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Abstract 

Type 1 diabetes disease (T1D) is a chronic disease when destruction 

occurs in the beta cells of the pancreas, pancreas releasing minimal or no 

insulin. Glucose may enter cells through the hormone insulin, which the 

body utilizes to make energy. The major problem with T1D is an incurable 

disease, treatment focuses on controlling blood glucose levels. T1D can be 

inherited through genes, thus, genetic factors greatly impact the 

development of T1D. According to current investigations, Biological 

researchers analyzed this disease using statistical analysis methods, and 

researchers in the bioinformatics field classified T1D using various feature 

selection methods and some of machine learning methods for finding the 

genes (features) that cause this disease might assist regulate the condition 

of the patient and support early treatment. Further, with the advantages of 

modern technology, the microarray is a helpful tool that enables scientists 

to concurrently quantify the expression levels of hundreds of thousands of 

genes. 

The main aim of this thesis is to build a model that predicts T1D 

progression with the possible highest accuracy and the least error by 

selecting the most important genes (informative genes). The proposed 

system consists of two main stages: the select genes stage and classifying 

and regression stages. The process of gene selection is performed using 

two parts, parallel and sequential.  This process is used to select a subset 

of the important genes and improve the prediction accuracy of the proposed 

model. Feature selection methods include four methods: Mutual 

Information, Analysis of Variance, Chi2, and Principal Components 

Analysis.  

Generally, the sequential feature selection part of the proposed system 

learns which genes are most informative at each stage and selects the next 
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genes based on the previously selected genes. These are then entered into 

the model to confirm their significance and the accuracy that would be 

achieved by utilizing these genes. While the second part of the proposed 

system performs the parallel feature selection part which selects 

informative genes by each method then the selected genes are entered into 

the model. 

Furthermore, this work sought to provide a prediction model based on 

classification and regression models to define the difference between 

patients with T1D from subjects with genetically non-carriers. The 

available dataset has been used to achieve the objectives of the present 

thesis namely: the T1D dataset. The evaluation has been performed 

depending on measures of prediction (accuracy, recall, precision, and 

RMSE). The results show that the performance of the proposed system is 

effective, where the prediction accuracy reached (0.100) four times from 

the sequential part for classification models, one time from Random Forest, 

and three times from the Support Vector Machine. The lowest RMSE 

reached (0.00) from the Linear Regression model using (the without 

replicate data).  
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Chapter One 

General Introduction 

1.1. Introduction  

According to the International Diabetes Federation (IDF), an 

estimated 463 million people worldwide had diabetes in 2019, and that 

number is projected to increase to 578 million by 2030 and 700 million by 

2045. Type 1 diabetes (T1D) is one of the most common chronic diseases 

in children and adolescents and can begin at any age. The incidence and 

prevalence of T1D are steadily increasing, accounting for about 5-10% of 

people with diabetes [1]. 

While its natural history is not completely known, type 1 diabetes is a 

chronic polygenic illness with a multifactorial genesis that involves 

enduring genetic, autoimmune, and environmental components. The 

condition is characterized by hyperglycemia and impaired insulin 

secretion. Consequently, insulin treatment is necessary for life for those 

with T1D. T1D is frequently linked to higher mortality rates, challenges, 

and shorter life spans [2]. 

A complex interplay of polygenetic predisposition and environmental 

factors leads to type 1 diabetes (T1D). T1D is an extremely difficult 

condition as a result of its many causes. Many problems have previously 

been linked to a variety of factors including the incidence of autoimmunity, 

beta cell death pathways, and genetic changes linked to either one 

(autoimmunity) or the other (beta cell death) or both [3]. Individuals with 

type 1 diabetes are often younger, with an average age under 30. Increased 

blood sugar levels, frequent urination, and increased appetite are typical 

clinical signs. Patients with this kind of diabetes need insulin treatment 

because oral medications alone cannot treat it. Machine learning has been 
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used in various areas of medical health due to its rapid progress, including 

T1D disease [4]. 

An interdisciplinary field called bioinformatics creates techniques and 

software tools to illustrate biological facts and structures, which are 

frequently represented by a large amount of information. Bioinformatics is 

a synthesis of several disciplines that assesses and presents biological and 

genetic data, including software engineering, statistics, computer science, 

and engineering sciences [5]. Global efforts to advance bioinformatics led 

to the formation of computer networks that simplified the entry of 

biological data and aided in the development of basic analytic algorithms. 

Access to several worldwide projects that offer gene and protein databases 

over the Internet is open to the whole scientific community  [6]. 

A system for evaluating medical data to identify illnesses is made possible 

by machine learning techniques, which are becoming more and more 

crucial in the healthcare industry. The intention is to make it easier for 

medical professionals to diagnose illnesses. Machine learning is a 

technique that enables computers to automatically learn from experience 

and improve. The development of computer programs that can access data 

and utilize that data through a number of algorithms to decide for 

themselves what actions to take in response to that data is known as 

machine learning [7]. 

1.2. Thesis Motivation 

The specific death of insulin-producing beta cells in the pancreas 

causes type 1 diabetes (T1D), a chronic autoimmune illness. The 

complicated processes that cause illness beginning and progression—

which entail the breakdown of many tolerance networks—have not yet 

been completely understood [3]. The International Diabetes Federation 
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believes that the prevalence of type 1 diabetes among children and 

adolescents under the age of 15 is rising globally, with notable regional 

variations, at an estimated rate of roughly 3% annually. According to 

estimates, type 1 diabetes affects more than 96,000 children and teenagers 

under the age of 15 each year, rising to more than 132,600 by the age of 

20. It is estimated that more than one million children and adolescents 

under the age of 20 suffer from type 1 diabetes worldwide [8]. 

1.3. Problem Statement 

Gene expression data plays a crucial role in understanding the 

underlying molecular mechanisms and identifying potential biomarkers or 

therapeutic targets for T1D. The problem is to develop an accurate and 

reliable machine learning model that can predict gene expression patterns 

in individuals with Type 1 Diabetes (T1D) using a given dataset. The 

dataset contains genetic information and corresponding gene expression 

levels from T1D patients, with the goal of understanding the underlying 

molecular mechanisms and identifying potential biomarkers associated 

with T1D.   

The successful completion of this project will contribute to a better 

understanding of T1D at the molecular level, potentially leading to the 

discovery of novel therapeutic targets and personalized treatment strategies 

for individuals with T1D, and it could have significant implications for 

early diagnosis and personalized treatment. The primary issue addressed in 

this thesis is "the prediction of T1D ". 

 

1.4. Related Works  

Gene expression offers the possibility of diagnosing different 

diseases, by using precise Deoxyribonucleic Acid (DNA) arrays containing 
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powerful gene expression data acquisition technology. In many different 

sectors, research has been conducted to improve the quality of care for 

patients with diabetes and reduce its effects, including artificial intelligence 

and machine learning. In several studies, ML models used to predict and 

classify diabetes have been mentioned. 

In [2] an identification marker genes of incident T1D in PBMC of 

children via an ML analytic strategy attuned to the high dimensional 

structure of microarrays, with downstream analyses providing high 

biological plausibility. Data used are available on the open-source National 

Center for Biotechnology Information Gene Expression Omnibus (NCBI 

GEO) platform with the unique GEO accession ID of GSE9006. Gene 

expression values of this curated dataset were log2 Normalized to create 

symmetric distributions devoid of skewness. 16 dimension-reduction 

algorithms had been applied belonging to three categories after removing 

redundancies, the collated feature set produced by all algorithms contained 

1003 genes. Machine learning with hyper parameter tuning was performed 

on the reduced feature set using four algorithms, namely, multivariate 

adaptive regression splines (MARS), adaptive boosting (AdaBoost), 

random forests (RF), and extreme gradient boosting dropouts meet 

multiple additive regression trees (XGB-DART) with an accuracy of 100% 

for each model . 

In [9], the gene expression dataset (GSE55098) for type 1 diabetes 

(T1D) is used to classify the immune cell-related genes that have a role in 

the occurrence and development of T1D and possibly contribute to finding 

an immunotherapy for it. Hub genes are investigated using least absolute 

shrinkage and selection factor (LASSO) and support vector machines 

(SVM). Gene prognostication in T1D is evaluated using receptor operating 
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characteristic curves and the highest value is area under the ROC curve 

(ROC) AUC = 0.918 for the immune-related genes. 

In [10] , Genes have been identified as the most frequently reported 

and differentially expressed genes (DEGs) in diabetes using bioinformatics 

approaches. Text mining was used to screen 40,225 article abstracts from 

diabetes literature. These studies highlighted 5939 diabetes-related genes 

spread across 22 human chromosomes, with 112 genes mentioned in more 

than 50 studies. Three datasets (44 patients and 57 controls) were subjected 

to gene expression analysis, the analysis revealed 135 significant DEGs. 

Text mining and gene expression analysis results are used as attribute 

values for machine learning (ML) analysis. The decision tree, extra-tree 

repressors and random forest algorithms were utilized in ML analysis to 

identify unique markers that could be used as diabetes diagnosis tools. 

These algorithms produced prediction models with accuracy ranging from 

0.6364 to 0.88. There are 39 biomarkers that could distinguish diabetic and 

non-diabetic patients. 

In [11], three datasets are analyzed to determine the causes of beta-

cell dysfunction and type 2 diabetes (T2D) deficiency. In order to 

distinguish between healthy cells and cells with T2D, attention and focus 

are given to the levels of expression of essential genes. To obtain the 

influencing factors, the mutual information and correlation coefficients are 

calculated. Five machine learning classifiers are used: Bayesian network, 

SVM, RF, LR1,and neural network (NN), The highest accuracy (ACC) 

obtained for random forest classifier is 0.907. 

In [12], six long non-coding ribonucleic acid (lncRNA) expression 

for T2D is used with four classification machine learning models, 

including nearest neighbors (KNN), SVM, LR1, and artificial neural 

networks (ANN) to diagnose T2D. These algorithms are compared with 
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each other in terms of diagnostic accuracy. The best area under the curve 

had SVM and logistic regression among the classification methods with an 

average AUC of 0.95. 

In [13], two datasets (GSE38642) and (GSE13760) of  T2D gene 

expression data are used from the Gene Expression Omnibus (GEO) 

database, the feature selection methods used are Fisher Score and Chi-

square. By these methods, a subset of genes was obtained, numbering 

between (1800 – 2700). Logistic regression and SVM classifiers machine 

learning models are applied on the subset of genes for predicting genes that 

cause T2D, the highest accuracy is 0.902 for the logistic regression model 

when it is used on the fisher score method, when using the same model on 

chi-square accuracy is 0.88, while SVM classification did not produce 

satisfactory results. 

In [14], the RNA-Seq dataset (GSE164416), which contains T2D 

samples and healthy samples, is used to discover biomarkers that directly 

affect the diagnosis of T2D and early prediction of its risk. The validity of 

the biomarkers is validated using (SVM) machine learning model. The 

identification of patients with T2D is evaluated with a sensitivity and 

specificity of 100%. 

In [15], the authors developed a brand-new deep learning (DL) 

model to forecast T2D. First, 224 single-cell gene regulatory networks 

(SCGRNs) from pancreas with T2D and healthy pancreas have been 

assembled into a dataset and made available to the general public. Then, 

the dataset is used to train each of the seven DL architectures—VGG16, 

VGG19, Xception, ResNet50, ResNet101, DenseNet121, and 

DenseNet169 and a test set is used to evaluate each architecture's 

predictions. The results showed that the VGG19 prediction results are 
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consistent, with this design attaining the highest accuracy of 0.98.                

Summary of the related works, with more details are listed in Table (1.1). 

Table (1.1): A Summary of Related Works. 

 

1.5. Thesis Aim and Objectives 

This thesis aimed to identify genes that may affect T1D and provide 

classification and regression models that can help the medical sector 

predict T1D patients, prevent the progression of the disease, and support 

health. To achieve these aims, first, determine a subset that represents the 

most informative genes from gene expression datasets used for the 

Author  Dataset type Disease 
type 

Preprocessing/ 
feature selection 
method  

Model  Evaluation  

[2] Gene Expression  omnibus  
GEO GSE9006 

T1D Log2 
Normalization 

MARS, 
AdaBoost, RF, 
and XGB-DART 

Acc: 0.100 

[9]  
 
 

Gene expression omnibus 
GEO (GSE55098) 

T1D Log2  
 

SVM and LASSO 
 

AUC: 0.918 
 

[10] Three gene expression 
datasets 

Diabetes Chi2 
RF 

DT, RF Acc : 0.88 

[11]  Three expression dataset 
of  β-cell 

T2D Correlation  
coefficients and 
MI 

Bayesian N. 
SVM, NN 
LR1, and RF 

Acc(RF):0.907 

[12]  Lnc RNA expression and 
demographic data 

T2D Normalization  
Missing value 

KNN, SVM 
LR1, and ANN 

Acc(SVM): 0.95 
 

[13]  RNA-seq expression data  
(GSE38642) and 
(GSE13760) 

T2D Fisher score and 
Chi2 

SVM and LR1 Acc (LR): 0.902 

[14]  
 

RNA-seq expression data 
(GSE164416) 

T2D Log2  
 

SVM Acc: 0.100 

[15] Single-cell data consist of 
genes and cells 

T2D Optimization  
 

Deep learning AUC: 0.861 
Acc: 0.861 
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classification and regression tasks. Then implementing classification and 

regression models based on the selected genes. 

 

1.6. Challenges of the Problem Statement  

 Dimensionality's curse: There are an enormous number of genes 

in the gene expression data (containing thousands of genes). Not 

all genes are helpful; some genes are redundant and useless data 

in the dataset, which is a regular occurrence. Thus, it is 

challenging to work with this huge number of genes. 

 Applying machine learning models: This provides another 

challenge since it must be done with the least amount of mistakes 

and a maximum level of accuracy. 

 The replications in T1D dataset: the dataset has number of 

replicates, where each replicate contain a set of different samples. 

The manipulation of these replicates in the dataset present a 

difficult. 

 

1.7. Thesis Outline  

After chapter one, which presents a general introduction, the rest of the 

thesis is organized as follows:  

 Chapter Two introduces a theoretical background of the extensive 

description of the main fundamental biological concepts, 

preprocessing technique, methods used to reduce the data dimensions, 

machine learning algorithms, and metrics of evaluating the models 

which are used later in this thesis.  

 Chapter Three shows the proposed system. It explains the 

preprocessing phase, then the ranking genes phase for dimension 

reduction, the followed phases identify the important features (genes) 
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in the T1D dataset. Then, the models of classification and regression 

are created. 

 Chapter Four illustrates and discusses the implementation of the 

proposed system on the T1D datasets and the experimental results 

obtained after implementing the proposed model.  

 Chapter Five describe the conclusions obtained based on the thesis 

outcomes and highlights possible directions for future works. 

 

 



   

 

 

  

 

 Chapter Two  

                Theoretical Background  
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 Chapter Two 

Theoretical Background 

2.1. Introduction  

 This chapter describes type 1 diabetes T1D disease, then explanation 

for biological concepts which include, gene expression and the microarray 

technology used to represent data and demonstrates the used dataset. Then 

a literary background to the concepts of machine learning, which includes 

brief: data pre-processing, feature selection methods, machine learning 

models. 

2.2. Type 1 Diabetes (T1D) Disease  

Diabetes is regarded as one of the most common chronic diseases in 

the world, one of the diabetes types is the type 1 diabetes (T1D), and T1D 

is high blood glucose. Despite the severity of this disease, type 1 diabetes 

can influence individuals and their condition progresses to an advanced 

stage without them realizing it, making the disease hard to manage [1]. 

T1D is the result of the destruction of β-cells in the pancreas, leading to a 

lack of insulin such that the infected body requires daily injections of 

insulin to keep blood glucose under control [2]. 

T1D is primarily common in children and teenagers and is thought to be 

the primary form emerging from the interplay of autoimmune. This kind 

has higher mortality and health care expenses than type 2. Its precise 

molecular mechanism is currently unknown and ambiguous [3].  

Hyperglycemia is one of the most important features of diabetes, caused 

by a defect in insulin secretion or action, or both. One of the complications 

of hyperglycemia is an imbalance of body functions and failure of some 

organs, and the disease becomes chronic [1]. Signs of high blood glucose 

include constant thirst, excessive urination, and excessive hunger [4]. 
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2.3. Biological Concepts  

In this section, explains a biological concepts that are necessary to 

produce the used data, including the gene expression and the microarray 

technology.    

2.3.1. Gene Expression  

The method for producing the necessary proteins through gene 

expression defines the physical components of living entities. 

Transcription and translation are the first two steps in gene expression. 

Enzymes are used to transmit information from DNA to RNA, and the 

process results in the synthesis of proteins and other biological compounds. 

DNA microarray is one method that may be used to measure gene 

expression from DNA or RNA [5]. The main genetic building blocks of 

living things are genes. The genetic information needed to encode certain 

RNA and cellular proteins is found in genes, which are parts of DNA. The 

basic tenet of molecular biology holds that proteins are created from DNA 

in a procedure that involves two key phases as illustrated in Figure (2.1). 

   

    Figure (2.1): Dogma Central to Molecular Biology. 

 

 A gene in DNA is expressed in the first phase, transcription, by converting 

its encoded information into messenger ribonucleic acid (mRNA). When 

Transcription   

DNA RNA Protein  

Replication  

Translation  
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Ribosomes have decoded the information from the mRNA, this process is 

known as translation and results in the production of proteins. Gene 

expression, which entails these two stages, enables a gene to be expressed 

as a protein [6].   

2.3.2. Microarray Technology 

Long used in global gene expression research, microarray 

technology (also known as DNA chip) enables the concurrent examination 

of hundreds or thousands of genes in a sample. It is distinguished by limited 

sample size and a high number of features produced by an incomplete rank 

and non-square matrix, which can produce many solutions in classifiers 

[7]. The most recent development in experimental molecular biology, the 

microarray technology, enables biomedical researchers to concurrently 

evaluate the expression levels of thousands of genes [8]. For each gene, 

microarray technology typically saves hundreds of expression data points. 

A matrix sometimes referred to as a gene expression matrix, can be used 

to represent the processed data from the microarray image file, containing 

rows expressing genes and columns expressing specific conditions. 

Structure of the gene expression matrix is shown Figure (2.2) [9]. 

 

 

 

 

 

 

 

 



Theoretical Background   Chapter Two 

13 
 

Figure (2.2): Gene Expression Matrix Structure [9]. 

2.4. Dataset  

The gene expression dataset used can be accessed Gene Expression 

Omnibus (GEO) database (http:// www. ncbi. nlm. nih. gov/ geo/). Gene 

expression data for type 1 diabetes T1D were used in the proposed system. 

Two datasets are used with GEO accession (GSE35725) and (GSE52724). 

The dataset has the code (GSE35725) published on 01 September 2012 and 

the dataset has the code (GSE52724) published on 13 May 2014 by the 

National Center for Bioinformatics Information (NCBI) [10], T1D datasets 

are analyzed using microarray technology to monitor the level of gene 

expression.  

2.5. Data Preprocessing 

Preparing data for the ML model is known as data preprocessing. It 

is the first and most crucial step in creating an ML model, and it has a 

significant impact on both the model's accuracy and effectiveness [11].  

 Reduce data size, identify relationships between data, normalize data, 

eliminate outliers, and extract characteristics from data are all goals of data 

preprocessing. There are several procedures involved, including data 

cleansing, integration, transformation, and reduction [12]. 
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2.5.1. Data Cleaning 

Data cleaning is the beginning of any machine learning project and 

is considered the most critical process in data science. This is important in 

ensuring the dataset is free from erroneous data. Data cleaning can be done 

manually with data collection tools or automatically with a computer 

program. Data cleaning is considered an essential first step in machine 

learning models, and its frameworks are increasingly being developed. It 

involved removing noisy or irregular data and guaranteeing no unwanted 

or invalid data before passing it to the machine learning model [13].  

Because impure data is unreliable, users who rely on it have to 

expend more time verifying its accuracy, further reducing speed and 

productivity. Adding more manual methodologies introduces more 

inaccuracies and inconsistencies as the number of changed records 

increases. Therefore, it is important to understand the implications of these 

inconsistencies as helps in understanding various practical implications 

such as a large enough amount of incomplete information does not affect 

ML models. so the same amount of effort spent cleaning or retrieving 

specific data or missing information does not change the quality of other 

machine learning models [12]. 

2.5.2. Data Integration  

The act of merging data from several sources and giving the user 

a consistent representation of that data is known as data integration. 

Building data integration systems is essential to the latest real-world 

applications and features a variety of theoretically intriguing topics. 

Establishing the correlation between the data in your assets and the data 

in the overall model is one of the most important elements in designing 

your data integration framework. In principle, many global databases 
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are suitable for such a source database-specific data integration system 

[14]. 

2.5.3. Missing values 

Missing values are typically attributed to human errors in data 

processing, machine failures due to device malfunctions, respondents' 

refusal to answer specific questions, abandonment of surveys, and 

merging of unrelated data. The problem of missing values leads to 

various problems like slow performance, data analysis problems and 

skewed results caused by differences between missing and complete 

values [15].  

In a dataset, it is typical for certain columns to contain missing 

values. Missing values must be taken into account since they may cause 

a model's feature to be eliminated. Simple interpolation techniques can 

fill such concerns if a respectable quantity of values is missing. The 

most popular approach is to utilize the mean, median, or mode values 

of the model features [16]. 

2.5.4. Data Normalization:  

Data normalization is considered one of the first steps in processing 

a dataset. It is applied before the data is used, such as to increase or 

decrease a range of values. Normalization is convenient and useful in 

dataset problems with classification and regression by converting feature 

values for a specific and small range [17]. 

 

Min-Max Normalization: This is a linear transformation technique used 

in procedures where it is significant to maintain the relationship between 

the original data set. In addition, it is considered to be one of the simple 

techniques suitable for a dataset within certain limits [18]. Min-Max 

normalization is done according to Equation (2.1)  
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ݓ݁݊	݂                                    ൌ 	
௙ି୫୧୬	ሺ௙ሻ

୫ୟ୶ሺ௙ሻି୫୧୬	ሺ௙ሻ
                                      (2.1)                 

Where 

݂: is the feature (gene) value. 

 .݂	is the normalized :ݓ݁݊	݂

min	ሺ݂ሻ: is the minimum amount for a feature f.  

maxሺ݂ሻ: is the maximum amount for a feature f. 

 

2.5.5. Data augmentation   

Data augmentation is a series of procedures that grow and enlarge 

data while maintaining its label. It is considered a novel data creation 

approach that can create 2N new samples from N samples and has diverse 

data orientations. For researchers, data augmentation addresses two 

problems: it increases the amount of data from a little amount of data and 

reduces over fitting. Many data augmentation techniques are utilized to 

make the most of the restricted amount of data [16]. 

2.6.  Student’s t-test  

The Student's t-test, also known as the t-test, is a parametric 

statistical test used to compare the means of two data sets. It can be used 

when the samples meet the conditions of normality, equal variance, and 

independence [19]. For a one-sample test, the value of the t-statistic is 

simply the distance between the sample mean and the mean of the 

distribution μ in units of the standard error. The calculated t-score is 

compared to the t-distribution to determine statistical significance. The tails 

of the t-distribution identify the rejection region (i.e., rejection of the null 

hypothesis of no difference) and are selected from tabulated t-scores [20]. 

The formula of the test as in the Equation (2.2):  
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ݐ     ൌ 	
௫̃ି	ఓ₀

	௦
√௡
ൗ

                                      (2.2)                                     

Where 

 .is the mean of the sample :ݔ̃ 

 .is the mean of the expected population :₀ߤ 

	݊: is the sample size. 

 ଶ:  is the variance of the estimated population, Equation (2.3) defined asݏ  

[21]: 

ଶݏ ൌ 	
ଵ

௡ିଵ
∑ ሺ	݅ݔ െ ሻ²௡̃ݔ	
௜ୀଵ 	                         (2.3)   

 

2.7. Feature Selection Methods 

A dataset is a group of data elements that can be points, patterns, 

events, cases, samples, examples, or characteristics. Because of this, these 

data items are usually characterized by a variety of traits that provide the 

object's essential qualities, such as the object's mass, the time of 

occurrence, etc. A feature (gene) might be a distinct attribute that can be 

assessed or it can be a part of the phenomenon [16]. 

The "curse of dimensionality problem," which prevents the dataset 

from providing useful information, is the main flaw with microarray data 

[22]. Therefore, choosing a particular group of genes from data collection 

is difficult in the discipline of bioinformatics. ML models require a long 

time to run since microarrays of this sort include a small number of samples 

and a big number of genes [2]. The process of selecting a subset of the most 

significant features from a dataset to characterize the target variable is 
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known as feature selection. Feature selection approaches are categories in 

three categories, wrapper, filter, and embedded [23]. 

 The two main sources of feature selection's popularity in microarray 

data analysis are biology and computer science/statistics. Finding 

significant genes that are impacted or even responsible for disease may be 

accomplished by choosing genes from microarray data that allow for good 

differentiation between healthy and afflicted patients. This is a crucial step 

in comprehending a basic biological procedure. Nevertheless, because of 

sample sizes for each feature, computational and statistical experts are 

primarily focused on finding solutions to the issues of over fitting, 

redundancy, and data noise. Trait selection has therefore been used to 

decrease the number of features (genes) by eliminating illogical features 

like categorical data in gene expression data and considerably improving 

the categorization accuracy [24]. 

 
2.7.1. Mutual Information (MI) Method 

  Calculating the amount of information for one variable in respect to 

other related variables is the process of determining mutual information. 

The idea of mutual information may be used for feature selection since it 

provides a technique for determining how well a subset of features covers 

the output vector [25].  

Assume X and Y stand for a gene and a class label, respectively. First, the 

entropy H(X) is used to calculate the entropy of (X), and the entropy H(Y) 

is used to calculate the entropy of (Y). The equations (2.4) and (2.5) 

represent H(X) and H(Y) respectively [3]. 

ሺܺሻܪ ൌ 	െ	∑ ሻݔሺ݌ ݃݋݈ ሻ௫∈௑ݔሺ݌                         (2.4) 

ሺܻሻܪ ൌ 	െ	∑ ሻ௬∈௒ݕሺ݌	݃݋ሻ݈ݕሺ݌                           (2.5) 
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 The probability of (X) and (Y) are represented, respectively, by P(X) 

and P(Y). Second, the joint entropy H (X, Y) calculation measures the 

degree of uncertainty between (X) and (Y). It is calculated using Equation 

(2.6): 

;ሺܺܪ ܻሻ ൌ 	െ	∑ ∑ ,ݔሺ݌ ,ݔሺ݌	݃݋ሻ݈ݕ ሻ௬∈௒௫∈௑ݕ                      (2.6) 

 

P (X, Y) denotes the joint probability that (X, Y) values will occur 

simultaneously, and the conditional entropy is defined in Equation (2.7) 

[26]: 

 

ሺܺ|ܻሻܪ ൌ 	െ	∑ ∑ ሻ௬∈௒௫∈௑ݕ|ݔሺ݌	݃݋ሻ݈ݕ|ݔሺ݌    (2.7) 

 

Lastly, it calculates the mutual information MI (X, Y) between two random 

variables (X, Y) according to the equation (2.8). 

;ሺܺܫ ܻሻ ൌ 	െ	∑ ∑ ሻݕ|ݔሺ݌ log 	
௣ሺ௫,௬ሻ

௣ሺ௫ሻ	௣ሺ௬ሻ௬∈௒௫∈௑   (2.8) 

 

From Equation (2.8), the relation between MI and entropy may be derived 

in Equation (2.9):  

 

;ሺܺܫ ܻሻ ൌ ሺܺሻܪ െ ሺܺ|ܻሻܪ ൌ ሺܻሻܪ	 െ                    (2.9)	ሺܺ|ܻሻܪ	

 

In light of this, MI may be used to select a subset of characteristics that 

enhance the relevant data and X, Y that minimize H (X, Y). In the end, this 

aids in understanding how the original data's underlying relationships are 

represented by machine learning models [27]. The use of mutual 

information to select features is done by selecting a subset of features 

(genes) from the data set that includes all the features [28].  
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2.7.2. Analysis of Variance (ANOVA) Method 

ANOVA is known as the F statistic; It is used for reducing the size of 

datasets containing a huge number of features in order to acquire a new 

dataset that can be defined using the fewest number of variables [29]. 

ANOVA is generally used in a data set with many classes to check if 

the means have a big contrast between them [22]: 

  
(a) Equations (2.10) and (2.11) are used to compute the variation 

between the group:  

ሻܵܵܤሺ	ݏ݁ݎܽݑݍݏ	݂݋	݉ݑݏ	݊݁݁ݓݐ݁ܤ           ൌ 	∑݊݅ሺݔ¯	݅	 െ  ²          (2.10)	ሻ	¯ݔ	

ሻܵܯܤሺ	ݏ݁ݎܽݑݍݏ	݊ܽ݁݉	݊݁݁ݓݐ݁ܤ          	ൌ        (2.11)                          ݂݀/ܵܵܤ	

(b) Equations (2.12) and (2.13) are used to compute the variation within 

the groups: 

ሺܹܵܵሻ	ݏ݁ݎܽݑݍݏ	݂݋	݉ݑݏ	݄݊݅ݐܹ݅              	ൌ 	 ሺ݆݅ݔ	 െ  (2.12)           ²ߪሻ݅¯ݔ	

ሻܵܯሺܹ	ݏ݁ݎܽݑݍݏ	݊ܽ݁݉	݄݊݅ݐܹ݅              	ൌ  (2.13)                  ݓ݂	݀/ܹܵܵ	

 

Where: 

df: is the degree of freedom. 

dfw = (N − k) 

σ: is the standard deviation. 

N: is the number of samples. 

K: is the number of groups. 

nk: is the number of samples in group k. 

(c) F-test statistic is calculated as in Equation (2.14): 

	ܨ                            ൌ  (2.14)                             ܵܯܹ/ܵܯܤ	
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2.7.3. Chi-square ( χ2 ) Method 

One of the statistical analysis techniques that are non-parametric. 

The Chi-square test is a useful tool for comparing experimentally obtained 

findings with those expected theoretically based on a hypothesis.The Chi-

square formula calculates the actual discrepancy between the observed and 

expected frequencies. In sampling studies, where it is constantly important 

to look at the gap between theory and reality, it is obvious that the relevance 

of such a measure would be significant  [30]. The value of the Chi-square 

is calculated using the Equation (2.15) 

ଶݔ ൌ 	∑
ሺை௜ିா௜ሻ²

ா௜

௞
௜ୀଵ 		                          (2.15)       

Where 

	ܱ݅: is the observed value in the ith class. 

 .is the expected value :݅ܧ 

 k:   is the number of classes [23]. 

 

2.7.4. Principle Component Analysis (PCA) Method 

PCA is regarded as a linear transformation method that performs an 

orthogonal translation of bound input data into unbound features. It is a 

frequently used technique for feature extraction, data compression, size 

reduction [32]. PCA creates base components, which are input features 

converted from related to unrelated because the output data contains fewer 

unrelated features [33]. PCA method applied using applying the equations 

of the calculated the covariance matrix, this matrix represents the variance 

of the data and also shows the covariance between the variables. Provides 

an empirical description of the data [34]. The covariance matrix is 

formulated using the formula in the Equation (2.16):  
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,	ݔ	ሺݒ݋ܥ ሻ	ݕ ൌ 	
∑ ሺ	௫௜ି௫͞	ሻሺ	௬௜ି௬͞	ሻ೙
೔సభ

ሺ	௡ିଵ	ሻ
                      (2.16)  

The result would be a square matrix of d ×d dimensions. 

 

Diagonal elements store the variance of the principal components. When 

the off-diagonal entries of the covariance matrix are positive, x and y grow 

together. Otherwise, x decreases as y increases.  

 Using the covariance matrix, eigenvalues and eigenvectors are computed 

for each predictor. The eigenvalues are the solutions to the characteristic 

Equation (2.17):  

|A — λ I| = 0   (2.17) 

Where: 

A: is a matrix. 

I: is the identity matrix. 

λ: is a scalar value.  

Once the eigenvalues are found, the eigenvectors can be found by solving 

the equation (2.18) for each eigenvalue: 

Av = λ v              (2.18) 

Where: 

v: is a non-zero vector. 

 

The following step is to organize the eigenvalues in descending order as 

shown in equation (2.19), where the feature with the largest eigenvalue is 

the main component of the data set.									 

	1ߣ ⩾ 	2ߣ	 ⩾ ⋯  (2.19)                ݊ߣ	

A new feature vector is formed that contains all the basic components of 

the dataset. The size of the dataset is diminished to include only those 
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features that capture the greatest amount of knowledge and are not 

associated with each other. 

 

2.8. Machine Learning Models  

One of the branches of artificial intelligence that deals with many 

issues is machine learning. To address these challenges, several algorithms 

have been created [33].  In the field of medicine, machine learning models 

are becoming more useful, with the development of machine learning, 

complicated and high-capacity biomedical data can now be 

computationally analyzed [35]. Models with excellent predictive 

capabilities are used, which are created expressly for issues with big 

volumes of data and noise. ML models are utilized for a variety of issues, 

including classification and regression issues.  

Using regression analysis, two ideas are supported. First and 

foremost, regression analysis is frequently used for forecasting and 

prediction, two tasks for which machine learning and its application are 

relatively comparable. Second, regression analysis may be utilized in 

specific circumstances to establish the causal links between the 

independent and dependent variables [36].  

 

2.8.1. Random Forest (RF) Method 

A supervised method with several prediction trees is called random 

forest [37]. Random forests are one of the useful methods used recently in 

biological research because to their adaptability and simplicity. The 

outcomes demonstrate the relative importance of each characteristic when 

there are several variables since each one serves a distinct purpose in the 

prediction process [38]. 
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Random forest combines the results from several trees, adding 

additional layer for bagging, as opposed to determining a solution. By 

bootstrapping dataset samples, bagging produces n predictors utilizing 

independent sequential trees. An estimation or classification problem is 

handled by averaging the n predictors. By averaging the forecasts for each 

tree, decision trees that make up a random forest structure are created 

[39][40]. While the average of numerous different tree predictions is used 

in regression, the majority of trees suggest answers to classification 

problems [41]. Here is a brief description of the random forest method to 

construct number of trees, select bootstrap samples from the original 

dataset. For each bootstrap sample, build a classification or regression tree. 

At each of the tree's nodes a predictor variables (or a subset of features) are 

randomly chosen from all of the predictor variables and placed at each node 

of the tree (random subspace). The binary split is carried out on the node 

with the predictor variable that offers the best split. The previous phase is 

carried out by the next node, which then randomly chooses another set of 

m variables from among all predictor variables. If a new dataset has to be 

categorized, use the sub trees overall majority vote. 

 

2.8.2. Support Vector Machine (SVM) Method 

 Support vector machines are supervised learning methods for data 

analysis and pattern identification. The three major uses of SVMs are 

regression analysis, classification, and novelty detection. Using a two-class 

learning task that splits subsequent observations between the two classes 

on each side of a hyperplane shown in Figure (2.3), an SVM training 

technique builds a model or classification function from a collection of 

training data, SVM is a non-probabilistic binary linear classifier. The 

observations are represented as points in space by an SVM model, and as 
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a result, they are split into various partitions based on the maximum margin 

to the closest observation data point of each class. Following that, further 

observations are anticipated to fall on one of the two sides of the partition, 

corresponding to a class. When a training dataset of n points of the form 

(p1, q1)… (pn, qn), where the qi are either 1 or −1, each indicating the class 

to which the point  pi belongs and each pi  is a p-dimensional vector. The 

maximum margin hyperplane that divides the group of points pi for 

which  qi  =1 from the group of points for which  qi = -1, which is defined 

in Equation (2.20), the distance between the hyperplane and the nearest 

point  pi  from either group is maximized. Any hyperplane can be written 

as the set of points  pi  satisfying 

ݓ ∗ ݌ െ ܾ ൌ 0     (2.20) 

Where w is the normal vector to the hyperplane. 

The parameter 
௕

||௪||
 determines the offset of the hyperplane from the origin 

along the normal vector w [39]. 

Figure (2.3): The SVM Method Find The Hyperplane. 

w

1p 

2p 
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SVM is used in applications involving binary classification to 

minimize the error by locating an acceptable hyperplane that divides the 

two categories. The kernel function may be calculated by choosing data 

from a lot of different dimensions. This step could improve in separating 

the data linearly because most problems do not have a linear relationship 

[35]. In the realm of medicine, this method is frequently used to identify 

diseases. The SVM method attempts margin maximization, which implies 

that it seeks to establish a maximum distance between various classes since 

the dataset may contain several such hyperplanes [34]. The fundamental 

model is a classifier that identifies the largest margin in the region. SVM 

is used to categorize two types of data.  

Regression problems are resolved with support vector regression 

(SVR) utilizing a support vector machine (SVM). The strip is used by the 

SVR to fit the data, there is a setting that controls and adjusts the width of 

this strip. SVR will find an appropriate line (or hyperplane in higher 

dimensions) to fit the data depending on how much model error is tolerable, 

Figure (2.4): The SVR Method Find The Hyperplane. 

1p 

2p 

Ɛ: margin of tolerance (epsilon of deviation)  
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according to the Equation (2.21). Reduce the discrepancy between the 

function's anticipated cost and the actual output for a certain input [42]. 

ݕ ൌ ݓ	 ∗ ݌ ൅ ܾ     (2.21) 

 

2.8.3. Linear Regression (LR) Model 

The most often used prediction model for finding out how variables 

relate to one another is linear regression. There are two forms of linear 

regression: simple linear regression and multiple linear regression. [43] 

Equation (2.22) describe the linear regression model: 

ݕ ൌ ߚݔ ൅  (2.22)                                               ߝ	

Where: 

 .is the dependent (response) variable : ݕ

x: is the independent (predictor) variable. 

 .is the estimated slope :ߚ

  .is the estimated intercept :ߝ

A statistical technique called multivariate linear regression (MLR) 

makes use of a number of explanatory factors to predict the results of a 

response variable. The goal of (MLR) is to model the linear connection that 

will be investigated between the independent variables x and the dependent 

variable y [44]. Equation (2.23) and Figure (2.5) show the fundamental 

model for MLR: 

ݕ ൌ ݅ߚ	݅ݔ∑ ൅  (2.23)                          ߝ
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Figure (2.5): Multiple Linear Regression [43]. 

 

2.9. Evaluation Metrics 

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 [45]. 

2.9.1. Accuracy (Acc): The accuracy metric calculates the proportion of 

accurate predictions to all occurrences that are analyzed [45]. Equation 

(2.24) can be used to determine accuracy:  

ܿܿܣ ൌ 	
்௉ା்ே

்௉ାி௉ା்ேାிே
                           (2.24) 

Where:  

TN: true negative. 

TP: true positive. 

FP: false negative. 

FN: false negative. 
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2.9.2. Precision: is employed to calculate the percentage of accurately 

predicted positive patterns inside a positive class [45]. Equation (2.25) 

contains the following formula that may be used to calculate precision: 

݊݋݅ݏ݅ܿ݁ݎܲ ൌ 	
்௉

்௉ାி௉
                     (2.25) 

 

2.9.3. Recall: is the proportion of Positive samples to all Positive samples 

that have been correctly classified as Positive. How effectively the model 

can distinguish Positive samples is measured by recall. When the recall is 

higher, there are more positive samples discovered [23]. The recall is 

calculated using Equation (2.26). 

                                ܴ݈݈݁ܿܽ ൌ 	
்௉

்௉ାிே
                          (2.26) 

 

2.9.4. Root Mean Square Error (RMSE): is a metric that is frequently 

used to calculate the prediction scores or standard deviation of the 

residuals. Equation (2.27) illustrates the departure of predictions from the 

regression line [5]. 

ܧܵܯܴ ൌ 	ට∑
ሺ	௫௜ି௫෤௜ሻ²

௡
௡
௜ୀଵ                   (2.27) 
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Chapter Three 

The Proposed System 

3.1.   Introduction  

In this chapter, the main objectives of this thesis are explained. This includes a 

proposed system for classifying and predicting gene expression data on type 1 

diabetes using machine learning methods. The block diagram of the proposed system 

is clarified first and then discussed in the pre-processing to prepare the data for the 

following stages, the total number of genes is reduced by the ranking of genes, then 

a subset of the total genes is selected to be the stage of feature selection, then the 

classification models and regression models, finally the evaluation methods for the 

proposed system. 

3.2. The Proposed System Design  

The design of the proposed system consists of two main parts, the first part 

includes five main stages (pre-processing, ranking, feature selection, classification 

models, and evaluation) to achieve the goal of this thesis. The stages are clarified 

here, the first stage is the preprocessing of the data, which includes data cleaning, 

integration, handling missing values , and normalization. The second stage is gene 

ranking using the student’s t-test to select a subset of the original genes. Feature 

selection is the third stage for reducing the original genes to the genes most related 

to the disease and these methods include Mutual Information, Chi-Square, Analysis 

of Variance, and Principle Component Analysis. Two paths are used to apply the 

feature selection methods, single feature selection and multiple feature selection. 

The fourth stage is machine learning classification models, including Random 

Forests and Support Vector Machines. The fifth stage evaluates each model using 

the performance metrics. 
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 The second part of the proposed system includes four stages (pre-processing, 

ranking, regression models, and evaluation), these parts are used for this thesis’s 

goals. The stages are explained here, the first stage is the preprocessing of the data, 

which includes handling missing values and normalization. The second stage is the 

ranking of genes using the student’s t-test. The third stage is the machine learning 

regression models, including (Linear Regression, Random Forest Regression, and 

Support Vector Regression). The fourth stage is the evaluation of the model 

performance. Figure (3.1) shows the general design of the proposed system. 

3.3. Preprocessing Stage of the T1D Dataset  

Preprocessing is a necessary step to prepare the data to fit machine learning 

models (classification models and regression models), raw data may contain missing 

values that must be handled, as well as transforming the data into a simple and 

efficient format, in the chapter four the details of the T1D dataset are mentioned and 

applied the preprocessing methods.  

3.3.1. Data cleaning: The two datasets contain unwanted samples, and 

therefore specific samples are taken from both sets to be suitable for 

working, and the take depends on the stage of the T1D disease, a 

description of the dataset in the appendix A. 

3.3.2. Integration: In this step, data is taken from several sources and 

concatenated in one dataset to work on it permanently. Samples for 

different stages of the disease are combined from two datasets that have 

the same features (genes). This merge aims to assist in the classification 

of the type 1 diabetes dataset. Figure (3.2) illustrates the concatenation 

of two datasets. 
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Figure (3.1): Block Diagram of the Proposed System.  
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Figure (3.2): The Integration Step of the Data. 

 

3.3.3. Handling missing values: the missing values were handled using the 

method of substitution by a new value obtained by calculating the mean 

of the gene column containing the missing value.  

 

3.3.4. The normalization: the min-max normalization method is applied to 

all genes for normalizing the values to avoid high values that might 

affect the calculation of the results, according to the Equation (2.1) 

mentioned in the chapter two in the section (2.5.4). All the numeric 

values of the genes in the T1D dataset that serve as input to the machine 

learning models are normalized to be in the range zero and one.  

 

 

3.3.5. Data augmentation: the number of samples in the data is little. 

Therefore, the augmentation technique used for increasing the number 

of data samples from N samples to 2N samples.   

 

 

 

Dataset 1 Dataset 2 
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3.4.  Ranking Stage 

 The T1D dataset is characterized by high dimensions, it contains a huge 

number of genes, and perhaps not all of them are related to the disease. For this 

reason, the ranking of the genes is performed to determine a certain number of genes 

that are used as an input to machine learning models, and to facilitate dealing with 

data, the student's t-test is applied to all genes using the Equation (2.2) in the chapter 

two in the section (2.6).  

3.5.   Feature Selection Stage 

The high dimensions of the dataset necessitated that feature selection be used 

to reduce the dimensions, select the features most relevant to the disease, and obtain 

a satisfactory classification model performance. Two paths are used to apply the 

feature selection methods, single feature selection and multiple feature selection. 

Figure (3.3) illustrates the feature selection paths. 

In the single feature selection path, feature selection methods are applied 

separately to obtain a subset of the data and serve as an input to the classification 

model. While in the multiple feature selection path, one method of feature selection 

is applied and a subset of data is obtained represent the most relevant features (genes) 

of T1D, it will be an input to another method of feature selection as illustrate in the 

Figure (3.4). The implementation is carried out in several different sequences and 

with a different number of feature selection methods, and the result of each sequence 

at the end serves as input to the classification models. 
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 Figure (3.4): The Multiple Feature Selection Methods Paths. 
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Figure (3.3): The Feature Selection Methods. 
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3.5.1. Mutual Information Method  

The mutual information method is one of the filtering methods, implemented to 

select the relevant and important features. Figure (3.5) shows the process of selecting 

features according to the method of mutual information. The mutual information 

between the features (genes) and the class label is calculated according to the 

Equation (2.8) mentioned in the chapter two in the section (2.7.1). 

The gene that has a higher weight that obtained by mutual information method 

is selected and, conversely, the gene that has a lower weight is neglected, and thus 

the genes are arranged in descending order according to their weights resulting from 

the mutual information. The resulting subset is either an input to another feature 

selection method or a classification model. Algorithm (3-1) shows more details about 

mutual information method. 

Figure (3.5): The Mutual Information Feature Selection Process. 
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Algorithm (3-1): Mutual Information Method 

Input: Two-dimensional array RankedD [S * F] where S is the number of samples and F is 

the number of features. 

Output: Subset of Data (SD): the subset contains features have the highest of Mutual 

Information values. 

Begin 

1. Set features_subset to NULL. // Initialize the feature_ subset  

2. for i = 1 to F  

3. for j = 1 to C_label  // C_label : is the number of classes 

4. Calculate the Mutual Information between feature F𝒊 and class label C_label𝒊 based on 

the equations in section (2.8.2) 

5. end for j 

6. end for i 

7. Select the features F𝒊 with maximum MI (F𝒊 ,C_label𝒊) 

8. The selected features are sorted a the mutual information values in descending order 

End 

 

3.5.2. Analysis of Variance Method  

 The Analysis of Variance approach is used to choose the T1D dataset most 

pertinent characteristics. The p-value considered as the measure of the effectiveness 

of ANOVA, which is applied to each character and the set of genes chosen in 

accordance with the predetermined threshold serves as indicators of how well an 

ANOVA performed. To choose the subset of features from the original data, the 

genes are organized in descending order of p-value, and the feature with a value 

greater than the threshold is cancelled. A block diagram of the ANOVA method is 

shown in Figure (3.6). Equation (2.14) is used to apply ANOVA, which mentioned 

in section (2.7.2) in the chapter two, for more details, Algorithm (3-2) describes it. 
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Figure (3.6): Block Diagram of Analysis of Variance Method. 

Algorithm (3-2): Analysis of Variance Method  

Input: Two-dimensional array RankedD [S * F] where S is the number of samples and F is 

the number of features. 

Output: Subset of Data (SD)  

Begin  

1. for each feature f𝒊 do  

2. Calculate the BMS values by using the equation in sub-section (2.7.2)  

3. Calculate the WMS values by using the equation in sub-section (2.7.2)  

4. Calculate the F-value (𝑭𝒊 = BMS / WMS)  

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

6. end for  

7. For each feature set f𝒊 do  

8. if 𝒑𝒊 < 0.05 then  

9. choose the feature, called f c𝒊  

10. Else  

11. Cancel the feature  

12. end if  

13. end for  

End  
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3.5.3. Chi-Square Method 

This statistical test has been used to select the most responsive features to 

reduce the huge number of T1D datasets. Equation (2.15) mentioned in the section 

(2.7.3) in chapter two shows the chi-square formula; the higher chi-square value 

indicates that the feature is more dependent on the response. For this reason, the 

subset of features (genes) is selected based on a threshold predefined, for more 

details see the algorithm (3-3). The result of this test is passed as input to another 

feature selection method or as input to a classification model.  

Algorithm (3-3): Chi-square  Method 

Input: Two-dimensional array RankedD [S * F] where S is the number of samples 

and F is the number of features. 

Output: Subset of Data (SD): the subset contains features have the highest of Chi2 

values. 

Begin 

1. for i = 1 to S 

2. for j = 1 to F  

3. Compute the Chi2 values based on the equation in section (2.7.3) 

4. end for j 

5. end for i 

6. Select the features F𝒊 with maximum Chi (F𝒊 ,C_label𝒊) 

8. The selected features are sorted according to the Chi2 values in descending order 

End 

  

3.5.4. Principle Component Analysis Method  

 Principle component analysis method is used for reducing the high 

dimensionality of the dataset, whereby a new set of features is created while 

preserving as much as possible the original features. Principle components (PCs) are 
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formed when correlated variables are converted to linearly non-correlated variables. 

Calculation of the eigenvalues and eigenvectors of the covariance matrix produces 

the PCs. The dimensions of the dataset are reduced by eliminating the principle 

components with the lowest variance, considered weak components. And, high-

variance components are arranged in descending order and saved as input to the 

method for selecting another feature or for the classification model.  Figure (3.7) 

shows more about the PCA method.  

Figure (3.7): Block Diagram of Principle Component Analysis Method. 

3.6. Machine Learning Models 

 In this work, the machine learning models are used for two purposes, 

classification and regression, to find the most relevant genes for the T1D disease.  
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3.6.1. Classification Models  

Two of the machine learning models are used to achieve the classification of 

the T1D dataset, including a random forest model and a support vector machine 

model, Figure (3.8) illustrates the block diagram for machine learning classification 

models. 

    Figure (3.8): Block Diagram of ML Classification Models. 

3.6.1.1. Random Forest Model (RF) 

Before applying the random forest model, the data obtained from the feature 

selection stage is divided into two parts, the training set, and the test set. The 

separated data is distributed to be the largest part of the training data and the smallest 

part of the test data. The random forest model is implemented and trained using the 

training set of data, and then the model is tested using the test set. The RF 

classification model obtains the result of each tree based on the majority voting of 

class prediction. Figure (3.9) illustrate the random forest classification model and 

the algorithm (3-4) shows more details of random forest.  
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Figure (3.9): Block Diagram of Random Forest Classification Model. 

Algorithm (3-4): Random Forest Algorithm 

Input: Two-dimensional array SD [S * F] where S is the number of samples and F is 

the number of selected features. 

Output: Subset of Data (SD): the subset contains features have the highest of Random 

Forest values. 

Begin 

1. Split SD into two set: training set TR, and testing set TS. 

2. for i = 1 to S 

   Select random K data points from TR. 

  Build the decision tree associated with the selected data points (Subsets). 

  Choose the number N for decision trees that want to build. 

3. Predict and store the outcome of each decision tree on TS. 

4. Compute the total vote for individual class. 

5. Declare the majority class as the final outcome class. 

End  
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3.6.1.2. Support Vector Machine Model (SVM) 

The SVM is used for classifying the T1D dataset according to the Equation 

(2.16) mentioned in the chapter two in the section (2.8.2), where the linear kernel is 

used in the implementation of the model. The reduced dataset obtained using the 

feature selection methods is divided into training set and testing set before applying 

the model. The SVM model is trained by the training set and then tested by the test 

set. The SVM linear model separate the training data points by finding the optimal 

hyper plane and the maximum margin between the data points. 

3.6.2. Regression Models 

Three regression models are used on T1D datasets, including linear regression 

model, random forest regression model, and support vector regression model as 

shown in Figure (3.10) for predicting the genes that are most relevant to the T1D 

dataset. 

  

Figure (3.10): Machine Learning Regression Models. 
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3.7. Evaluation Models 

In this stage, the performance of ML models is evaluated using the metrics for 

the classification and regression models. The classification models are evaluated by 

calculating each model's accuracy, recall, and precision using training data and test 

data as input to the model according to the Equations (2.24), (2.25), and (2.26) 

respectively mentioned in the chapter two in the section (2.9). The accuracy metric 

evaluates performance for ease of understanding and simplicity. The root means 

square error (RMSE) metric is used to assess the regression models by using the 

Equation (2.27) that mentioned in the chapter two in the section (2.9.4).     
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Chapter Four 

Results and Discussions  

4.1. Introduction  

The proposed system, illustrated in chapter three, has been implemented to 

cover the goals of this thesis The goals are to classify and predict the T1D dataset 

using machine learning models and to identify the genes that most influence disease 

progression through samples from different cases of the disease. First, the 

requirements of the research are mentioned in a summary of the T1D dataset. Then, 

the results for each stage are described and discussed in this chapter. To evaluate 

the results, performance evaluation metrics are used such as accuracy, recall, 

precision, and RMSE. 

 

4.2. The Proposed System Requirement 

 The proposed system is implemented using a Python development 

environment, the version used is Python 3.9 with anaconda software with Jupiter 

package that support Python. The operating system is windows 10 environments, 

64 bits. The processor manufacturer is Intel with Core i5_8250U running at 1.8 

GHz. The capacity of RAM is 4 GB. The capacity of storage is 1 TB. 

 

4.3. T1D Dataset Description  

 The Gene expression dataset used can be accessed from National Center for 

Biotechnology Information (NCBI) Gene Expression Omnibus (GEO) database. 

Gene expression data for type 1 diabetes T1D is used in the proposed system. The 

values are obtained by mapping the RMA algorithm using the Limma package in 

the R language. Two datasets are used, the first dataset with code GSE35725 is 
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downloaded in a raw file and has 114 samples, the sample identification (ID) 

between GSM874033 to GSM874146. UPN727 cells are produced with unrelated 

healthy control plasma (n=44), autologous plasma (n=7), longstanding T1D plasma 

(n=11), recent onset T1D plasma (n=46), or longitudinal series plasma (n=6 time 

points), Table (4.1) and Table (4.2) illustrate the details of the first T1D datasets. 

 

 

 

 

 

 Table (4.1): Details of the First T1D Dataset. 

 

The second dataset with code GSE52724 has 286 samples, and the sample 

identification (ID) is between GSM1274585 to GSM1274870. UPN727 cells are 

produced with Auto-antibody-negative (AA-) Low HLA Risk Siblings plasma 

Title of dataset T1D dataset 

Number of classes 5 

Number of instances 114 

Number of genes  54675 

 

Replicate 

number 

Experiment No. of 

samples 

1 Autologous 

Unrelated health control 

Recent onset 

1 

3 

7 

2 Autologous 

Unrelated health control 

Recent onset 

1 

2 

2 

3 Autologous 

Unrelated health control 

Recent onset 

1 

4 

6 

4 Autologous 

Unrelated health control 

Recent onset 

1 

5 

6 

5 Autologous 1 

Table (4.2): Details of the First T1D Dataset with the Replicate Number. 
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(n=42), Auto-antibody-negative (AA-) High HLA Risk Siblings plasma (n=30), 

Recent onset T1DM plasma cultured with IL1RA (n=42), or longitudinal series 

plasma on T1DM progressor (n=27), on auto-antibody-negative (AA-) High HLA 

Risk Siblings (n=60), on auto-antibody-positive (AA+) High HLA Risk Siblings 

(n=54), on auto-antibody-negative (AA-) Low HLA Risk Siblings (n=31). Table 

(4.3) illustrates the details of the second T1D dataset. 

 

Table (4.3): Details of the Second T1D Dataset. 

Title of dataset T1D dataset 

Number of classes 7 

Number of instances 286 

Number of genes  54675 

 

4.4. Results of Preprocessing Stage 

There is a need to make four steps as pre-processing to facilitate the process of 

applying the classification models to T1D data.  

4.4.1. Data cleaning: The T1D datasets include unwanted samples and 

therefore a certain number of samples has been determined for each dataset. 

The first dataset includes 114 samples, 90 samples (healthy control 44 and 

Unrelated health control 

Recent onset 

16 

19 

6 Autologous 

Unrelated health control 

Recent onset 

1 

6 

9 

7 Autologous 

Unrelated health control 

Recent onset 

Longstanding 

Longitudinal series 

1 

2 

3 

11 

6 
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resent onset 46) are selected, and the second dataset includes 286 samples, 91 

samples (auto-antibody-negative (AA-) High HLA Risk Siblings 60 and auto-

antibody-negative (AA-) Low HLA Risk Siblings 31) are selected, as illustrate 

in Figure (4.1). 

 

 

 

 

 

 

 

 

 

Figure (4.1): Summarization of Data Cleaning Process.  

   

4.4.2. Data integration: after data cleaning of the two T1D datasets that 

have the codes (GSE35725) and (GSE52724), these datasets are integrated to 

be a new dataset used to work on. Table (4.4) illustrates the details of the 

resulting data, and Figure (4.2) shows the description of class numbers in the 

data. The categorical label is inserted into the resulting dataset, based on each 

sample type. Figure (4.3) shows the data after inserting the class label.  

Table (4.4): Details of the Concatenated T1D Dataset. 

 

 

                      

            

Title of dataset T1D dataset 

Number of classes 4 

Number of instances 181 

Number of genes  54675 

First dataset  
114 samples 

First dataset  
90 samples 

Second dataset 
286 samples 

Second dataset 
 91 samples 
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Figure (4.2): Number of Classes in the Concatenated T1D Dataset. 

Figure (4.3): A Sample of the T1D Dataset after Inserting the Class Labels. 

4.4.3. Handling missing values: the raw data contained a set of genes that 

did not contain values or NaN values. Therefore, the mean is used to be the 

estimated value of the missing values of the corresponding column that 

contains values for the same gene for all remaining samples. 
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4.4.4. Normalization: Min-Max normalization is applied according to the 

equation (2.1) as mentioned in the chapter two section (2.5.4.1), it is 

convenient and useful in dataset problems that depend on classification, and 

the conversion of feature values for a specific and small range from 0 to 1. 

Figure (4.4) (a) shows the dataset before normalization, and (b) shows the 

dataset after normalization. 

 Figure (4.4): Data Min-Max Normalization (A) Before Normalization Step 

(B) After Normalization Step. 

4.4.5. Data augmentation: the increasing of samples number used for the 

new data which has 181 samples, increased to 362. While it is used for the 

data without replicate that consist of seven subsets with different samples sizes 

but same number of features, Table (4.5) shows the samples number before 

and after applying the augmentation.  

(a) 

(b) 
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Table (4.5): The Number of Samples before Augmentation and after 

Augmentation. 

 

 

 

 

 

 

   

4.5. The Ranked Features Stage’s Result 

The student's t-test has been used for ranking genes, and the number of genes 

required for all samples is determined to be 10,000 because it was the suitable 

number after trying many numbers, as the number of genes is reduced from 54,675 

to 10,000 as illustrate in Figure (4.5). The resulting dataset after applying the 

ranking contained 10,000 genes and 181 samples. 

 

 

 

Figure (4.5): Summarization of Ranked Features Stage. 

4.6. Classification Stage Results 

The gene expression data are characterized by high dimensions due to a large 

number of genes. The situation requires selecting the most important genes related 

to the disease and eliminating the redundant genes. Four feature selection methods 

Number of 

subset  

Samples before 

augmentation  

Samples after  

augmentation 

1 11 22 

2 5 10 

3 11 22 

4 12 24 

5 36 72 

6 16 32 

7 24 46 

Dataset  

54675 genes 

Dataset  

10000 genes 
Student’s t-test 
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have been used to select a subset of the dataset that includes the most important 

genes associated with T1D disease. Two parts have been implemented to achieve 

these methods, single feature selection and multiple feature selection.  

4.6.1. Single  Feature Selection Part 

In this part, feature selection methods are used for each method separately to 

obtain a subset of the features, and the result of each method serves as an input for 

classification models.  

4.6.1.1. The Result of the Mutual Information Method 

Mutual information has been used to reduce the high dimensionality of the 

T1D gene expression dataset and select this disease's most relevant and influential 

features. The mutual information method is calculated between the gene and the 

class. Genes with a value of mutual information greater than 0.05 are selected, 

where 7542 genes out of 10,000 genes are selected as informational and important 

features, Figure (4.6) shows the mutual information of T1D data.  

Figure (4.6): Mutual Information of the T1D Data. 
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4.6.1.2.   The Result of the Analysis of Variance Method 

The ANOVA method has been used to reduce the high dimensionality of the 

type 1 diabetes dataset and selects a set of features that most affect the disease. The 

number of features (genes) is reduced from 10,000 to 8583 after using ANOVA, 

where the p-value is set at 0.05. The result is passed into another feature selection 

method or classification model. 

4.6.1.3. The Result of the Chi-Square Method 

In this step, the Chi-square test has been used for selecting features (genes) 

and it is applied to all datasets with several genes of 10,000 genes, 8415 genes are 

selected according to the predefined threshold of 0.5. The result serves as input into 

another feature selection method or classification model. 

4.6.1.4.   The Result of the Principle Component Analysis Method 

The PCA method reduces the dimensionality of the data by making the 

principle components and ordering them according to which has the highest 

variance. The covariance matrix provides the eigenvectors and eigenvalues as the 

selection of features in the PCA method depends on them, and using the threshold 

the number of eigenvectors is determined. The ranked T1D dataset is entered in the 

form of an array with dimensions of 10,000 genes and 181 samples. Before 

applying PCA, the augmentation process is implemented and the samples increased 

to 362 samples.  When applying PCA to the dataset, the dimensions are reduced to 

362 genes and 362 samples. 
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4.6.1.5.   Random Forest Classification Model 

In this step, a random forest is used to classify the T1D dataset after selecting 

a subset of features representing the most important features. In RF the dataset is 

divided into a training dataset and a test dataset, with a ratio of 80% to 20%. The 

number of trees used is determined by 100 trees of the classification model. 

4.6.1.6.   Support Vector Machine Classification Model 

The linear kernel SVM has been used, and the T1D dataset obtained from the 

feature selection phase has been divided into two sets, the training set, and the test 

set. The ratio division is eighty present for train data and twenty present for test 

data.  

4.6.1.7.   Performance Evaluation 

The classification models applied to the reduced data that resulted from the 

feature selection stage are evaluated by calculating the accuracy for each subset 

serving as an input into classification models. The highest accuracy of 94.5% is 

obtained by applying RF and SVM with the reduced data that resulted from the 

PCA feature selection method. Table (4.6) shows the accuracy of classification 

models. 

Table (4.6): Accuracy of Classification Models for Single Part. 

 

 

 

 

Feature selection 

method  

Number of 

genes 

Accuracy  

RF            SVM     

MI  7542 0.837 0.864 

ANOVA 8583 0.837 0.81 

Chi2  3967 0.756 0.891 

PCA 362 0.945 0.945 
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4.6.2. Multiple  Feature Selection Part 

The feature selection methods have been implemented sequentially in many 

arrangements, where the subset obtained by one method is passed to other methods, 

the details of each path are described in Table (4.7). The arrangements are as 

follows: 

a) MI-ANOVA: the subset of genes resulting from the MI method is 

7542 genes and the result is passed into the ANOVA method, the 

resulting genes are 6819 genes. The selected subset of the genes 

served as input to the machine-learning classification models. 

b) MI-PCA: the reduced data by the MI method is 7542 genes, then 

passed to the PCA method reduced the data to 362 genes and the 

selected subset of the genes be as input to the classification models. 

c)  ANOVA-PCA: the reduced data resulting from ANOVA is 8583 

genes, used as input into the PCA method to obtain a subset of 362 

genes. And the selected subset of the genes will be as input to the 

classification models. 

d) MI- Chi2: the result of applying the MI method is 7542 genes, which 

passed as input into Chi2 for reducing it into 6550 genes. The selected 

subset of the genes served as input to the machine-learning 

classification models. 

e) ANOVA-MI: the number of genes that resulted after implementing 

the ANOVA method is 8583 genes, then the result passed into the MI 

method to obtain 7103 genes. The selected subset of the genes is used 

as input to the classification models. 
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f) ANOVA-MI-PCA: 8583 genes are the result after applying the 

ANOVA feature selection method on the T1D dataset, then the result 

is used as input into the MI method to obtain 7103 genes, and the 

resulting subset of genes serves as input to the PCA method, the 

number of genes of reduced data is 362 genes. The selected subset of 

the genes served as input to the machine-learning classification 

models. 

g) ANOVA-Chi2: the reduced data using ANOVA is 8583 genes, then 

the result passed as input into the Chi2 method to obtain 3967 genes. 

The selected subset of the genes served as input to the enihcam 

gmnnacal classification. 

Table (4.7): Number of Genes Selected using Multiple Feature Selection. 

 

 

 

 

 

 

 

 

 

 

 

 

 Feature Selection  

methods 

The Number of Selected  Genes 

1.  MI-ANOVA MI:7542 ANOVA:6819   

2.  MI-PCA MI:7542 PCA: 362   

3.  ANOVA-PCA ANOVA:8583 PCA: 362   

4.  MI-Chi2 MI:7542 Chi2: 6550   

5.  ANOVA-MI ANOVA:8583 MI: 7103   

6.  ANOVA-MI-PCA ANOVA:8583 MI: 7103 PCA: 362  

7.  ANOVA-Chi2  ANOVA:8583 Chi2: 3967   
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4.6.3. Random Forest Classification Model   

In this step, a random forest is used to classify the T1D dataset after selecting 

a subset of features representing the most important features. In RF the dataset is 

divided into a training dataset and a test dataset, with a ratio of 80% to 20%. The 

number of trees used is determined by 100 trees of the classification model. The 

important features are selected by determining a threshold of 0.005 producing a 

result of 55 genes when the accuracy is 96.3% from the feature selection sequence 

the MI and then the PCA methods, Figure (4.7) illustrates the features (genes) and 

their values of feature importance where the vertical side represent the genes 

number in the dataset and the horizontal side represent the value of the importance 

feature, according to this value the features arranged in descending order. 

Figure (4.7): Random Forest Result for the Sequence (ANOVA-PCA). 
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4.6.3.1. Evaluation of Random Forest Model 

 In this step, the random forest model is implemented many times according 

to the reduced data by a sequence of feature selection methods. The highest 

accuracy of 96.3 % is obtained when applying the RF to the data that resulted from 

the following sequence, which is first the MI method, and then the PCA method. 

The percent of dividing is 30 % for the test set and 70 % for the train set. Table 

(4.8) shows the accuracy of the random forest model. 

Table (4.8): The Accuracy of the Random Forest Model for the Multiple Part. 

 

 

 

 

 

 

4.6.4. Support Vector Machine Classification Model 

The linear kernel SVM has been used, the T1D dataset obtained from the 

feature selection stage has been divided into two sets, the train set and the test set. 

The ratio division is 80% for train set and 20% for test set. Different values of 

thresholds are used to select the important features, Table (4.9) illustrate the 

threshold when the accuracy is the best two times. 

 

 

RF  

10000 

Feature Selection  Accuracy 

  20%             30%              

1.  MI-ANOVA  0.836             0.836  

2.  MI-PCA  0.917             0.963            

3.  ANOVA-PCA  0.945             0.889   

4.  MI-chi2  0.243             0.272  

5.  ANOVA-MI  0.837             0.854  

6.  ANOVA-MI-PCA  0.945             0.908     

7.  ANOVA-chi2   0.756             0.836  
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Table (4.9): SVM Threshold of Multiple Feature Selection Methods.  

  

 

 

 

4.6.4.1.  Evaluation of Support Vector Machine 

The support vector machine model is applied for different sequences of 

feature selection methods. The reduced data resulted from feature selection 

methods using two different arrangements that are passed as input into the SVM 

model. The model produced the highest accuracy of 97.2 % two times, in which the 

percent of dividing is 80 % for the train test and 20 % for the test set. Table (4.10) 

shows the accuracy of the support vector machine for the multiple part. 

 

     Table (4.10): The Accuracy of SVM for Multiple Feature Selection Part. 

 

 

 

 

 

 

 

 

Feature selection method  

sequence  

Threshold  Number of 

Selected genes 

ANOVA- PCA 0.03 44 

MI-PCA 0.005 31 

ANOVA-MI-PCA 0.005 25 

SVM 

10000 

Feature Selection                 Accuracy 

 20%              30%             

1.  MI-ANOVA 0.864  0.872  

2.  MI-PCA 0.972             0.963   

3.  ANOVA-PCA 0.945             0.963            

4.  MI-chi2 0.864  0.872  

5.  ANOVA-MI 0.864             0.872  

6.  ANOVA-MI-PCA  0.972             0.963            

7.  ANOVA-chi2  0.947             0.891  
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4.7. Regression Stage Results 

The three models of machine learning regression are used for the first T1D 

datasets (114 samples) only, these models are implemented for the dataset in two 

states, data within the replicate and the data without the replicate. Before applying 

the regression models, the class labels of the dataset are converted from categorical 

values to continuous values. Values range from 1.0 to 4.0, Table (4.11) illustrate 

each class label corresponding to continuous values. 

Table (4.11): The Continuous Values According to Class Label Values. 

Class label value Continuous value 

Recent onset 1.0 

Healthy control  2.0 

High HLA Risk 3.0 

Low HLA Risk 4.0 

 

4.7.1. Data Without Replicate 

 The data departed into seven subsets according to the number of replicates 

that exists in the original data, these replicates are described in Table (4.2), called 

without replicate data. Each subset contains a different number of samples but the 

same number of genes. 

4.7.1.1. Ranking  

 Student's t-test is applied to all features of the data, many attempts were 

applied for determining the suitable ranking number like (1000, 10000, 54675) , 

the chosen number for ranking these features is 10000, the genes ranked of 10000 

genes from the total of 54675 genes. The resulting genes from this test are passed 

as input to the regression model for made the T1D prediction. 
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4.7.1.2. Linear Regression Model 

In this step, the multiple linear regression MLR model is implemented for 

predicting the T1D dataset, due to the multiple features input to the model. Two 

splitting percent are used, the first ratio is 20% for the test set and 80% for the train 

set, and the second ratio is 30% for the test set and 70% for the train set. The model 

is implemented on continuous features to predict labels of T1D disease. 

4.7.1.3.   Performance Evaluation  

The linear regression model is evaluated by calculating the root means square 

error RMSE, the best value obtained of RMSE is 0.00. Through the seven subsets 

and the two percent dividing, many times obtained the best value of RMSE. Table 

(4.12) shows the RMSE of linear regression applied the without replicating data. 

Table (4.12): The RMSE of Linear Regression for the Data without Replicate. 

 

 

 

 

 

 

 

4.7.2. Data Within Replicate   

All three models of ML regression are applied to the data within replicate. 

The data is used in two cases, in the first case all features served as input into the 

regression models, the number of all genes in the data is 54675 genes. The second 

Set number  Number of 

samples 

  RMSE 

20% 

 

30% 

1.  22 0.00 0.24 

2.  10 0.00 0.00 

3.  22 0.00 0.16 

4.  24 0.12 0.39 

5.  72 0.00 0.32 

6.  32 0.00 0.01 

7.  46 0.00 0.23 
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case is after applying the student’s t-test, where the features (genes) are reduced to 

10000 genes. There are two division ratios used: 20% for the testing set and 80% 

for the training set, and 30% for the testing set and 70% for the training set.  

4.7.2.1. Linear Regression Model 

In this step, the multiple linear regression MLR model is used for predicting 

the T1D dataset due to the multiple features input to the model. Before applying 

the model, the data are split into a train set and a test set as mentioned in the 

previous subsection. The model is implemented on continuous features to predict 

labels of T1D.  

4.7.2.2.    Random Forest Regression Model 

The random forest regression model is used to predict the T1D dataset genes. 

After dividing data into a train set and a test set, the number of trees were 

determined using many of trying numbers such as (50, 100, 300, 600) trees, the 

selected number of trees used in the models in this thesis is 100 trees, each tree 

predicts labels and the final decision depends on the average of the tree’s result 

from the prediction. The model trained using the train set of data then the test set 

used for the predicting. 

4.7.2.3.   Support Vector Regression Model 

The support vector regression model has been used for predicting the genes 

of the T1D dataset, the linear kernel is used for implementing the model onto the 

selected features. Before implementing the model, the data are spilt into two sets, a 

train set and a test set, the ratio is two different values indicated previously.     
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4.7.2.4.   Performance Evaluation  

 The three of machine learning regression models that are used for predicting, 

included linear regression, random forest regression, and support vector regression. 

The root means square error metric is used to evaluate the performance of 

regression models. The best lowest RMSE result of 1.20 is obtained from the linear 

regression model that is implemented after applying the ranking data. The data is 

divided by 20% for the test set and 80% for the train set, as shown in Table (4.13).  

Table (4.13): The RMSE of Regression Models for Ranked Data within 

Replicate. 

 RMSE  

114(ranked) 20% 30% 

Linear regression  1.20 1.39 

SVR  1.207  1.388 

RF regression 1.341 1.5 

 

While all three models of regression are applied to T1D data without 

implementing the ranking stage, where all number of genes 54675 are used for 

predicting. The lowest RMSE result of 1.22 by the linear regression model, in 

which the ratio of dividing is 20% of the test set and 80% of the train test, Table 

(4.14) shows the result of RMSE for regression models. 

 Table (4.14): The RMSE of Regression Models for Unranked Data within 

Replicate. 

 

 

 RMSE  

114(unranked) 20% 30% 

Linear regression  1.22 1.40 
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4.8.  Name of predicted genes 

The prediction model of T1D resulted a genes that represented the most related and 

affective genes of this disease, where these genes obtained after applying the 

multiple feature selection methods first the MI then PCA, and the obtained subset 

of features are used as input for the classification machine learning models, the 

names this genes are shown in Figure (4.8). 

Figure (4.8): The Names of Predicted Genes for T1D  

 

4.9. Summary   

 This section presented a summary of results obtained by the prediction model, 

the best results and the worst. In the classification part, the best accuracy of machine 

learning models is obtained four times, when passed the reduced data, using 

sequence feature selection methods, as input to predict the T1D dataset. In addition 

SVR  1.225 1.395 

RF regression 1.451 1.481 
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to accuracy, recall and precision are used to evaluate the performance of ML 

models. Table (4.15) shows a summary of the best result of the classification part. 

 

Table (4.15): A Summary of the Best Accuracy of Machine Learning Models.  

ML 

model 

Feature 

selection 

Accuracy Recall Precision 

RF MI-PCA 96.3% 96% 96% 

SVM MI-PCA 97.2% 97% 97% 

SVM ANOVA-MI-

PCA 

97.2% 97% 97% 

 

In the same part, the worst accuracy ranged (from 24%-27%), which resulted when 

using the reduced data obtained from Multiple  feature selection, first the mutual 

information method and then the chi-square method, and served as input for the 

random forest classification model. 

In the regression part, the lowest RMSE value of 0.00 is obtained more than one 

time, when using the seven subsets of the data called (without replicate data) as 

input for the linear regression model. 
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Chapter Five 

Conclusions and Future Works 

5.1.  Conclusions 

The most essential characteristics revealed during the implementation 

of the proposed methodology and the discussion of its results are the 

following: 

1. The proposed system has effectively proved in identifying the 

relevant genes (the best genes) and removing irrelevant one. In 

addition, this proposed system gives promising results in the 

prediction models according to all common evaluation measures. 

 

2. The proposed system has effectively proved in multiple feature 

selection methods according to the T1D dataset nature to such an 

extent that the results are satisfactory in prediction models. 

 

3. According feature selection methods, the genes are significantly 

reduced, which had a positive effect on the results.  

i. The first usage for the feature selection methods is single 

feature selection, where every method applied separately and 

reduced the genes to serve as input for the classification 

models.   

ii. The second usage for the feature selection methods is multiple 

feature selection, where the reduced genes that obtained by 

one method served as input to another method. Seven 

arrangements (paths) are implemented, at last every path 

reduced the genes to significant genes. 
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4. The results indicate that the accuracy of the classification models 

for the MI, ANOVA, Chi2, and PCA methods in single feature 

selection method part. Whereas by using the genes the best 

accuracy from the multiple feature selection part from two 

different arrangements, because of these multiple feature selection 

methods reduced the genes into more related genes to serve as 

input into machine learning methods, these paths are: 

i. MI-PCA: the genes have been reduced firstly by mutual 

information method, the obtained result passed as input for 

principle component analysis method. 

ii. ANOVA-MI-PCA: ANOVA is the first method applied for 

reducing the genes, the result passed as input to the MI 

method for reducing these genes, finally the reduced genes 

are served as input to the PCA method.  

 

5. The worst accuracy is obtained when using RF model with the 

genes selected from the path MI- Chi2 due to the Chi2 genes 

obtained are not the most related for T1D.  

6. The best RMSE has been obtained when using the dataset after 

departed it into seven subsets form the linear regression model . 

 

7. The worst RMSE is obtained from the RF regression model when 

using the data within replicate after ranked it by the student's t-

test. 
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5.2. The Future Works 

Some future directions can be highlighted here: 

1. Applying the proposed system on other datasets such as 

Alzheimer dataset, prostate dataset, and colon cancer dataset, 

etc. 

2. Implementing the deep learning techniques on the dataset for 

trying to minimize the error of prediction. 

3. Using the bagging and boosting with the regression part for 

enhancing the gene prediction.  

4. Choosing a specific method to determine the thresholds for 

all models and feature selection methods. 
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Appendix A 

Data Set Specification 

 When the two datasets used together, further the age is restricted at 

the time of study to between 6 and 20 years old. The human leukocyte 

antigen (HLA) system is a gene complex encoding the major 

histocompatibility complex (MHC) proteins in humans. HLA types are 

inherited and some of them are linked to autoimmune disorders and/or 

other diseases, including T1D diabetes. The data contains transcription 

profiles of cryopreserved peripheral blood mononuclear cells PBMC 

responding to the sera from 148 human subjects belonging to one of the 

following cohorts: 

1. Unrelated Healthy Controls (uHC) with no familial history of any 

autoimmune/auto inflammatory disorder. 

2. Recent Onset T1D (RO-T1D) patients. Blood samples were 

collected after stabilization on exogenous insulin 2–7 months after 

diagnosis. 

3. Autoantibody-negative siblings of T1D patients that are of high 

genetic risk (with DR3/4 haplotypes of HLA) for T1D (HRS). 

4. Autoantibody-negative siblings of T1D patients of low genetic risk 

(with non-DR3/4 HLA genotypes) for T1D (LRS). 
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The Accepted Paper 

 

 

 

 

 

 



 

 



  الخلاصة

 بیتا خلایا في تدمیر بسبب تحدث من الامراض المزمنة) T1D( الأول النوع من السكري مرض

 لأنسولینا یفرز لا أو الأنسولین من قلیلة كَمّیَّة یفرز البنكریاس إن حیث البنكریاس، في الموجودة

 مالجس خلایا ویدخل الطاقة لتولید) الغلوكوز( الدَّم سكر الانسان یستخدم جسم ان. الإطلاق على

 یركز لذلك عضال،ال ضامرالا من انھ T1D في الرئیسة المشكلةان . الأنسولین ھرمون بواسطة

 لھذا الجینات طریق عن یورثT1D  مرض. الدَّم في الغلوكوز مستویات في التحكم على العلاج

 التي) سماتال( الجینات على العثور یساعد قد ،هتطور على كبیر بشكل الوراثیة العوامل تأثیر یكون

 مكنتمن التقنیات الحدیثة التي . المبكر بالعلاج البدأ و المریض حالة تنظیم في المرض ھذا تسبب

 لدقیقةا المصفوفةھي  متزامن بشكل الجینات من الآلاف لمئات التعبیر مستویات تحدید من العلماء

  .لھذه الاغراض مفیدة أداةالتي تعتبر 

 خطأ وأقل ممكنة دِقَّة وبأعلى T1D یتنبئ بمرض نموذج بناء ھو الأطروحة ھذه من يالرئیس الھدف

 النظام ونیتك). المعلوماتیة الجینات(واكثر ارتباط بھذا المرض أھمیة الأكثر الجینات لاختیار نتیجة

 اختیار ملیةع تتم. والانحدار التصنیف ومرحلة الجینات اختیار مرحلة: رئیستین مرحلتین من المقترح

 ،و جزء طرق اختیار المیزة المتعددة جزء طرق اختیار المیزة المنفردة جزأین باستخدام الجینات

، لمقترحا للنموذج التنبؤ دِقَّة وتحسین المھمة الجینات من فرعیة مجموعة لاختیار العملیة ھذه تستخدم

 المكونات وتحلیل ،2Chi التباین، تحلیل المتبادلة، المعلومات: طرق أربع المِیزة اختیار طرق تتضمن

  .الرئیسیة

 ویختار ةمرحل كل في إفادة الأكثر الجینات على المقترح للنظام اختیار المیزة المتعددة جزء یتعرف

 لتأكید لنموذجا في إدخالھا یتم ثم السابقة الطریقة بواسطھ المختارة الجینات على بناءً  التالیة الجینات

قَّة وإیجاد أھمیتھا طرق  زءج المقترح النظام یؤدي بینما ،الجینات ھذه باستخدام تحقیقھا یمكن التي الدِّ

 المختاره ناتالجی إدخال یتم ثم منفصل، بشكل طریقة بكل الجینات یختار الذي المنفردة المِیزة اختیار

 یفالتصن نماذج على یعتمد تنبؤ نموذج تقدیم إلى العمل ھذا سعى ذلك، إلى إضافةً  .النموذج في

 الأشخاص من الأول النوع من السكري مرض یعانون الذین المرضى بین الفرق لتحدید والانحدار

 لحالیةا الأطروحة أھداف لتحقیق المتاحة البیانات مجموعة استخدام تم. جیني ناقل لدیھم لیس الذین

قَّة،( التنبؤ مقاییس على اعتماداً التقییم إجراء تم. T1D البیانات مجموعة: وھي  و الاسترجاع، الدِّ

 ةدِقَّ  بلغت حیث فعال، المقترح النظام أداء أن النتائج بینت). RMSE التربیعي الخطأ متوسط جذر

) ٠٫٠٠( RMSE أدنى بلغ. التصنیف لنماذج طرق اختیار المیزة المتعددة جزء من) ٠٫٩٧٢( التنبؤ

 .تكرار دون البیانات باستخدام الخطي الانحدار نموذج من
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