level of the gene's 

biomarker in the blood sample. Within their distinct datasets, the expression data for 

each blood sample is saved in individual text files compressed as.zip format. To enable 

further analysis, it is essential to extract and arrange this data into a structured tabular 

format who are split into six groups according to the dose and timing of their 

inoculations (I-D0, I-D2-4, I-D7 for first-dose ChAdOx1 at day 0, day 2, and day 7; II-

D0, II-D1-4, II-D7-10 for second-dose BNT162b2 at day 0, day 2, and day 7). 

 

Figure (4.1): A sample of the original gene data in txt file 

 

As illustrated in Figure (4.2), each file name contains critical information such as 

the serial number of the experiment (the session of blood drawn), vaccine name, whether 

the vaccine dose is the first or second dose, person ID, person genes and date of blood 

draw.  
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Figure (4.2): Dataset after reading process. 

Only four participants were given a second dose of ChAdOx1, while the majority were 

given BNT162b2. The details of the GSE201535 dataset are shown in Table (4.1). 

Figure (4.3) depicts the description of class numbers in the data. 

 

Table (4.1): Details of the GSE201535Dataset. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure (4.3): Number of Classes in the GSE201535Dataset. 

 
 

Title of dataset GSE201535

dataset 

Number of classes 2 

Number of instances 161 

Number of genes 26, 364 
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4.4. Results of Preprocessing Stage 

 

In order to simplify the process of applying classification models to the 

GSE201535 Dataset, it is necessary to perform a pre-processing step that consists of 

two separate steps. 

4.4.1. Handling missing values:  

 The dataset had no missing values, so analysis did not involve incomplete or null 

data. The database's completeness and accuracy helped the investigation without the 

need for additional data recovery. Each sample had gene values for all genes. A complete 

dataset allowed us to use all gene-related information, yielding reliable, accurate results 

for this study. 

 

4.5. ML Classification Stage Results 

 

Because there are so many genes, gene expression data has a high dimension. This 

is one of the data's qualities. To address this issue, it is vital to identify the genes that 

contribute the most to the vaccine and to eliminate the genes that are unneeded. This 

thesis used three distinct feature selection methods to identify a subset of the 

GSE201535 dataset that contains the genes that are thought to be the most important in 

relation with. These strategies were implemented through parallel, sequential, and 

hybrid processes, respectively. 

4.5.1. Parallel Feature Selection Part 

 

This section seeks to provide a thorough summary of the findings of our parallel 

feature selection procedure. The primary goal is to greatly reduce the dimensionality of 

our dataset while retaining its integrity by employing three unique ways for producing 

subsets that are subsequently used as inputs into various classification models. To 

effectively achieve this goal, we first analyzed the data using three popular feature 

extraction methods: mutual information-based approach, analysis-of-variance 

technique, and chi-square test. From there, each created output served as a viable input 

choice in selecting relevant classifiers required for making correct predictions on fresh 
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instances. 

 

4.5.1.1. The Result of the Parallel Feature Selection 

Three feature selection techniques to accurately predict vaccination efficacy are 

employed: Analysis of Variance, CHI2, and Mutual Information. Each method revealed 

the most important characteristics for predicting vaccine effectiveness. As indicated in 

Table (4.2), the approaches independently picked 20% (5,273 features) and 60% (15,818 

features) from a pool of initial sets having 26, 364 characteristics. The Mutual 

Information technique prioritized distinct characteristics with significant information 

gain, suggesting a high association with vaccine effectiveness prediction. Various feature 

selection techniques are used to get a collection of key variables that may differ 

considerably between efficacy categories and distinguish between groups. Among these 

methods, the ANOVA method is used to discover variables with statistical significance, 

whilst the CHI2 method is used to pick critical traits for correct vaccine efficacy 

classification. This method improves analysis efficiency by focusing on specific traits 

thought to be crucial in facilitating classification accuracy through discriminative ability 

among different groups within the supplied data set. 

Table (4.2): Number of Genes Selected using Parallel Feature Selection. 
 

Feature Selection 

methods 

The Number of Selected Genes 

Percent Original Reduced  

MI 

CHI2 

ANOVA  

20% 26, 364 5,273 

 

60% 26, 364 15,818 

 

4.5.1.2. The Result of the Normalization 

 Normalization is critical in ensuring that all features selected during the parallel 

feature selection stage are on a comparable scale. This stage is critical to ensuring that 

no single feature dominates the analytical process. The Min-Max normalization 

technique on the dataset in this study is used, utilizing the equation (2.1) provided in 
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Chapter Two, Section 2.3.2. This normalization method to convert the feature values 

to a predefined and confined range is used, often ranging from 0 to 1. This normalizing 

technique is especially useful and practical for classification problems since it provides 

for fair comparison and eliminates any potential bias caused by the original feature 

scales. 

 Figure 4.4 shows the dataset before and after Min-Max normalization for MI( 20%) 

to demonstrate the influence of normalization. The dataset is shown in Figure 4.5 

before normalization, and the feature values show significant variation in terms of 

magnitude and range for the ANOVA ( 20%). Figure 4.6, on the other hand, depicts 

the dataset after normalization, with all feature values scaled for the CHI2 ( 20%). This 

normalization technique ensures that each parallel feature selection stage feature 

contributes equally to the analysis, removing any potential biases created by the 

original feature scales. Furthermore, normalization improves analysis accuracy by 

ensuring uniform and standardized feature representation. 

Figure (4.4): Normalization of the data using the min-max algorithm for MI  

( 20%) .  

 

Before 

After 
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Figure (4.5): Normalization of the data using the min-max algorithm for 

ANOVA ( 20%).  

 

 

Figure (4.6): Normalization of the data using the min-max algorithm for CHI2 
 

( 20%).  

 

Before 

After 

Before 

After 
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4.5.1.3. The Result of the ML Classification Model 

 

Following the selection of relevant features via parallel feature selection, the 

normalized dataset features were entered into three models for classification: 

Random Forest, Adaboost, and Logistic Regression. These models aided in the 

analysis of data patterns for forecasting vaccination efficacy based on selected 

variables, allowing researchers to get insights into model correctness and 

performance. 

In the classification phase, the Random Forest method is used to assess the 

precision of forecasting several categories of vaccine efficacy using selected 

attributes from the parallel feature selection step and a standardized dataset. For 

increased performance, the classifier employs an ensemble learning strategy that 

incorporates knowledge shared by 100 trees with no fixed maximum depth value. 

As a result, this collective strategy makes accurate forecasts possible. The next step 

is to use the Adaboost algorithm to see how reducing the number of features affects 

classification accuracy. Adaboost is a method of ensemble learning that combines 

numerous weak learners to generate a robust classifier. To achieve this, we adopt 

the Adaboost classifier with a maximum of 50 estimators (n estimators), which 

considers the reduced feature set achieved from parallel feature selection and 

normalization stages. The main goal is to appraise model performance in terms of 

precision, recall, F1-score as well as overall accuracy. 

Similarly, the Logistic Regression technique is used to study how feature 

reduction affects classification performance. Following the preliminary stage of 

feature selection, which is carried out in parallel and utilizing the normalized dataset, 

selected features are used to train a model using logistic regression. Following that, 

the generated model is tested on various datasets to determine its classification 

accuracy. Logistic Regression, in essence, employs input features or attributes to 

estimate class probabilities during linear classification operations.  
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Following feature selection, the efficacy of three distinct classification models is 

evaluated: Random Forest, Logistic Regression, and Adaboost. In the training and 

testing phases, (70:30) splits of the dataset are used. We used accuracy as an evaluation 

metric to assess the efficacy of these models. These metrics can be used to assess the 

algorithms' ability to appropriately categorize levels of vaccine efficacy. The 

classifications generated using the Random Forest, Logistic Regression, and Adaboost 

models are shown in Table (4.3) below. 

Table (4.3): Performance Evaluation Results for Parallel Part. 
 

Feature Selection 

Method 

Classifier  Accuracy 

  

Precision Recall F1-score 

(20%) (60%) (20%) (60%) (20%) (60%) (20%) (60%) 

MI RF 0.96 0.96 0.93 0.93  0.97 0.97 0.95 0.95 

ADA 0.98 0.90 0.97 0.83 0.99 0.94 0.98 0.87 

LR 0.98 0.98 0.97 0.97 0.99 0.99 0.98 0.98 

ANOVA RF 0.98 0.96 0.97 0.93 0.99 0.97 0.98 0.95 

ADA 0.96 0.96 0.93   0.93 0.97 0.97 0.95 0.95 

LR 0.98 1.00 0.97 1.00 0.99 1.00 0.98 1.00 

CHI2 RF 0.96 0.96 0.93   0.93 0.97 0.97 0.95 0.95 

ADA 0.96 0.94 0.93 0.90 0.97 0.96 0.95 0.92 

LR 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 

 

 

As indicated in Table (4.3) for the Performance Evaluation Results for the Parallel 

Part, the accuracy of the classification models approached 1.00 in some circumstances. 

This displays a score of 100% accuracy, indicating that the models correctly categorized 

all of the data. The Logistic Regression classifier attained an accuracy score of 1.00 in 

the 60% feature selection scenario using the ANOVA feature selection method. This 

suggests that the ANOVA-selected characteristics are very informative, and the 

classifier can properly predict whether or not the vaccines will function. The Logistic 

Regression classifier with CHI2 feature selection approach produced an accuracy score 

of 1.00 for both the 20% and 60% feature selection scenarios. This illustrates that the 

CHI2 feature selection method is effective at obtaining the crucial elements required for 
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precise categorization. 

These findings emphasize the importance and effectiveness of feature selection 

in improving classification model performance. The capacity to produce exact estimates 

is strongly reliant on the selection of relevant data. Acquiring a perfect accuracy score 

of 1.00, as shown in Figure (4.7), illustrates the capabilities of the applied feature 

selection approaches and the skills of the logistic regression classifier in correctly 

predicting vaccine efficacy. Overall, the results demonstrate that the feature selection 

technique was successful, and that the combination of logistic regression with ANOVA 

and the CHI2 feature selection approaches produced good results. Because of the 

models' faultless correctness, the conclusions of this thesis are more believable and 

reliable, highlighting the relevance of feature selection in boosting the performance of 

classification models. 

 

 

Figure (4.7): Analysis of Parallel Section Performance. 

 

4.5.1.4. Important features produced from Parallel feature selection 

Both the (60%) and the (20%) approaches have produced useful features 

for the feature selection sequence as shown in Figure (4.8) . Genes such as 
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['ZFC3H1', 'NEU3', 'C1RL-AS1', 'SNAPC1', 'XIST', 'CCDC103', 'C15orf26', 

'ATP13A5-AS1', 'DDX11L10', 'SMC5', 'FAM222B', 'LINC00641', 

'TRAPPC10'].   

 

Figure  (4.8): Important features from Parallel feature selection. 

4.5.2. Sequential Feature Selection Part 

 

 The findings of the sequential feature selection technique, which tried to identify 

the traits that contributed the most informatively to the prediction of vaccination 

efficiency, are presented in this section. There are several sequential implementations of 

feature selection methods available, in which the subset obtained by one approach is fed 

into succeeding methods.  

4.5.2.1. The Result of the Sequential Feature Selection 

Methods for selecting features MI_CHI2_ANOVA, MI_ANOVA_CHI2, 

CHI2_MI_ANOVA, CHI2_ANOVA_MI, ANOVA_MI_CHI2, and ANOVA_CHI2_MI 

are all examples of ANOVA. Several techniques are used on the initial pool of 26,364 

genes to minimize the number of characteristics. The final gene counts for feature 
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retention at (60%) differed between techniques, with 15,818, 9,791 and 5,694 genes 

discovered using each method, respectively. Various strategies have been proposed in 

the field of gene selection to retrieve important genes from a vast pool. Methods such 

as MI, ANOVA, and CHI2 are included in this category. When just (20%) of the features 

were kept, the first strategy yielded 5,273 genes, the second yielded 1,055 genes, and 

the third yielded 211 genes. These chosen genes showed substantial significance to the 

dependent variable, making them amenable to future study. 

Table (4.4): Number of Genes Selected using Sequential Feature Selection. 
 

 Feature Selection 

methods 

 The Number of Selected Genes 

Percent First Second Third 

MI_ CHI2_ANOVA  

MI_ANOVA_ CHI2 

CHI2 _MI_ANOVA 

CHI2 _ANOVA_MI  

ANOVA_MI_ CHI2 

ANOVA_ CHI2 _MI  

20% 5,273 1,055 211 

 

60% 15,818 9,791 5,694 

 

4.5.2.2. The Result of the Normalization 

 Normalization ensures that all characteristics of the sequential feature selection 

are on the same scale. This phase ensures that no single feature dominates the analysis. 

The dataset was Min-Max normalized using equation (2.1) from Section 2.3.2. of 

Chapter Two. Normalization the feature values to fit inside a predetermined range, 

which was often between 0 and 1, using this procedure. This normalization method 

provides fair comparison and reduces bias from the original feature scales for 

classification tasks. 

 Figures (4.9) through (4.14) show the results of using the Min-Max 

normalization technique to the MI_ CHI2_ ANOVA (20%), MI_ ANOVA_ 
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CHI2(20%), CHI2_ MI _ANOVA(20%), CHI2_ ANOVA_ MI(20%), ANOVA_ MI_ 

CHI2(20%), and ANOVA_ CHI2_ MI (20%) datasets. This approach to normalization 

ensures that each feature from the sequential feature selection stage contributes equally 

to the analysis, removing any feature scale biases in the process. The normalization 

process aids in the standardization of feature representation, which increases analytical 

accuracy. 

 
Figure (4.9): Normalization of the data using the min-max algorithm for 

CHI2_MI_ANOVA (20%).  

 

Figure (4.10): Normalization of the data using the min-max algorithm for CHI2_ 

ANOVA _MI (20%).  
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Figure (4.11): Normalization of the data using the min-max algorithm for 

MI_ANOVA_ CHI2 (20%). 

 

  

Figure (4.12): Normalization of the data using the min-max algorithm for MI_ 

CHI2_ANOVA (20%).
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Figure (4.13): Normalization of the data using the min-max algorithm for 

ANOVA_ MI_ CHI2 (20%).  

Figure (4.14): Normalization of the data using the min-max algorithm for 

ANOVA _CHI2_MI (20%). 
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4.5.2.3. The Result of the ML Classification Model 

The Random Forest and Logistic Regression models both utilized a smaller set of 

characteristics generated via sequential feature selection. The Random Forest classifier's 

default parameters were utilized, so it had 100 estimators and a maximum depth of 0. 

This configuration was chosen to enhance efficiency while minimizing the danger of 

overfitting. The Logistic Regression technique is utilized to investigate how the 

decreased feature set influenced classification accuracy further. A Logistic Regression 

model is trained using the characteristics of interest and then tested on a different 

dataset. 

Furthermore, the chosen characteristics are fed into the Adaboost algorithm, 

which is then applied to the dataset. Adaboost is an ensemble learning method that 

combines the output of numerous mediocre classifiers to build a single, excellent 

classifier. Setting the number of estimators (n estimators) to 50 determines the 

maximum number of boosting iterations before the process ends. By incorporating the 

features determined through sequential feature selection into the Random Forest, 

Logistic Regression, and Adaboost classification models, we can compare the accuracy 

and number of genes required by each model. This comprehensive method allows for a 

full investigation of the classification results and provides insights into the effectiveness 

of the selected variables in forecasting vaccine efficacy classes. 

After feature selection, three distinct classification models (Random Forest, 

Logistic Regression, and Adaboost) are evaluated. The dataset is frequently partitioned 

into 70:30 training and testing halves. For measuring the success of these models, we 

used precision as our criterion. These measurements allow us to assess the algorithms' 

capacity to appropriately classify vaccine efficacy levels. Table 4.5 displays 

classifications made with the Random Forest, Logistic Regression, and Adaboost 

models. 

To assess the reliability and generalizability of the model, an independent dataset 
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that was not previously used by the system was employed for testing. This approach 

involved randomly selecting 10% of the original dataset as a completely new set of data. 

The training data, which constituted 90% of the original dataset, was further divided 

into a 70% portion for training and a 30% portion for internal validation purposes. 

Subsequently, the performance of the model on this separate test set comprising 

untouched data was evaluated to demonstrate its accuracy and effectiveness. 

Table (4.5): Performance Evaluation Results for Sequential Part. 

 

 
 In the performance evaluation findings for the sequential feature selection 

procedures, the Logistic Regression classifier received perfect accuracy scores (1.00). 

This demonstrates that the Logistic Regression model performed flawlessly for various 

feature selection tactics. To be more explicit, when the feature selection approach was 

"MI_ CHI2 _ANOVA," the Logistic Regression classifier earned an accuracy score of 

1.00 for the 60 percent feature retention scenarios.  

Feature selection 

method 

Classifier  Accuracy Precision Recall F1-score 

(20%) (60%) (20%) (60%) (20%) (60%) (20%) (60%) 

MI_CHI2_ANOVA RF 0.98 0.96 0.97 0.93 0.99 0.97 0.98 0.95 

ADA 0.96 0.98 0.93 0.97 0.97 0.99 0.95 0.98 

LR 0.98 1.00 0.97 1.00 0.99 1.00 0.98 1.00 

MI_ANOVA_CHI2 
RF 0.96 0.96 0.95 0.93 0.95 0.97 0.95 0.95 

ADA 0.94 0.92 0.95 0.89 0.96 0.92 0.92 0.90 

LR 0.98 1.00 0.97 1.00 0.99 1.00 0.98 1.00 

CHI2_MI_ANOVA RF 0.98 0.96 0.97 0.93 0.99 0.97 0.98 0.95 

ADA 0.96 0.98 0.93 0.97 0.97 0.99 0.95 0.98 

LR 0.98 1.00 0.97 1.00 0.99 1.00 0.98 1.00 

CHI2_ANOVA_MI RF 0.96 0.96 0.95 0.93 0.95 0.97 0.95 0.95 

ADA 0.94 0.92 0.90 0.89 0.96 0.92 0.92 0.90 

LR 0.98 1.00 0.97 1.00 0.99 1.00 0.98 1.00 

ANOVA_MI_CHI2 RF 0.98 0.94 0.97 0.90 0.99 0.96 0.98 0.92 

ADA 0.90 0.96 0.85 0.93 0.90 0.97 0.87 0.96 

LR 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 

ANOVA_CHI2_MI RF 0.98 0.94 0.97 0.90 0.99 0.96 0.98 0.90 

ADA 0.90 0.96 0.85 0.93 0.90 0.97 0.87 0.95 

LR 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 
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 The Logistic Regression classifier achieved a high quality score of 1.00 in the 60% 

case using the feature selection method " MI ANOVA CHI2." In the 60% case, the 

Logistic Regression classifier obtained a high score of 1.00 while using the feature 

selection method " CHI2 ANOVA MI ". When tested with the "CHI2 MI_ ANOVA" 

feature selection method, the Logistic Regression classifier achieved a high score of 

1.00 in the 60% example. This illustrates that the Logistic Regression model using the 

chi-square, mutual information, and ANOVA characteristics achieved perfect 

classification accuracy for predicting vaccine efficacy. The Logistic Regression 

classifier earned perfect accuracy ratings of 1.00 in both the 60% and 20% situations. 

This was also true for the feature selection procedures "ANOVA_ MI_ CHI2" and 

"ANOVA_ CHI2 _ MI". This suggests that the variables selected using the ANOVA, 

mutual information, and chi-square criteria were extremely relevant and useful in 

predicting vaccine efficacy, and that the classification performance was flawless. 

 

4.4.2.4. Important features produced from Sequential feature selection 

The study used feature selection sequences, as shown in Figure (4.15), to see how 

good they were at identifying specific genes for analysis. The following six strategies 

are investigated: MI_CHI2_ANOVA, MI_ANOVA_CHI2, CHI2_MI_ANOVA, 

CHI2_ANOVA_MI, ANOVA_MI_CHI2, and ANOVA_CHI2_MI are all examples of 

ANOVA. The results show that genes including ['LINC00641', 'XIST', 'ZFC3H1', 

'C2orf88', 'TRAPPC10', 'ID2', 'TUBB1', 'SUZ12', 'NFE218LK', 'PPBP', and 'YWHAG'] 

are involved. Furthermore, for (20%) and (60%), the same list of very accurate genes 

was created. 
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Figure (4.15): Important features from Sequential feature selection. 

4.5.3. Hybrid Feature Selection 

In the hybrid feature selection process, the analysis of variance (ANOVA), chi-

square (CHI2), and mutual information (MI)  are combined with the Random Forest 

(RF) feature selection algorithm. The input is obtained by the RF classifier from each 

of the feature selection methods. 

4.5.3.1. The Result of the hybrid Feature Selection 

To choose features, this study applies hybrid feature selection. Both approaches are 

used in this solution to improve feature selection and classification model accuracy. The 

Random Forest (RF) feature selection approach was combined with mutual information 

(MI), analysis of variance (ANOVA), and chi-square (CHI2) as illustrated in Table (4.6). 

The MI_ RF approach is used to choose 596 features from 15,818 features (60 percent 

scenario) and 506 features from 5,273 features (20 percent scenario). ANOVA_ RF 

chose 577 (60 percent scenario) and 499 (20 percent scenario) attributes from a total of 

15,818 and 5,273 features. CHI2_ RF chose 548 (60 percent scenario) and 477 (20 

percent scenario) features from a total of 15,818 and 5,273 features. The hybrid strategy 
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leverages the complementary nature of these parallel feature selection methods with the 

Random Forest algorithm to select more relevant and informative features for improved 

classification performance. 

Table (4.6): Number of Genes Selected using Hybrid Feature Selection. 
 

 Feature Selection 

methods 

Feature Selection 

percent 
  The Number of Selected Genes 

1. 
MI_RF  

 

60% MI: 15,818 RF: 596  

20% MI: 5273 RF: 506 

2. 
ANOVA_RF 

 

60% ANOVA: 15,818  RF: 577  

20% ANOVA: 5273 RF: 499 

3. 
CHI2 _RF  

 

60% CHI2: 15,818 RF: 548  

20% CHI2: 5273 RF: 477 

4.5.3.2. The Result of the Normalization 

 Normalization assures that all features of hybrid feature selection are 

comparable. This stage is critical to avoiding one trait dominating the analysis. To 

apply Min-Max normalization to the dataset, equation (2.1) from Chapter Two is used 

, Section 2.3.2. This normalization approach restricted feature values to 0 to 1. Because 

it reduces feature scale bias and allows for fair comparison, this normalization method 

is important for classification problems. 

 Figure 4.16 compares the dataset before and after normalization to highlight the 

influence of Min-Max normalization for MI_ RF (20%). Before normalization (as 

shown in Figure 4.17), the amplitude and range of the ANOVA_ RF (20%) feature 

values in the dataset vary greatly. Figure 4.18 depicts the normalized dataset, with all 

feature values scaled for the CHI2_ RF (20%). This normalization method removes any 

potential biases introduced by the original feature scales, ensuring that each feature 

chosen in the parallel feature selection stage contributes equally to the analysis. 

Furthermore, normalization improves analytical precision by ensuring a consistent and 

standardized representation of characteristics. 
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Figure (4.16): Normalization of the data using the min-max algorithm for MI_ 

RF (20%).  

 

 

Figure (4.17): Normalization of the data using the min-max algorithm for 

ANOVA_ RF (20%).  
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Figure (4.18): Normalization of the data using the min-max algorithm for CHI2_ 

RF (20%).  

4.5.3.3. The Result of the Classification Model 

The Random Forest technique uses a reduced feature set from sequential feature 

selection algorithms to classify the dataset. The Random Forest classifier uses 100 

estimators (n estimators) by default, with a maximum depth of 0, to balance 

performance with overfitting avoidance. This configuration aids the Random Forest 

model in generalizing to new data. Logistic Regression, a prominent classification 

method, is used for feature selection and assessing the classification accuracy of the 

reduced feature set. Using specific features, logistic regression models are developed 

and validated. The model's performance will be evaluated using key metrics. 

The Adaboost technique generates a highly accurate model by combining the 

outputs of multiple weak classifiers. The maximum number of boosting rounds before 

the algorithm stops is determined by n estimators. Adaboost enhances dataset 

categorization by employing several classifiers. By including them into the 

classification step, then compare the effectiveness of the Random Forest, Logistic 

Regression, and Adaboost classifiers in predicting vaccination efficacy categories using 

the reduced feature set from feature selection. 

Following feature selection, three distinct classification models (Random Forest, 
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Logistic Regression, and Adaboost) are examined and contrasted. The dataset is 

frequently split in half, with one half utilized for training and the other for testing 

(70:30). The accuracy of these models is used to assess their effectiveness. These 

metrics allow us to see how successfully the algorithms classify the effectiveness of 

vaccines. Table 4.7 shows the categorization model results for Random Forest, Logistic 

Regression, and Adaboost.  

In several of the situations given in Table 4.7, the hybrid feature selection 

approaches achieve an accuracy score of 1.00. This indicates that the classification 

performance in these circumstances is flawless. The MI_ RF feature selection strategy 

produced an accuracy score of 1.00 for both the Adaboost (ADA) and Logistic 

Regression (LR) classifiers in the 20% feature selection scenario. This signifies that the 

Random Forest collaborated perfectly with the mutual information-based feature 

selection to generate ideal classification accuracy. The accuracy of the ANOVA_ RF 

feature-selection approach's 60 percent feature-selection scenario employing the 

Random Forest (RF) and Logistic Regression (LR) classifiers is 1.00. This means that 

the Random Forest is able to correctly categorize the vaccine's efficacy using the 

features selected using the ANOVA criterion.  

Table (4.7): Performance Evaluation Results for Hybrid Part . 

 
Feature 

Selection 

Method 

Classifier  Accuracy Precision Recall F1-score 

(20%) (60%) (20%) (60%) (20%) (60%) (20%) (60%) 

MI_ RF RF 0.96 0.96 0.93 0.93 0.97 0.97 0.95 0.95 

ADA 1.00 0.98 1.00 0.97 1.00 0.99 1.00 0.98 

LR 1.00 0.98 1.00 0.97 1.00 0.99 1.00 0.98 

ANOVA_RF RF 0.98 1.00 0.97 1.00 0.99 1.00 0.98 1.00 

ADA 0.96 0.96 0.95 0.93 0.95 0.97 0.95 0.95 

LR 0.98 1.00 0.97 1.00 0.99 1.00 0.98 1.00 

CHI2 _RF RF 0.96 0.98 0.93 0.97 0.97 0.99 0.95 0.98 

ADA 0.92 0.96 0.90 0.93 0.90 0.97 0.90 0.95 

LR 0.98 1.00 0.97 1.00 0.99 1.00 0.98 1.00 
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Finally, utilizing the CHI2_ RF feature selection strategy, the Logistic Regression 

(LR) classifier got an accuracy score of 1.00 in the 60% feature selection scenario. This 

suggests that the Random Forest functioned well in unison with the CHI-selected 

features to appropriately categorize the dataset. Accuracy values of 1.00, the highest 

attainable, indicate that the hybrid feature selection approach performed flawlessly in 

these situations. It stresses the ability of the selected features to accurately discern 

between different levels of vaccine efficacy, as obtained through the integration of 

parallel feature selection and Random Forest. As a result, it is obvious that the proposed 

methodology has the potential to provide valuable insights into how various 

immunizations alter the antibody response and the genetic immune system. 

4.4.3.4. Important features produced from Hybrid feature selection 

The significant features produce a result of key genes (see Figure (4.19)) from 

the feature hybrid selection sequence utilizing the ANOVA_RF and CHI2_RF methods, 

with the MI_RF techniques generating the same result for (20%) and (60%). This 

provides the most relevant properties of genes ['LINC00641', 'EIF1AX-AS1', 'TRIM52', 

'NEU3', 'PAXBP1', 'ZFC3H1', 'LOC101929516', 'SNAPC1', 'RNF219', 'XIST', 

'NFE2L2', 'MIR25', 'SIAH1].  

 

 

Figure (4.19): Important features from Hybrid feature selection. 
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4.5. CNN Classification Model Stage 

For predicting gene expression data, a Convolutional Neural Network (CNN) 

model is proposed. The Keras Python library, which provides a high-level interface for 

creating neural networks, is used to implement the CNN model. This allows for rapid 

prototyping and experimentation with various topologies. The CNN model architecture 

is made up of eight convolutional layers, eight LeakyReLU activation layers, seven 

max-pooling levels, one fully connected layer, and three dense layers. 

 

The CNN model begins with a convolutional layer with a 3x1 kernel and 16 

distinct filters. Following this layer is a LeakyReLU activation function, which brings 

non-linearity into the network. The feature maps are downsampled using a max-pooling 

layer. The procedure is repeated with a second convolutional layer with a 3x1 kernel 

and 32 filters. Another max-pooling layer is employed to lower the dimensionality even 

further. A third convolutional layer is then deployed, with a kernel size of 3x1 and 64 

filters. Following that is a LeakyReLU activation function and another max-pooling 

layer. The third max-pooling layer's output is flattened to form a one-dimensional 

feature vector. Following that, the flattened features are passed through a sequence of 

completely connected layers.  

The first completely connected layer contains 256 filters with ReLU activation. 

A dropout layer is added after the first completely linked layer to prevent overfitting. 

Following that, another dropout layer is added, followed by a second fully linked layer 

with 512 filters and a ReLU activation function. Finally, there is a third completely 

connected layer with 1024 filters and a ReLU activation algorithm. 

The final fully connected layer is made up of two neurons that represent the two 

classes in the gene dataset and uses a softmax activation function for prediction. To 

compute the loss, categorical cross-entropy is used as the loss function, while accuracy 

is employed as the evaluation metric. The Adam optimizer with a learning rate of 0.001 

is used to optimize the model. The gene expression data is fed into the CNN model for 
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50 epochs during the training procedure. During training, the model learns to extract 

relevant characteristics from input data and generate accurate classification predictions. 

 

 

4.5.1. Performance Evaluation For Parallel Part 

  

To improve accuracy score, three feature selections (MI (20%), ANOVA (20%), 

and MI (60%)) are used in parallel feature selection. These methods are enhanced by 

including a CNN classification model with a 70:30 ratio between training and testing. 

Including convolutional neural networks (CNNs), a deep learning-based technique, had 

the potential to improve classification accuracy by using CNNs' ability to capture 

complex patterns and correlations in data. The MI (20%), ANOVA(20%), and MI(60%) 

approaches were used to select features, which were then input into a CNN model. 

 

Deep learning algorithms using feature-selected datasets can improve 

performance, and CNN classification results can explain why. We may compare the 

accuracy scores obtained by the CNN classification model with the starting results of 

the parallel feature selection procedures to see how effectively the CNN model increases 

system accuracy. This activity is taken to study the potential benefits of combining 

CNN's powerful learning capabilities with parallel feature selection methodologies. The 

findings generated by the CNN classification model will provide insight into the 

usefulness of the parallel technique in predicting vaccination success based on antibody 

response and genetic immune system traits.  

 

 Figures 4.20, 4.21, and 4.22 show the accuracy and validation accuracy 

tendencies for the MI (60%), MI(20%), and ANOVA(20%) feature selection 

approaches. The evolution of the CNN model is graphically displayed from the 

beginning of training to the finish. The accuracy and validation accuracy curves indicate 

that three alternative feature selection techniques all converge to an accuracy of 1.00 

over time. The results demonstrate the effectiveness of the CNN classification model 
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when used with parallel feature selection procedures to improve overall system 

accuracy. According to the data, the CNN model consistently predicted the vaccine's 

effectiveness based on antibody response and hereditary immune system features. 

 

 
  

Figure (4.20): Accuracy and Val_ Accuracy for MI (60%). 

 

 

 

Figure (4.21): Accuracy and Val_ Accuracy for MI (20%). 
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Figure (4.22): Accuracy and Val_ Accuracy for ANOVA(20%). 

 

 

4.5.2. Performance Evaluation for Sequential Part  

 In the sequential feature selection phase, the CNN classification algorithm is 

utilized to evaluate additional strategies for improving accuracy. MI_ CHI2_ 

ANOVA(20%), MI_ ANOVA_ CHI2 (20%), CHI2_ MI_ ANOVA(20%), and CHI2_ 

ANOVA_ MI(20%) are chosen as the best for use in CNN classification. Seventy 

percent of the data is used to train the CNN model, with the remaining thirty percent 

used to assess its effectiveness. The purpose of this strategy is to improve overall 

system precision by using the benefits of deep learning. 

If the CNN classification method is utilized, the system's accuracy may improve 

when compared to results achieved with other classifiers. CNNs, with their hierarchical 

design and feature learning capabilities, are an excellent choice for improving 

classification accuracy because they can capture complex relationships and patterns in 

data. By evaluating the performance of the CNN model on the features acquired using 

the MI_ CHI2_ ANOVA(20%), MI_ ANOVA _CHI2 (20%), CHI2_ MI_ ANOVA 

(20%), and CHI2_ ANOVA_ MI (20%) feature selection methods, it is possible to learn 

about how deep learning approaches affect the classification of vaccine efficacy. This 

investigation will reveal how well sequential feature selection collaborates with CNN 

to improve the system's accuracy and prediction skills. 

As evidenced by accuracy, recall, and F1-score values of 1.00 across all 

techniques, the CNN model exhibited high precision and recall, resulting in balanced 
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performance and dependable predictions. This suggests that the features selected 

performed a good job of capturing the important components and patterns associated 

with vaccine efficacy, resulting in accurate forecasts free of false positives and 

negatives. The accuracy and validation accuracy plots presented in Figures 4.23, 4.24, 

4.25, and 4.26 further verify the CNN model's good performance on the chosen features. 

As indicated by the constant convergence and high accuracy values during the training, 

the CNN model successfully learnt the underlying patterns and generated correct 

predictions for the vaccine's efficacy. 

These findings imply that when sequential feature selection approaches are paired 

with CNN classification, good performance in consistently estimating immunization 

efficacy is attained. The CNN model's ability to leverage deep learning features and 

extract difficult features from the chosen feature subsets contributes to its high accuracy. 

These findings illustrate the potential of using cutting-edge deep learning techniques to 

investigate the genetics underpinning vaccine responses and immunological responses. 

 

 

Figure (4.23): Accuracy and Val_ Accuracy for MI_ CHI2_ANOVA(20%). 
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Figure (4.24): Accuracy and Val_ Accuracy for MI_ANOVA_ CHI2(20%). 

 

Figure (4.25): Accuracy and Val_ Accuracy for CHI2_MI_ANOVA(20%). 

 

 
Figure (4.26): Accuracy and Val_ Accuracy for CHI2 _ANOVA_MI(20%). 
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4.5.3. Performance Evaluation For Hybrid Part  

 

The hybrid feature selection accuracy ratings were below 1.00 in several 

instances. These illustrations use the feature selection methods MI_ RF (60%), 

ANOVA_ RF (20%), and CHI2_RF (20%). The accuracy of the classification system is 

improved further by feeding these manually picked characteristics into a Convolutional 

Neural Network (CNN) classifier. The dataset is split 70:30 for training and testing the 

CNN classifier, with 70% of the data used for training and 30% for testing. The goal is 

to improve the system's precision by capturing complex relationships and patterns 

within the selected characteristics by leveraging the capability of CNN, which excels at 

image and pattern recognition tasks. 

 

Even if the accuracy ratings generated by the hybrid feature selection approaches 

did not reach 1.00, using CNN enables for further refinement of classification 

performance. Using CNN allows for a more in-depth analysis of the selected features, 

which may lead to the discovery of new insights and correlations, resulting in better 

accuracy. In such cases, the usage of CNN signifies a multi-stage technique for feature 

selection and classification, with the goal of improving the system's accuracy. 

Combining the benefits of hybrid feature selection methods with CNN might 

considerably increase the accuracy of the system's predictions, leading to a better 

understanding of how different vaccinations affect the antibody response and the genetic 

immune system. 
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Figure (4.27): Accuracy and Val_ Accuracy for MI_ RF (60%). 

 

4.6. Predicted Genes Names Classification Model 

The Classification Model-predicted gene names are displayed in Table (4.8) and 

Figure (4.28). This diagram depicts all of the predicted and identified genes in this 

dataset. Anticipated gene names are required for understanding the genomic landscape 

and identifying immune response and antibody production. By assessing projected 

gene names, researchers can find genetic markers and pathways that influence vaccine 

efficacy. These projected gene names help researchers identify potential biomarkers or 

genetic elements for further study, as well as indicators of immune response and 

vaccine efficiency. 
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Table (4.8): The Names of Predicted Genes for GSE201535  Dataset. 

 

GENE Biological Name Biological Description 
LINC00641 (long intergenic non-protein-coding41) It is a non-coding RNA molecule 

that does not produce a 
protein.  

XIST (X-inactive-specific transcript) It is an RNA molecule that plays 
a crucial role in X chromosome 
inactivation, a process by 
which one of the two X 
chromosomes in female cells is 
inactivated to achieve dosage 
compensation with males.  

SMC5 (structural maintenance of chromosomes 5) It is a gene that encodes a 
component of the SMC5/6 
complex, Mutations in SMC5 
have been associated with 
genetic disorders and cancer.  

C2orf88 (Chromosome 2 open reading frame 88)). It is research is needed to 
elucidate its role in cellular 
processes or its potential 
associations with diseases. 

NFE2L2 (Nuclear Factor, Erythroid 2 Like 2) It is Tau proteins are associated 
with neurodegenerative 
diseases, such as Alzheimer's 
disease, and tubulin proteins 
are essential components of 
microtubules involved in 
various cellular processes.. 

ZFC3H1 (Zinc Finger CCCH-Type Containing 1) It encodes a protein that 
contains multiple zinc finger 
domains of the CCCH type. 

TSSK4 (Testis-Specific Serine Kinase 4) TSSK4 plays a role in 
spermatogenesis, the process 
of sperm cell development. 

SPARC (Secreted Protein Acidic and Rich in Cysteine) SPARC is found in various 
tissues and has been associated 
with several diseases, including 
cancer. It plays a role in 
modulating the extracellular 
matrix. 

TRAPPC10 (Trafficking Protein Particle Complex 10) It is a gene that encodes a 
subunit of the TRAPP 
(TRAnsport Protein Particle) 
complex. The TRAPP complex is 
involved in intracellular vesicle 
trafficking and plays a role in 
protein transport between 
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different compartments of the 
cell. 

ID2 (Inhibitor of DNA Binding 2) It has been implicated in 
various biological processes, 
including neurogenesis, 
hematopoiesis, and cancer 
development. 

TUBB1 (Tubulin Beta 1 Class VI) TUBB1 is specifically involved 
in the formation of 
microtubules and contributes 
to various cellular processes. 

YWHAG (Tyrosine 3-Monooxygenase/Tryptophan 5-
Monooxygenase Activation Protein Gamma) 

It proteins play essential roles 
in numerous cellular processes, 
including signal transduction, 
cell cycle control, apoptosis, 
and protein-protein 
interactions. 

SNAPC1 (Small Nuclear RNA Activating Complex, 
Polypeptide 1) 

SNAPC1 plays a crucial role in 
the regulation of snRNA 
transcription and is required 
for proper splicing and mRNA 
processing. 

CXCL5 (C-X-C Motif Chemokine Ligand 5) It belongs to the CXC 
chemokine family, which are 
small proteins involved in 
immune responses and 
inflammation. 

DDX11L10 (DEAD/H-Box Helicase 11 Like 10) DDX11L10 is expressed in 
multiple tissues, including the 
brain, heart, and skeletal 
muscle. accumulated 
mutations or deletions that 
render them non-coding.  

NFE2L2 (Nuclear Factor, Erythroid 2 Like 2), It is involved in cellular defense 
against oxidative stress and 
controls the expression of 
numerous genes involved in 
detoxification, antioxidant 
defense, and anti-inflammatory 
processes. 

RYBP (Ring1 and YY1 Binding Protein) RYBP is known to be involved 
in various cellular processes, 
including embryonic 
development, cell proliferation, 
and tumorigenesis 

ZNF14 (Zinc finger protein 14) Zinc finger proteins are a class 
of proteins that can bind to 
specific DNA sequences and 
play a role in gene expression 
regulation. 
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PPBP (Pro-platelet Basic Protein) also known as CXCL7, is a 
chemokine involved in the 
regulation of platelet function 
and hematopoiesis. It 
promotes platelet activation, 
aggregation. 

VIL1 (Villin 1) VIL1 is mainly expressed in the 
small intestine and colon. 

PAFAH1B2 (Platelet-activating factor acetylhydrolase 1b, 
catalytic subunit 2) 

PAFAH1B2 is primarily 
expressed in the brain and is 
involved in neuronal 
development and function. 

PAXBP1 (PAX3 and PAX7 Binding Protein 1) PAXBP1 is thought to play a 
role in the regulation of gene 
expression during 
development, but its exact 
function is still being studied.. 

NEU3 (Neuraminidase 3) Dysregulation of NEU3 
expression or activity has been 
associated with several 
diseases, including cancer and 
neurodegenerative disorders. 

TRIM52 (tripartite motif-containing 52) which is involved in various 
cellular processes, including 
immune response . 

FAM123C (Family with Sequence Similarity 123C) It is located on chromosome 15 

CCDC103 (Coiled-Coil Domain Containing 103) It is a human gene that is 
located on chromosome 17 

EIF1AX-
AS1 

( relatively newly discovered lncRNA) studies have suggested that it 
may function as an oncogene 
by interacting with other 
cellular components and 
modulating gene expression. 
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Figure (4.28): The Predicted Gene Names for the 

model. 
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5.1 Conclusions 

Several important inferences can be made from the findings of this thesis utilizing 

machine learning models and feature selection techniques: 

1.  By comparing the results of parallel, sequential, and hybrid feature selection 

approaches, we are able to identify a group of genes with useful information. During 

the parallel feature selection phase, genes like: 

▪ Parallel feature selection phase: [ ZFC3H1, NEU3, C1RL-AS1, SNAPC1, XIST, 

CCDC103, C15orf26, ATP13A5-AS1, DDX11L10, SMC5, FAM222B, and 

LINC00641]  

▪ Sequential feature selection phase: [LINC00641, XIST, ZFC3H1, C2orf88, 

TRPPC10, ID2, TUBB1, SUZ12, NFE218LK, PPBP, and YWHAG] . 

▪ Hybrid feature selection phase: [LINC00641, EIF1AX-AS1, TRIM52, NEU3, 

PAXBP1, ZFC3H1, LOC101929516, SNAPC1, RNF219, XIST, NFE2L2, 

MIR25, SIAH1, PAFAH1B2, VIL1, and SMC5]  

2. Comparing the accuracy of several machine learning models that used sequential, 

parallel, and hybrid methods for selecting features yielded outstanding overall 

results.  

▪ Parallel feature selection phase: Logistic Regression classifier achieved an 

accuracy score of 1.00, for ANOVA (60%) and For both the (20%) and (60%) 

feature selection CHI2 . 

▪ Sequential feature selection phase: Logistic Regression classifier achieved an 

accuracy score of 1.00, for MI_CHI2_ANOVA, MI_ANOVA_CHI2, 

CHI2_MI_ANOVA and CHI2_MI_ANOVA for (60%).As for both the (20%) and 

(60%) feature selection ANOVA_MI_CHI2 and ANOVA_CHI2_ MI . 
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▪ Hybrid feature selection phase: LR and ADA classifier achieved an accuracy 

score of 1.00, for MI_ RF for (20%).As for both the ANOVA_RF and CHI2 _RF 

feature selection with LR classifier for (60%) ,while RF classifier with  

ANOVA_RF for (60%) .  

3. When paired with parallel feature selection procedures such as MI (60 %), MI (20 

%), and ANOVA (20 %), the CNN model shown excellent accuracy tendencies. The 

CNN model's performance on features obtained from various feature selection 

methods, such as MI_ CHI2_ ANOVA(20 %), MI_ ANOVA_ CHI2(20 %), CHI2_ MI_ 

ANOVA(20 %), and CHI2_ ANOVA_ MI(20 %), demonstrated the effectiveness of 

sequential feature selection in improving system accuracy and predictive abilities. 

However, when using feature selection techniques such as MI_ RF (60 %), ANOVA_ 

RF (20 %), and CHI2 _RF(20 %) in certain situations when hybrid feature selection 

is utilized, accuracy ratings are improved to 1.00. 

4. Genes found utilizing parallel, sequential, and hybrid feature selection methods 

offered light on the variables involved in immunization efficacy; however, the 

sequential approach (60%) showed to be the most effective of the three.  

5.2 Future Works 

Significant discoveries addressing the effects of different vaccines on antibody 

response and genetic immunity have been revealed by this study, but there are still many 

questions that may be answered with further study. 

1. Exploring the efficacy of different machine learning methods in making 

vaccination efficacy predictions, like Gradient Boosting Machines (GBM), and 

Neural Networks. 

2. Examining the effects of using alternate feature selection methods, such as 

Principal Component Analysis (PCA) and Recursive Feature Elimination (RFE), 

on model performance and feature relevance. 
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3. In order to assure the generalizability of the findings and to improve the 

dependability of the models, it is important to validate them using larger and more 

diverse datasets. 

4. Learning more about the genetic pathways that contribute to vaccination efficacy 

and immune response through in-depth examination and interpretation of the 

selected features and anticipated gene names. 

It is anticipated that improvements in personalized medicine and vaccine production 

would result from addressing these future research objectives, specifically the 

prediction of antibody response and genetic immunological variables. 
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 المستخلص 
 

المناعة ضد الكائنات الدقيقة في مجال علم المناعة والوقاية من الأمراض، تعتبر اللقاحات ضرورية لنقل  

تعرف  ببتيدات  أو  بروتينات  من  للمناعة  المعززة  العوامل  هذه  تتألف  ما  عادةً  الضارة.  والسموم 

بالمستضدات، والتي تحفز إنتاج الأجسام المضادة للدفاع ضد الغزاة المحتملين. فهم مكونات اللقاحات  

ا الصحة  ولضمان  المجال  هذا  لتقدم  الأهمية  بالغ  الجينات أمر  تحديد  مشكلة  يتناول  العمل  هذا  لعامة. 

وتتابعي   متوازي  بشكل  السمات  مختارة لاختيار  أساليب  من خلال  اللقاح.  باستجابة  المتعلقة  المعلومة 

وهجين، ثم يتم مقارنة فعاليتها في اختيار الجينات ذات الصلة. تسلط مرحلة اختيار السمات المتوازية  

 .جينًا 11ا، بينما تميز اختيار السمات التتابعي  جينً  16والهجينة الضوء على 

 

بالإضافة إلى ذلك، يتم تقييم أداء نماذج تعلم الآلة المختلفة باستخدام السمات المختارة. أسفرت مرحلة 

اختيار السمات المتوازية عن نتائج مثيرة، حيث حققت نمذجة التحليل اللوجستي درجة دقة مثالية بنسبة 

. %60و   %20عند   CHI2 ( وكلا اختيارات %60اختبار الانحدار التحليلي للتباين ) عند استخدام    1.00

وبالمثل، في مرحلة اختيار السمات التتابعي، حققت نمذجة التحليل اللوجستي أيضًا درجة دقة مثالية بنسبة  

قة . وعلاوة على ذلك، أسفرت مرحلة اختيار السمات الهجينة عن درجة د %60مسارات عند    6لـ    1.00

وأيضًا مع   MI_RF (20%) مع اختبار  ADA باستخدام نمذجة التحليل اللوجستي ونمذجة  1.00بنسبة  

ونمذجة اللوجستي  التحليل  اختبار RF اختبار  ) ANOVA_RF مع  اختبار% 60عند  وأخيرًا،   .) 

CHI2_RF ( مع نمذجة التحليل اللوجستي أيضًا يحقق درجة دقة بنسبة  %60عند )1.00. 

 

 (CNN) لى ذلك، لتحسين الكفاءة والدقة، تم دمج نموذج شبكة العصبي الاصطناعي المتسلسلبالإضافة إ

 و  MI (60%) و  MI (20%) مع تقنيات اختيار السمات المتوازية مثل

 

 ANOVA  (20%  هذا الدمج يكشف عن تحسين ملحوظ في الدقة. أظهر أداء نموذج .)CNN    على

، وأكد  %20السمات المحصل عليها من مختلف أساليب اختيار السمات، بما في ذلك أربع مسارات بنسبة  

مثل  الهجينة،  السمات  اختيار  وأساليب  التنبؤية.  وقدراته  النظام  دقة  يعزز  التتابعي  السمات  اختيار    أن 

MI_RF  (60% و )ANOVA_RF  (20% و )CHI2_RF (20%  تعزز دقة النظام إلى ،)1.00 . 

 

 

 



 

 

للتحقق من موثوقية النموذج وقدرته على التعميم، تم استخدام مجموعة من البيانات المستقلة لم تكن قد تم 

من    %10هذه الطريقة اختيار عشوائي لنسبة    رؤيتها مسبقًا من قبل النظام للغرض من الاختبار. تضمنت 

مجموعة البيانات الأصلية، والتي كانت جديدة تمامًا بالنسبة للنظام. تم الاحتفاظ بهذه المجموعة الجديدة  

من مجموعة البيانات الأصلية. تم تقسيم بيانات    %90بشكل منفصل عن بيانات التدريب، والتي بلغت  

لاختبار النموذج. تم بعد ذلك تقييم أداء   %30ريب النموذج وجزء يبلغ  لتد   % 70التدريب إلى جزء يبلغ  

 وأظهرت النتائج دقة ونجاح النموذج. %10النموذج على البيانات الجديدة التي بلغت نسبتها  
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