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Abstract

The Diabetes Mellitus (DM) is a chronic metabolic disorder characterized
by high blood sugar levels. It occurs when the body either does not produce
enough insulin or fails to effectively use the insulin it produces. Diabetes can be
classified into three main types: Type 1, Type 2, and gestational diabetes. If left
uncontrolled, diabetes can lead to serious health complications and become
dangerous. Prolonged high blood sugar levels can damage various organs and
systems, including the heart, blood vessels, kidneys, eyes, and nerves. Diabetes
increases the risk of cardiovascular diseases, stroke, kidney disease, vision loss,

and lower limb amputations.

DNA analysis, also known as DNA testing or genetic testing, is a
scientific technique used to examine and analyse an individual's DNA
(deoxyribonucleic acid). It involves the study of specific DNA sequences,
genes, or chromosomes to gain insights into various aspects of human genetics
and identify potential genetic variations or mutations. By unlocking the genetic
information encoded in our DNA, DNA analysis has provided a deeper
understanding of our genetic makeup and has contributed significantly to

advancements in personalized medicine and genetic research.

In this thesis, DNA analysis is used to classify and predict the DM in
patients. Resulting in early detection of the DM disease and preventing it

complications.

The dataset is containing the DNA of 14571 people. The data is pre-
processed to eliminate the missing data. And apply k-mer technique with
various sizes. After that random over-sampling for the imbalance in the dataset.
Apply ordinal encoding, and finally Min-Max transformation.

After that three Feature selection techniques are applied separately.
Which are Mutual Information, ANOVA, and Univariate Linear Regression.
VI



Finally, Machine Learning and Deep Learning models are developed to
classify the condition of DM based on the DNA sequence. The Machine
Learning models are Random Forest, Support Vector Machine, Decision Tree,
and Gaussian Naive Bayes. The Deep Learning Model is a combination of
CNN-LSTM.

The developed system is built and tested on PC. The processor is Intel®
Core™ 17-6600U CPU, with 2.60 GHz. The installed RAM is 8 GB. The best
results obtained using the Machine Learning approach is by using Random
Forest, with 90% accuracy. And best result obtained using the Deep Learning
approach is by using CNN-LSTM model, with 100% accuracy, precision, recall,

and F1-score.
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Chapter One General Introduction

1.1 Introduction
The Diabetes mellitus (DM) is a chronic disease that is considered to be life

threatening. It can affect any part of the body over time, resulting in serious
complications such as nephropathy, neuropathy, and retinopathy. Diabetes
mellitus, or diabetes for short, occurs either when the pancreas does not produce
enough insulin or when the body cannot effectively use the insulin it produces.
Diabetes has two main types called type 1 and type 2. In type 1 diabetes (also
known as insulin-dependent or childhood-onset), there is insulin production
deficiency in the body, which requires daily administration of insulin, whereas
in type 2 diabetes (known formally as non-insulin-dependent or adult-onset), the

body cannot use insulin effectively[1].

Deoxyribonucleic acid (DNA) is a biological macromolecule. Its main
function is information storage. At present, the advancement of sequencing
technology had caused DNA sequence data to grow at an explosive rate, which
has also pushed the study of DNA sequences in the wave of big data. Moreover,
machine learning is a powerful technique for analysing large-scale data and
learns spontaneously to gain knowledge. It has been widely used in DNA
sequence data analysis and obtained many research achievements. The
construction of DNA is based on nucleotide units. Each nucleotide unit consists
of three sub-units: a nitrogenous base, a five-carbon sugar, and at least one
phosphate group. There are four types of nitrogenous bases in DNA; Adenine
(A), Guanine (G), Cytosine (C), and Thymine (T). The sequence of these
nitrogenous bases encodes biological information, and variations in these
nucleotide sequences lead to biological diversity among human beings and

every living organism [2].

The mechanism by which proteins are created by their related genes is a two-

step process; transcription and translation, as displayed in Figure 1.1. In the

1



Chapter One General Introduction

transcription step, a particular segment of DNA is copied into a temporary
mMRNA molecule. Both DNA and RNA are nucleic acids, which utilize base
pairs of nucleotides as a corresponding language. In the translation step, the
resulting RNA, a single-stranded copy of the gene, is translated into a protein
molecule. These two steps are called gene expression. Insulin is a protein
produced by pancreatic B-cells to regulate glucose levels in the blood. In the
body's normal state, whenever the blood glucose levels begin to rise (e.g.,
during the digestion process), B-cells rapidly react by emitting some of their
stored insulin and increasing the creation of the hormone simultaneously. But
ruefully, sometimes the -cells become unable to produce a sufficient amount of
insulin needed to control the blood glucose levels, as in diabetes type-2[3].

Revealing these disrupted genes that results in diabetes will be the focus of this

study.
Template Strandl rtrrrrrrrrrir l e l | I I I I I B |
DNA TAC CGTT C TGCGT TACAC
ATGCCGCAATCTGTTCACGCACTCATGTGT
| NN T TN T N N Y N VY O Y U [ T Y N U |
Transcription
AUGCCGCAAUCUGUUCACGCACUCAUGUGU
RNA L8 b b 0 0 b | ¢ 0 @ ¢ 2 0 0 | 0 | 0 @ | | @ .| ¢ ¢ |} | /|
L J L ] 1 J L ] L ] L J L J L ] L J L ]
Translation
Y Y | Y Y Y Y Y Y Y
Protein Met Pro Gin Ser Val His Ala Leu Met Cys

Figure 1.1: DNA transcription and translation[4]

The fields of DNA analysis and gene expression are rapidly developed due
to the massive improvements in Machine Learning techniques. And this
development led to the emerge of new field of bioinformatics. In this field,

advanced Machine Learning techniques (i.e. Deep Learning) are utilized to
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explore and analysis the massive amount of genetic related data. Since these

data are hard to analysis and explore following the traditional approaches.

1.2 Thesis Motivations

As explained in the previous section, diabetes mellitus is a chronic metabolic
disorder that affects millions of people worldwide, imposing a significant
burden on both individuals and healthcare systems. In this context, the
utilization of DNA sequence data emerges as a powerful tool to unlock the
underlying genetic mechanisms, ultimately leading to improved diabetes

classification and personalized treatment strategies.

Classifying diabetes using DNA sequences is a compelling and
transformative approach that holds immense promise in understanding the
genetic intricacies of this complex disease. As we unravel the genetic landscape,
we inch closer to a future where diabetes classification is more accurate,
treatment is highly personalized, and the burden of diabetes on individuals and
healthcare systems is alleviated. By harnessing the power of genomics, we
embark on a journey of discovery that has the potential to revolutionize diabetes

care and pave the way for a healthier world.

1.3 Problem Statement

Diabetes mellitus is a prevalent chronic disease characterized by abnormal
insulin production or utilization, resulting in elevated blood glucose levels.
Despite advancements in diabetes management, predicting the onset of diabetes
remains a challenging task. The project aims to address this challenge by
leveraging machine learning techniques for predicting diabetes based on DNA
analysis.The successful implementation of machine learning in predicting
diabetes through DNA analysis will contribute to advancing the field of

predictive medicine. It has the potential to revolutionize early intervention
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strategies, facilitate personalized treatment plans, and ultimately improve the

quality of life for individuals at risk of developing diabetes.

1.4 Thesis Questions

This thesis is intended to answer the following questions:

1. What is the performance of different Machine Learning models in
predicting DM disease by using DNA sequence classification. And
Which give the best performance of Machine Learning and Deep
Learning models.

2. What is the best feature selection technique to eliminate the unnecessary

data from DNA sequence.

1.5 Aim and Objectives of Thesis
The aim of this study is to analysis the DNA sequences in healthy and DM

patients, to explore the difference between them.
The objectives of this aim is as follows:

e Collect DNA sequence data for both DM patients and healthy people.
e Pre-process and encode the data to be suitable for the Machine Learning

models.

o Feature selection to determine the relevant and necessary features of the
DNA sequence.

e Build and train Machine and Deep Learning models on the selected data.

1.7 Challenges
The challenges that occur requiring hard efforts to overcomes them could be
summarized in the following:
e Although DNA sequence datasets are available online for different

purposes. But there are small number of high quality dataset containing DNA

4
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sequences for DM patients and healthy people to train and test intelligent
systems to classify these two classes of people based on DNA sequence.

e Since the datasets of biological nature, and especially DNA datasets can
vary a lot. One general approach to solve a similar problem will not produce
the best results all the times.

e Curse of dimensionality is a big issue facing the problems related to DNA
data. Since there are massive number of genes as features in the data. Only a
few of these features are relevant to the importance of the discovered problem.

This requiring to carefully selecting the best fitting features.

1.8 Related Works

Alehegn, M., Joshi, R. and Mulay, P, 2018[5] used tabular dataset with 768
records. The dataset is PIDD (Pima Indian Diabetes Dataset). The goal of the
work it topredict the disease of DM from the data by using multiple
classification methods combined together (Ensemble method). First, pre-
processing step is done by applying fill missing values, remove duplication, and
standardization. After that, three classifiers are trained and tested. Which are
SVM, Naive Nets (NNs), and Decision Stump (DS). For the prediction phase,
not one algorithm is used, but the one with the most accurate result (which is

known as Ensemble model Accuracy: 90.36%.

Abdulaimma, B. et al, in 2018[6] used the data set (Gene Expression)
Database of Genotypes and Phenotypes (dbGaP). In which have total of 2813
diabetics people genes are collected, and 3228 as control group. Use the genetic
and clinical and sociodemographic risk factor to predict and classify type 2
diabetes. First, data reprocessing is done. This included removing the duplicate,
filling missing data, remove outliers, and select only white ancestry people to
remove unexpected variables. Second, Allelic and Logistic association are used
to relate SNPs (gene location) to type 2 diabetes. Third, group of machine
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learning algorithms are trained and tested on 80%-20% training testing split.
The algorithms are Stochastic Gradient Boosting (GBM), SVM, Random
Forest, K-Nearest Neighbour (k-NN), Classification and Regression Trees
(CART), and Multi-Layer Perceptron Neural Network (MLP). Area Under the
Curve (AUC): 73.96%, Sensitivity: 68.42%, and specificity: 78.67%.

Zhou, H., Myrzashova, R. and Zheng, R, in 2020[7] used the data set Pima
Indians diabetes for diagnosing diabetes.Which have the features: Number of
times pregnant, Plasma glucose concentration, Diastolic blood pressure, Triceps
skin fold thickness, 2-h serum insulin, Body mass index, Diabetes pedigree
function, and Age. The second dataset is Diabetes type. To develop a deep
learning model that will be able to predict if a person will have diabetes in the
future. Furthermore, it can predict the type of diabetes (type 1 or 2). First, the
data is divided into 70% training and 30% testing. After that, deep neural model
Is built and trained. DropOutis used to control the problem of over fitting.
Dataset Diabetes type: 94%. Pima Indians diabetes dataset: 99.4%.

Hatmal, M. M. et al, in 2020[8]used the dataset(Gene Expression) Total of
164 people. 82 diabetics and 82 healthy people To show if there is a relationship
between Fokl polymorphism and T2DM. Data are divided into 80% training
and 20% testing. Fully-connected Neural Network is developed and trained to
classify T2D people. The FNN structure is 10 nodes for the input layer, 6 for the
first hidden layer, 6 for the second hidden layer and 1 for the output layer.
RelLU activation functions used for all layers, except for the output layer with

sigmoid function. Accuracy: 88%.

Hatmal, M. M. et al., in 2021[9] used the dataset (Genetic Expression)
177diabetics persons with 173 control group get their data genome data the
involvement of CD36 gene rsl1761667 (G>A) and rs1527483 (C>T)
polymorphisms in the pathogenesis of T2DM. First, the researchers uses

statistical analysis to show if there is a relationship between the CD36 gene and
6
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T2D, and there no such relationship. After that, they trained multiple machine
learning algorithms to classify T2D. The used machine learning algorithms are:
Random Forest, eXtreme gradient boosting (XGBoost), k-Nearest Neighbours
(KNN), Probabilistic Neural Network (PNN), Naive Bayesian (NB), Multilayer
Perceptron (MLP), Support Vector Machine (SVM), K-star (K*), Gradient-
boost, and Adaptive boosting (AdaBoost). MLP: 75% accuracy. K*: 73%

accuracy.

Muneeb, M. and Henschel, A, in 2021[10] used the dataset(Gene
Expression) OPENSNP dataset. Total of 806 people. 404 people have Blue-
Green eyes where 402 people have Brown eyes. Use statistical analysis to relate
SNPs with diabetics. Then, the genomes are used in multiple machine learning
algorithms to predict diabetes. First, diabetics related SNPs are selected using
statistical analysis. After that, the data are trained on different machine learning
algorithms. Which are Random Forest,Extreme Gradient boosting, Artificial
Neural Network (ANN), Long-Short Term-Memory (LSTM), Gated Recurrent
Unit (GRU), Bidirectional LSTM (BILSTM), 1 dimensional Convolutional
Neural Network (1DCNN), ensembles of ANN, and ensembles of LSTM.
Accuracy 96%.

Gunasekaran, et, al. in 2021[11], their study utilizes various architectures,
namely CNN, CNN-LSTM, and CNN-Bidirectional LSTM, for DNA sequence
classification. The classification task employs Label and k-mer encoding
techniques. Multiple classification metrics are employed to assess the
performance of these models. Based on the experimental results, the CNN and
CNN-Bidirectional LSTM models, both utilizing k-mer encoding, demonstrate
superior accuracy on the testing data, achieving 93.16% and 93.13%

respectively.

Jian, Y. et al, in 2021[12] used tabular dataset,collected from Rashid Centre

for Diabetes and Research in UAE. The dataset contains the records of 884
7
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persons, with 79 variable for each one of them. The goal of the research is to
predict and classify 8 complications of DM. First of all, pre-processing step is
considered to clean the data from unnecessary records, data imputation,
categorical encoding, data balancing, data normalization, and feature selection.
After that, group of Machine Learning algorithms are used which are: logistic
regression, SVM, decision tree, random forest, AdaBoost, and XGBoost,

Highest Accuracy and F1-score reached are: 97.8% and 97.7% respectively.

Karaglani, M. et al., 2022[13] used the data set of type Cell-free fatal DNA
(cffDNA),with 96 patients with T2DM, and 71 healthy people (control group),
in which the methylation related to T2DM could be found. Auto ML pipeline is
used for the analysis. The proposed Auto ML consists of the following steps.
First step is data pre-processing. Which includes Mean Imputation, Mode
Imputation, Constant removal, Standardization. Second step is feature selection
by using LASSO. And the classification is carried out by using multiple
algorithms. Which are Random Forests, Support Vector Machines (SVM),
Ridge Logistic Regression and Decision Trees. The highest accuracy obtained
from this Auto ML model is 0.927.

Li, J. et al., 2022[14] used the data set (Gene Expression) microarray
datasets, GSE164416, GSE156993, GSE161355, GSE163980, GSE76895,
GSE9006, and GSE78721 from GEO website by using differentially expressed
genes (DEGS), the effective biomarkers related to T2DM will be discovered to
help early diagnosis. First, Limma package in R language is used to perform
Differentially Expressed Genes between the DM patients and healthy persons. R
cluster Profiler package is then used to perform Functional Enrichment
Analysis. After that, Protein-Protein Interaction (PPI) Networks is built to
discover the most important genes (the one with the most connectivity). After
that SVM is trained to classify the DM related genes. AUC 1.0.
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E. El-Attar, N., M. Moustafa, B. and A. Awad, W,2022[15] they used the
dataset (DNA sequence) 300 human insulin sequence are selected from
GenBank website To classify the insulin DNA sequence, to predict T2DM.
based on gene sequence mutation. First, data is divided into 70%-30% training-
testing groups. Then, pre-processing is done by applying one-hot vector
encoding to the genes. Resulting in binary representation of the gene. After that,
hybrid CNN-LSTM model is proposed. The proposed CNN is based on LeNet-
5, and the LSTM is completely proposed by the authors. The data is input in
LSTM first, which characterize the complex structure of the insulin gene. After
that, CNN will interpret the patters in the insulin gene. The obtained training
accuracy is 99%, 97.5%, and 95% for LSTM-CNN, CNN, and LSTM,

respectively.

Li, Pan, and Cai in 2022[16], In this study, the researchers examined the
expression profiles of over 1600 individual cells, comprising 949 cells from
individuals with Type 2 Diabetes (T2D) and 651 cells from healthy controls.
They aimed to identify distinctive characteristics and differential expression
patterns at the transcriptomics level that could discern these two groups of cells.
To analyse the expression profiles, the researchers employed various machine
learning algorithms, such as Monte Carlo feature selection, support vector
machine, and repeated incremental pruning to produce error reduction
(RIPPER). Through these methods, they identified several T2D-associated
genes (MTND4P24, MTND2P28, and LOC100128906).

The related works for this thesis is summarized in Table 1.1.
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Reference
[13](1) Liquid Biopsy in Type 2

Diabetes Mellitus Management:

Building Specific Biosignatures
via Machine Learning

[14](2)I1dentification of Type 2
Diabetes Based on a Ten-Gene
Biomarker Prediction Model
Constructed Using a Support
Vector Machine Algorithm’

[15](3)Deep Learning Model to
Detect Diabetes Mellitus Based
on DNA Sequence’

Table 1.1: related works comparison

Problem

There is a growing demand
for less invasive biomarkers
that can be used to diagnose
type 2 diabetes (T2DM) at
an early stage before
symptoms appear and to
monitor the loss of -
pancreatic cells.

Identify reliable biomarkers
that can be used for an
accurate diagnosis of type 2
diabetes.

DM can occur due to any
alterations in the sequence
of the insulin gene.

Aim
From cffDNA data,
we could find the

methylation related to
T2DM

By using
differentially
expressed genes
(DEGS), the effective
biomarkers related to
T2DM will be
discovered.

To classify the insulin
DNA sequence, to
predict T2DM.

DM
T2D

T2D

DM

Method

Random

Forests, SVM,
Ridge Logistic
Regression and
Decision Trees

Clustering,
SVM

CNN-LSTM

Dataset

DNA sequence.
96 patients with
T2DM, and 71
healthy person
(control group)

Gene
Expression.

DNA sequence.
300 human

insulin sequence.

Result
AUC 0.927

AUC 1.0

Accuracy is 99%,
97.5%, and 95%
for LSTM-CNN,
CNN, and LSTM,
respectively.
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[5](4)Analysis and
Prediction of Diabetes
Mellitus using Machine
Learning Algorithm’

[12](5)‘A Machine
Learning Approach to
Predicting Diabetes
Complications’,

[6](6)‘ Improving Type 2
Diabetes Phenotypic
Classification by
Combining Genetics and

Conventional Risk Factors

[9](7) investigating the

association of CD36 gene

polymorphisms
(rs1761667 and
rs1527483) with T2DM
and dyslipidemia:
Statistical analysis,
machine learning based
prediction, and meta-
analysis’

[8](8)Artificial Neural
Networks Model for

Utilize diverse data
mining techniques at
various times to cluster
and forecast symptoms
within medical data.

DM is a persistent
condition that carries
potential risks to life.
As time progresses, it
can impact various parts
of the body.

Development of T2DM
involves a complex
interplay factors. This
condition is
characterized by
multiple contributing
factors.

The aim of this study is
to investigate the
potential correlation
between the CD36 gene
and diabetes.
Additionally, the study
seeks to develop
machine learning
algorithms for the
prediction and
classification of
diabetes.

Detect if the is a
relationship between
some genes and

Predict the disease of
DM from the data by

using Ensemble method.

Predict and classify 8
complications of DM.

Use the genetic and
clinical and
sociodemographic risk
factor to predict and
classify type 2 diabetes

The involvement of
CD36

gene rs1761667 (G>A)
and rs1527483 (C>T)
polymorphisms in the
pathogenesis of T2DM

To show if there is a
relationship between

Fokl polymorphism and

DM

DM

T2D

DM

T2D

SVM, Naive Nets,
and Decision Stump

Logistic regression,
SV M, decision tree,

random forest,
AdaBoost, and
XGBoost.

Random Forest

Multilayer

Perceptron(MLP),

K-star (K*)

feed-forward

neural network

(FNN)

Tabular.

768 records,
data set from
PIDD

Tabular.
Collected
dataset
contains the
records of 884
persons.

Gene
Expression.
Database of
Genotypes and
Phenotypes

Genetic
Expression.
177diabetics
persons with
173 control
group get their
data genome
data.

Gene
Expression.
Total of 164

Accuracy: 90.36%

Highest Accuracy
and F1-score
reached are: 97.8%
and 97.7%
respectively.

AUC: 73.96%,
Sensitivity: 68.42%,
and specificity:
78.67%

MLP: 75%
accuracy.
K*: 73% accuracy.

Accuracy: 88%
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Predicting Type 2
Diabetes Mellitus Based
on VDR Gene Fokl
Polymorphism, Lipid
Profile and Demographic
Data’

[10](9)Eye-colour and
Type-2 diabetes
phenotype prediction
from genotype data using
deep learning methods’

[7](10)Diabetes
prediction model based
on an enhanced deep
neural network’

[16](12) Identification of
Type 2 Diabetes
Biomarkers From Mixed
Single-Cell Sequencing
Data With Feature
Selection Methods

[11](13) Analysis of DNA
Sequence Classification
Using CNN and Hybrid
Models

diabetics. And predict
diabetics from genes.

Predict diabetics from
gene profiles.

Predict the diabetes type
accurately before the
occurrence of the
disease.

Discover the genes
associated with T2D

Identification and
classification of
COVID-19 viruses

T2DM. And classify
T2D based on Fokl
polymorphism, lipid
profile, gender and age.

Use statistical analysis to
relate SNPs with
diabetics. Then, the
genomes are used in
multiple machine
learning algorithms to
predict diabetes.

To develop a deep
learning model to predict
DM.

Analyse the expression
profiles by using
Machine Learning.

Develop Deep Learning
method to identify
COVID-19 by using
DNA sequence

T2D

DM

T2D

Covid-
19

Ensembles of LSTM

Deep Neural Network

Monte Carlo feature
selection, support
vector machine, and
repeated incremental
pruning

CNN-LSTM

people. 82
diabetics and
82 healthy
people.

Gene
Expression.
OPENSNP
dataset.

Pima Indians

RNA
sequencing
data from the
GEO

DNA sequence.

(NCBI)

Accuracy 96%.

Pima Indians
diabetes dataset:
99.4%

identified T2D-
associated genes
(MTND4P24,
MTND2P28, and
LOC100128906)

93.16% and 93.13%
accuracy,
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1.9 Structure of the Thesis
The remaining part of the thesis is organized as the following:

- Chapter two: A theoretical Background.

This chapter will provide a background of DM and DNA sequence
importance in the use of disease prediction. Furthermore, it explain the
theory of techniques used in data pre-processing, feature selection, and
Machine and Deep Learning.

- Chapter three: The proposed System

Detailed explanation of the proposed system and the used techniques.
Starting from the pre-processing steps. Which includes dealing with
missing values, k-mer encoding, random oversampling, and Min-Max
transformation. Furthermore, the used feature selection approaches.
which includes Mutual Information, ANOVA, and Univariate linear
regression. Finally, the techniques of Machine and Deep Learning,
including Support Vector Machine, Random Forrest, Decision Tree,
Gaussian Naive Bayes, and CNN-LSTM model.

- Chapter four: Experimental Results

The experimental results of the proposed system will be presented in
this chapter.

- Chapter five: Conclusions and Future Works

This chapter shows the major conclusions gotten from the results of
the proposed system in addition to the suggestions of some future

works.

13



Chapter Two

Theoretical Background
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2.1 Introduction
In this chapter the theoretical background required to understand this

thesiswill be explained properly.

These includes the Diabetes mellitus disease, the important of DNA
sequence in disease prediction, the pre-processing importance and techniques,
the feature selection importance and techniques. And finally, the model building

and evaluation methods.

2.2.  Diabetes Mellitus Disease
The Diabetes mellitus, commonly referred to as diabetes, is a chronic

metabolic disorder characterized by high blood glucose levels. It affects
millions of people worldwide and can lead to serious complications if not
properly managed. This section provides an overview of diabetes, including its
causes, types, symptoms, and management strategies, drawing on current

research and medical knowledge[17][18].

Diabetes arises from a combination of genetic and environmental factors.
In type 1 diabetes, an autoimmune response destroys the insulin-producing cells
in the pancreas, leading to a deficiency of insulin, a hormone responsible for
regulating blood sugar levels. Type 1 diabetes typically develops in childhood

or adolescence and requires lifelong insulin therapy[17][18].

Type 2 diabetes, the most common form, occurs when the body becomes
resistant to insulin or fails to produce enough insulin to maintain normal blood
sugar levels. This type is often associated with lifestyle factors such as obesity,
sedentary behavior, poor diet, and genetic predisposition. Type 2 diabetes can
develop at any age and is increasingly prevalent among younger
individuals[17][18].

The symptoms of diabetes vary depending on the type and severity but

may include increased thirst and urination, unexplained weight loss, excessive
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hunger, fatigue, blurred vision, slow wound healing, and recurrent infections.
However, some individuals with type 2 diabetes may be asymptomatic, making

early detection challenging[17][18].

2.2.1. DNA Sequence in Disease Prediction

Advancements in genetic research and technology have opened up new
avenues for disease prediction and personalized medicine. One of the most
powerful tools in this field is the analysis of DNA sequences. By examining an
individual's genetic makeup, scientists can gain valuable insights into their
predisposition to certain diseases and develop targeted prevention and treatment
strategies. The use of DNA sequences in disease prediction has the potential to
revolutionize healthcare by enabling early intervention and reducing the burden
of illness[19]-[21].

DNA, or deoxyribonucleic acid, is the genetic material that carries the
instructions for the development, functioning, and reproduction of all living
organisms. The sequence of nucleotide bases within DNA determines the
unique characteristics of each individual, including their susceptibility to certain
diseases. Advances in DNA sequencing technology have made it possible to
read and interpret an individual's entire genome, allowing researchers to identify

specific genetic variations associated with various diseases [19]-[21].

One of the key applications of DNA sequencing in disease prediction is
the identification of genetic markers or variants that are associated with
increased risk for specific conditions. Scientists have discovered numerous
genetic variations that are linked to various diseases, including heart disease,
cancer, diabetes, and Alzheimer's disease, among others. By analyzing an
individual's DNA sequence, these genetic markers can be identified, and the

person's risk for developing a particular disease can be assessed [19]-[21].
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2.4 Pre-Processing
Because of the increasing amount of heterogeneous data, data sets often

have missing data and inconsistent data. Low data quality will have a serious
negative impact on the pattern recognition process. The relevant data pre-
processing techniques are handling missing data, Free Alignment Method,
Oversampling, Ordinal Encoding, and transformation. Below these techniques
that are used in the pre-processing phase in this thesis are explained deeply.

2.4.1 Missing Data Handling

Missing data is a common challenge in machine learning that occurs
when one or more values are absent or unavailable in a dataset. The presence
of missing data can significantly impact the accuracy and reliability of
machine learning models, as they rely on complete and consistent data for
effective learning and prediction. Dealing with missing data is a crucial step
in the data pre-processing phase to ensure robust and meaningful analysis.

There are various reasons for missing data, including human error during

data collection, equipment malfunction, survey non-response, or simply the

absence of certain measurements. To handle missing data, several techniques
can be employed:

1. Deletion: In cases where the missing data is minimal, one approach is to
remove the instances or variables with missing values. This approach can
be effective when the missingness is missing completely at random
(MCAR), but it can lead to biased results if the missingness is missing at
random (MAR) ormissing not at random(MNAR)[22].

2. Imputation: Imputation involves estimating and replacing the missing
values with reasonable values. Common imputation methods include
mean imputation (replacing missing values with the mean of the available
values), regression imputation (predicting missing values based on the
relationship with other variables), and multiple imputation (generating

multiple plausible values for missing data using statistical models)[22].
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2.4.2 Free Alignment Method (K-mer):
K-mer encoding is a technique for generating substrings of a specific

length (K) from a biological sequence. These K-mers consist of nucleotides
(A, T, G, and C) and find various applications such as DNA sequence
assembly, enhancement of heterologous gene expression, identification of
species in metagenomic samples, and the development of attenuated
vaccines. Typically, the term "K-mer" encompasses all possible
subsequence’s of length K within a sequence. For example, the sequence
AGAT would have four monomers (A, G, A, and T), three 2-mers (AG, GA,
AT), two 3-mers (AGA and GAT), and one 4-mer (AGAT)[23]. Figure 2.1

shows how a DNA sequence with 6 k-mer will be performed.

TlGe € || |AlT|G]| A |A

TG e A

K-mer of size =6

Figure 2.1: K-mer example[24]

K-mer counting tools can be classified according to their approach
and the data structures they employ [25]. Equation 2.1 shows how to
calculate the number of generated features (i.e. words).

n=L-K+1 ~(2.1)

Where, n is the total number of words, L is the sequence length, K is

k-mer size.

Algorithm 2.1 shows the steps used in k-mer approach[26].

Algorithm 2.1: k-mer algorithm
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Inputs:
- Sequence: A string representing the input sequence
- k: An integer representing the desired k-mer length

Output:
- KkMers: A list of k-mers generated from the input sequence

Steps:

1. Initialize an empty list kMers to store the generated k-mers.

2. Check if the length of the input sequence is less than or equal to k. If true, return
an empty list (since the input sequence is too short to generate any k-mers).

3. lterate over the input sequence from index 0 to length of the sequence minus k:
a. Extract the substring of length k starting from the current index.
b. Append the extracted k-mer to the kMers list.

4. Return the kMers list.

2.4.3 Random Oversampling for Imbalanced Data:

Random oversampling is a common technique used in data analysis and
machine learning tasks to create representative samples from a larger
dataset. It involves randomly selecting observations from the dataset to
form a subset that can be analysed or used for model training. While
random sampling is a straightforward approach, it may encounter challenges
when dealing with imbalanced data, where the distribution of the target
variable is skewed towards one class.

Imbalanced data refers to a situation in which the classes of interest in a
dataset have significantly different frequencies. For example, in a medical
dataset, the majority of patients may belong to the "healthy™ class, while a
minority may belong to the "disease™ class. Imbalanced data can also arise
in fraud detection, anomaly detection, or other domains where rare events
are of interest[27].

When applying random sampling to imbalanced data, a potential issue is
that the resulting sample may not adequately represent the minority class.
The random selection process is unbiased, meaning it does not consider the
class distribution and can easily end up with a sample that is heavily skewed
towards the majority class.
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To address this issue, several techniques can be employed to ensure a
more balanced representation of both classes in the sample. Some of these
techniques include:

1. Random Oversampling: This technique involves randomly duplicating
observations from the minority class to increase its representation in the
sample[28].

2. Random Under-sampling: This technique involves randomly removing
observations from the majority class to reduce its dominance in the

sample [28].

Figure 2.2 shows a comparison between two common sampling

approaches.
Oversampling Undersampling
/ .
synthetics of the 4 f/ N\ samples of the

minority class / / \\ majority class
\

Original dataset Original dataset

(a) (b)

Figure 2.2: comparison between oversampling and under sampling [29]

Algorithm 2.2 shows the steps to implement random over sampling for

Imbalanced data[28].

Algorithm 2.2: Random over-Sampling for imbalanced data algorithm

Inputs:

Dataset with imbalanced classes (class distribution is not uniform)
Target class to sample (the minority class)

Output:

Sampled dataset with balanced classes (approximately equal distribution of
classes)
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Steps:
1. Calculate the class distribution of the target class in the dataset.
2. Determine the number of instances needed to balance the dataset by selecting the
maximum class count as the target count for each class.
3. Initialize an empty sampled dataset.
4. For each class in the dataset:
a. If the class is the target class:
I. Randomly sample instances from the class to match the target count
determined in step 2.
1i. Add these instances to the sampled dataset.
b. If the class is not the target class:
I. Add all instances from the class to the sampled dataset.
5. Shuffle the sampled dataset to ensure randomness.
6. Return the sampled dataset with balanced classes.

2.4.4 Ordinal Encoding:

Ordinal encoding is a popular technique used in data pre-processing and
feature engineering tasks to encode categorical variables. It assigns a
numerical value to each category, preserving the ordinal relationship
between them. This encoding method is commonly employed when dealing

with machine learning algorithms that require numeric inputs[30].

Ordinal encoding involves assigning a unique integer value to each
category based on its position in the predefined order. The encoding process

typically follows these steps[31]:
1. ldentify the unique categories within the categorical variable.

2. Define an order or hierarchy for the categories based on their inherent
ranking or meaning. This order can be predefined based on domain

knowledge or determined through statistical analysis.

3. Assign numerical values to each category, starting from 1 or 0, based on
their position in the defined order. The category with the lowest rank is
usually assigned the smallest value, and subsequent categories are

assigned higher values accordingly.
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Algorithm 2.3 shows the steps used in ordinal encoder[32].

Algorithm 2.3: Ordinal encoder algorithm

Inputs:
— Dataset: A dataset with categorical features
— Categorical Features: A list of categorical feature names

Output:
- Encoded Dataset: A dataset with categorical features replaced by integer ordinal
encoded values

Steps:

1) Initialize an empty dictionary, ordinal_mapping, to store the ordinal mapping for
each unique category in each categorical feature.

2) For each categorical feature in the list of Categorical Features, perform the
following steps:

Initialize an empty dictionary, category_mapping, to store the mapping of
categories to ordinal values for the current feature.

Extract the unique categories from the current categorical feature in the
Dataset and sort them in ascending order.

For each unique category category in the current categorical feature, assign
an ordinal value starting from 0 and increment by 1 for each subsequent
category.

- Store the mapping of each category to its corresponding ordinal value in the
category_mapping dictionary.

Store the category_mapping dictionary in the ordinal_mapping dictionary
with the current categorical feature name as the key.

3) Create a copy of the original Dataset and initialize it as the Encoded Dataset.

4) For each categorical feature in the list of Categorical Features, perform the

following steps:
- Retrieve the category _mapping dictionary for the current feature from the
ordinal_mapping dictionary.
- Replace the categorical values in the corresponding column of the
Encoded Dataset with their ordinal values using the
category _mappingdictionary.
5) Return the Encoded Dataset as the result.

2.4.5 Min-Max Normalization:
Min-max transformation or normalization, is a common data pre-
processing technique used to rescale the values of a dataset to a specific
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range. It is useful when working with variables that have different scales or
ranges of values. The purpose of min-max transformation is to bring all the
values within a desired range, typically between 0 and 1, although other

ranges can also be chosen[33].

The min-max transformation is based on the minimum and maximum
values present in the feature. The transformation process involves
subtracting the minimum value from each data point and then dividing it by
the difference between the maximum and minimum values (as shown in
equation 2.2 below). This results in a transformed value that falls within

the desired range[33].

Equation 2.2 shows the mathematical formula for Min-Max

transformation.

x—min(X)
max(X)—min(X)

X = (2.2)
Where:x is an individual data point in the dataset.
xis the transformed value of x.

min(X)is the minimum value in the feature.

max(X)is the maximum value in the feature.

2.5 Feature Selection

In machine learning, feature selection plays a vital role as it entails the
selection of a subset of pertinent features from a larger pool of available
features. The objective is to identify the most informative and distinguishing
features that significantly contribute to the predictive capability of a machine
learning model, all while minimizing complexity, computation time, and the
risk of overfitting[34].

In many real-world applications, datasets often contain a large number of

features, and not all of them are necessarily useful for making accurate
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predictions. Feature selection techniques aim to address these issues by
identifying and retaining only the most important features, improving model

interpretability and generalization[34][35].

Feature selection methods can be broadly categorized into three main

types: filter methods, wrapper methods, and embedded methods[35].

1. Filter methods:Filter methods evaluate the importance of features by
analyzing their statistical characteristics, such as correlation, mutual
information, or significance tests, without considering any particular learning
algorithm.Filter methods encompass techniques like chi-square test,
information gain, and correlation-based feature selection.

2. Wrapper methods:Wrapper methods assess the effectiveness of a feature
subset by directly training and evaluating a machine learning model using
various subsets of features. These methods employ a particular learning
algorithm and search strategy to identify the optimal feature subset that
maximizes the model's performance. Popular examples of wrapper methods
include Recursive Feature Elimination (RFE) and Genetic Algorithms.

3. Embedded methods:Embedded methods integrate feature selection into the
model training process. These methods incorporate feature selection within
the learning algorithm itself, leveraging the inherent feature selection
capabilities of specific models. For instance, decision tree-based models such

as Random Forests and Gradient Boosting.

2.5.1 Mutual Information

Mutual information (MI) is a statistical measure widely used in feature
selection to quantify the dependence or information shared between two random
variables. Mutual information measures the amount of information that knowing

the value of one variable provides about the other variable[36].
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In the context of feature selection, mutual information can be used to
assess the relationship between each feature and the target variable. The higher
the mutual information between a feature and the target, the more information
the feature provides for predicting the target variable. By calculating the mutual
information for each feature, we can rank them based on their relevance and

select the most informative ones[36].

Mathematically, mutual information between two random variables X and

Y is defined as in equation 2.3:

I[(X;Y) =22 p(x, ) log(p(x, ») / (p(x) *p())) (2.3)[36]

where p(X, y) is the joint probability distribution of X and Y, and p(x) and
p(y) are the marginal probability distributions of X and Y, respectively.

In practice, estimating mutual information from finite data requires
making assumptions about the underlying probability distributions. One
common approach is to use the empirical probability distributions based on the
observed data. Given a dataset with N samples, the empirical joint probability
distribution p(x,y) is estimated by counting the occurrences of each combination
of values (x,y) in the data and dividing by N. Similarly, the empirical marginal
probability distributions p(x) and p(y) are estimated by counting the occurrences

of each value x and y, respectively, and dividing by N[37].

Algorithm 2.4 shows the steps used in MI[38].

Algorithm 2.4 Mutual Information algorithm

Input:
1. dataSet: The dataset containing both the features and the target variable.
2. target: The target variable for which we want to calculate the mutual information.
3. features: The set of features from which we want to select the relevant ones.

Output:
1. mutual Info_Scores: selected features, with their MI score

Steps:
1. Initialize an empty dictionary mutual_Info_Scores to store the mutual information
scores for each feature,
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2. For each feature in features, do the following steps:
3. Calculate the mutual information between the feature and the target variable:
4. Initialize a dictionary feature _Counts to store the counts of each
unique value of the feature.
5. Initialize a dictionary target_Counts to store the counts of each unique
value of the target variable.
6. Initialize a dictionary joint_Counts to store the joint counts of each
unique value pair of the feature and target variable.
Initialize the mutual _Information variable to 0.
8. For each instance in dataSet, do the following steps:
9. Increment the count of the current value of the feature in
feature_Counts.
10.Increment the count of the current value of the target variable in
target_Counts.
11.Increment the count of the current value pair of the feature and
target variable in joint_Counts.
12.For each unique value of the feature, do the following steps:
13.For each unique value of the target variable, do the following steps:
14.Calculate the probability of the feature value:
pFeature = feature_Counts[feature_Value] / total _Instances,
where total _Instances is the total number of instances in the
dataset. And
15.Calculate the probability of the target value:
pTarget = target_Counts[target_Value] / total Instances.
16.Calculate the joint probability:
pJoint = joint_Counts[feature_Value][target Value] /
total _Instances.
17.1f pJoint is not equal to 0, calculate the mutual information
contribution:
mutual_Information += pJoint * log2(pJoint / (pFeature *
pTarget)).
18.Store the calculated mutual Information in mutual _Info_Scores with
the feature as the key.
19.Sort mutual_Info_Scores in descending order based on the mutual information
scores.
20.Return the sorted list of features from mutual_Info_Scores along with their
respective mutual information scores.

~

2.5.2 ANOVA
One-way analysis of variance (ANOVA) is a statistical technique
commonly used in feature selection to assess the significance of differences

among the means of multiple groups or categories. It helps determine if there
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are significant variations in a continuous target variable across different levels
of a categorical feature. ANOVA can be employed as a feature selection method
to identify relevant features that have a significant impact on the target
variable[39].

In the context of feature selection, one-way ANOVA compares the means
of the target variable across different levels or categories of a categorical
feature. The null hypothesis assumes that the means of all groups are equal,
indicating no significant relationship between the feature and the target variable.
The alternative hypothesis suggests that at least one of the group means is
significantly different, implying a relationship between the feature and the
target[40].

2.5.3 Univariate linear regression

Univariate linear regression is a straightforward and widely adopted
method for feature selection in machine learning. It encompasses the fitting of a
linear regression model between a single independent variable (feature) and a
dependent variable (target) to evaluate their relationship. By employing
univariate linear regression as a feature selection technique, it becomes possible
to identify the most relevant features that exert a significant influence on the

target variable[41].

The steps involved in using univariate linear regression for feature

selection are as follows:

1. Data Preparation: Define the independent variables (i.e. features), and
dependent variable (i.e. target).

2. Calculate significant: For each feature, calculate the correlation
coefficient between the selected feature and the target, as shown in
equation 2.4.

Y=p+ "X (24)[42]
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Where: Y: The target variable (dependent variable).X: The feature
(independent variable).f: The intercept term (y-intercept).5:: The slope
coefficient (regression coefficient) that represents the change in Y for a

one-unit increase in X.

3. Select the features: Select the features with correlation coefficient above

a predefined threshold, or the top n number of features.

Algorithm 2.5 shows the steps in the Univariate Linear Regression

approach[43].

Algorithm 2.5: Univariate Linear Regression for Feature Selection

Inputs:
— X: Feature matrix with shape (n_samples, n_features)
— y: Target variable with shape (n_samples,)
~ threshold: Threshold value for feature selection (e.g., p-value, correlation
coefficient)

Outputs:
- selected features: List of selected features based on the univariate linear
regression

Steps:

1. Initialize an empty list, selected_features.

2. Loop through each feature in X:
a. Fit a univariate linear regression model with the current feature and .
b. Compute the p-value or correlation coefficient for the relationship
between the current feature and y.
c. If the p-value (or absolute correlation coefficient) is above the
threshold: Add the current feature to the selected_features list.

3. Return the selected features list.

2.6 Machine Learning

Machine learning is a subfield of artificial intelligence that enables
computers to perform intelligent tasks using intelligent software. It has been
applied to a wide range of applications, including computer vision and email
filtering, where traditional algorithms may be impractical or insufficient. The
core objective of machine learning is to develop algorithms that can

automatically learn from datasets. These learned models are then capable of
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making predictions based on the knowledge acquired during the training
process. The underlying concept is that these algorithms generate a statistical
inference from the data they are trained on, utilizing this statistical model to

predict future values [44].

2.7 Types of Machine Learning

Machine learning has emerged as a transformative field within the realm
of artificial intelligence, empowering computers to learn and make predictions
from data without being explicitly programmed. Various types of machine
learning algorithms have been developed to cater to different problem domains,

data characteristics, and learning objectives [44].

. Supervised Learning: Supervised learning is one of the most common and
well-understood types of machine learning. It involves training a model on
labelled data, where each example is associated with a corresponding target or
output variable. Supervised learning algorithms include linear regression,
decision trees, random forests, support vector machines, and neural networks
[45].

. Unsupervised Learning: In contrast to supervised learning, unsupervised
learning deals with unlabelled data, where the algorithm must discover
patterns, structures, or relationships within the data without explicit
guidance[46].

. Deep Learning: Deep learning is a subset of machine learning that focuses on
artificial neural networks with multiple layers, also known as deep neural
networks. Deep learning algorithms excel in processing complex data such as
images, audio, and text, enabling breakthroughs in computer vision, natural
language processing, and speech recognition. Convolutional neural networks
(CNNs) are commonly used for image analysis, while recurrent neural
networks (RNNSs) are effective for sequential data, and transformers have

revolutionized natural language processing tasks [47].
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4. Ensemble Learning: Ensemble learning combines multiple individual models,
known as base learners, to form a stronger, more robust model. Each base
learner contributes to the final prediction, and different ensemble techniques
like bagging (e.g., random forests) and boosting (e.g., AdaBoost, Gradient
Boosting) are employed to aggregate their outputs effectively. Ensemble
methods reduce the risk of overfitting, enhance generalization, and often

produce better results than individual models [48].

These are just a few of the many types of machine learning techniques
and approaches. Each type has its strengths and weaknesses, and the choice of

technique depends on the problem at hand and the available data.

2.8 Concepts in Machine Learning

In order to fully understand the Machine Learning systems, some of the

techniques used in these systems should be explained properly.

2.8.1 Optimization

Optimization is a fundamental aspect of machine learning that aims to
find the best set of model parameters that minimize or maximize a given
objective function. The objective function is often defined based on a certain
loss function that quantifies the model's performance on the task at hand, such
as classification accuracy or mean squared error. The process of optimization
involves adjusting the model's parameters iteratively to reach the optimal values

that lead to the best possible performance[49].

There are various optimization algorithms used in machine learning, each
with its advantages and disadvantages. Some of the most popular optimization
algorithms are as follows[50], [51]:

1. Gradient Descent: Gradient descent is a widely used optimization
algorithm that updates the model's parameters in the opposite direction
of the gradient of the loss function with respect to those parameters.
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2.

Momentum: Momentum is an extension of gradient descent that
introduces a velocity term to accelerate convergence and overcome
oscillations in the optimization process.

AdaGrad (Adaptive Gradient Algorithm): AdaGrad adapts the
learning rate for each parameter based on the historical gradients. It
gives more weight to parameters that have a smaller historical
gradient, which can be advantageous for dealing with sparse data or
high-dimensional problems.

Adam (Adaptive Moment Estimation): Adam is an adaptive
optimization algorithm that combines the benefits of both AdaGrad
and RMSProp. It maintains separate learning rates for each parameter
and adapts them over time, leading to more stable and efficient

convergence.

2.8.2 Epoch, Iteration, and Batch Size

In the context of machine learning, epoch, iteration, and batch size are

important concepts used during the training process of a model. These concepts

are closely related and play a significant role in determining how a model learns
from the training data[52], [53].

1. Epoch: An epoch refers to a single pass of the entire training dataset

through the learning algorithm. In other words, during one epoch, the
model has seen and learned from each training sample once. After
each epoch, the model's parameters are updated based on the gradients
computed during the forward and backward passes of the training

process.

. Iteration: An iteration, also known as a training step or update step, is

a single update of the model's parameters during the training process.

In most cases, one iteration corresponds to processing a single batch
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of data through the model and updating the model's parameters based
on the loss function's gradients.

3. Batch Size: The batch size refers to the number of samples from the
training dataset that are processed together in a single forward and

backward pass during each iteration.

Figure 2.3 illustrate the difference between the epoch, iteration, and batch

size.
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Figure 2.3: Epoch, iteration, and batch size [54]

2.8.3 Activation Function

In machine learning, an activation function is a crucial component of
artificial neural networks and other deep learning models. It introduces non-
linearity to the model, allowing it to learn complex patterns and make better
predictions for a wide range of tasks such as image recognition, natural
language processing, and more[55]-[57].

There are several types of activation functions used in deep learning.

Some of the most common ones include:
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1. Sigmoid Function: The sigmoid function is one of the earliest
activation functions used in neural networks. It squashes the input
values into the range of (0, 1)[55]-[57]. The formula for the

sigmoid function is shown in equation 2.5:

Sigmoid(x) = ...(2.5)

1+e~%

2. Rectified Linear Unit (ReLU): ReLU is one of the most widely
used activation functions in deep learning due to its simplicity and
ability to mitigate the vanishing gradient problem. It returns the
input if it is positive and zero otherwise[55]-[57]. The formula for
ReLU is shown in equation 2.6:

ReLU(x) = max(0,x) ...(2.6)

3. Softmax: The softmax function is commonly used in the output
layer of a neural network for multi-class classification problems. It
converts the raw model outputs (logits) into a probability
distribution over multiple classes, ensuring that the sum of the
probabilities adds up to 1[55]-[57]. The formula for softmax is

shown in equation 2.7:
e*i

softmax(x;) = ST
j=1

...(2.7)
where n is the number of classes, and x; is the raw output for class i.

Figure 2.4 shows a comparison of some of the common Activation Functions.
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Figure 2.4: comparison of some common Activation Functions [58]

2.8.4 Loss Function

In machine learning, a loss function plays a crucial role in
assessing the accuracy of a model's predictions and guiding the learning
process during training. It quantifies the discrepancy between the
predicted output of a model and the actual target values, helping the
model to optimize its parameters to minimize this discrepancy. The
ultimate goal is to find the optimal set of parameters that make the model

perform well on unseen data[59], [60].

There are various types of loss functions. Some commonly used
loss functions include[59], [60]:

1. Mean Squared Error (MSE): MSE is one of the most common loss
functions used in regression tasks. It calculates the average squared
difference between the true target values and the predicted values[59],
[60]. Equation 2.8 shows how the MSE is calculated.

MSE = -3, (y; — 91 ..(2.8)

34



Chapter Two Theoretical Background

2. Mean Absolute Error (MAE): MAE is another loss function used in
regression tasks. It calculates the average absolute difference between
the true target values and the predicted values [61]. Equation 2.9

shows how MAE is calculated.

MAE = <31, |y; — 9] .(2.9)

3. Cross-Entropy Loss (Log Loss): Cross-entropy loss is commonly
used in classification tasks, particularly for problems with multiple
classes. It measures the dissimilarity between the predicted probability
distribution and the true target labels [62]. Equation 2.10 shows how

Cross-Entropy Loss is calculated.

—logP(Y =1|X) ify = 1}

h(X,y)={_logP(Y:0|X) ify=0 ...(2.10)

2.9 Model Building

In order to build and train a predictive model for DM patients based on

DNA sequence. The classification techniques will be used.

Classification is an extensively explored task in machine learning, which
involves using defined features to determine the class of a predefined target
attribute. This process is part of supervised machine learning[63]. In the field of
genomics, important concerns revolve around genome classification and

sequence annotation.

2.9.1 Support Vector Machine

Support Vector Machine (SVM) is an extensively utilized and powerful
supervised machine learning algorithm suitable for both classification and
regression tasks. It has gained popularity due to its capacity to handle linear and
non-linear data effectively, as well as its ability to tackle high-dimensional
datasets. SVMs operate based on the concept of identifying the optimal
hyperplane that maximizes the margin, separating various classes of data.[64].
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The core idea behind SVM involves transforming the input data into a
higher-dimensional feature space using a kernel function (as shown in Figure
2.5). Within this feature space, SVM seeks to locate a hyperplane that
maximally separates the data points of different classes. This hyperplane is
chosen to maximize the margin, which represents the distance between the
hyperplane and the closest data points from each class. These closest data points
are known as support vectors, thereby lending the name "Support Vector
Machine." [64].
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Figure 2.5: Transforming data into a higher-dimensional feature space in SVM

The training process of SVM involves solving an optimization problem to
find the hyperplane that maximizes the margin. The resulting hyperplane is then

utilized for classifying new, unseen data points[65].

One of the key reasons for SVM's popularity lies in its ability to handle
high-dimensional datasets effectively. SVM demonstrates robust performance
when the number of features surpasses the number of samples, a common
occurrence in real-world applications such as text classification, image

recognition, and bioinformatics[65], [66].
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Figure 2.6: Support Vector Machine (SVM) [67]

Algorithm 2.6 shows the SVM steps[68].

Algorithm 2.6: SVM algorithm

Input:

- Training dataset: X = {xi, Xz, ...,
for the i-th training instance.

- Corresponding labels: y = {y1, y2,
class label for the i-th training instance.

xn}, where xi represents the input features

..., yn}, where yi € {-1, +1} represents the

- C: a hyperparameter controlling the trade-off between maximizing the margin

and minimizing the classification error.

Output:
- The learned SVM model,
separating hyperplane.

represented by the support vectors and the

Steps:
1. Normalize the training dataset if necessary.

2. Construct the Gram matrix K, where K(i, j) = (xi, Xj) represents the dot

product between the input feature vectors.
3. Initialize the Lagrange multipliers a1 =
Define the optimization problem:

B

0 for all training instances.

5. Maximize: W(«)

= Yai — 0.5 2 aiqj yiyj K(xi, xj)
Subject to: X a1 y1 =

Oand 0 <o <Cforalli

Solve the optimization problem using quadratic programming to find the
optimal values of a that maximize W(a.).

Compute the bias term b using the support vectors:

Select a support vector xi with 0 < a1 < C.
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9. Computebas:b = yi — X ajyj K(xi,xj) forany support vector xi.
10.Compute the weight vector w as: w =X ai yi xi.

11.Classify a new test instance Xx:

12.Compute the predicted label y pred as: y pred = sign(Z ai yi K(xi1, X) + b).
13.The support vectors are the training instances xi with non-zero a.

14.The separating hyperplane is given by the equation: X ai yi K(xi, X) + b = 0.

2.9.2 Artificial Neural Network

Artificial Neural Networks (ANNS) are a fundamental concept in the field
of artificial intelligence and machine learning. Inspired by the structure and
functioning of the human brain, ANNs are computational models composed of
interconnected nodes, known as artificial neurons or perceptron’s, which work

collectively to process and learn from input data[69].

The basic building block of an artificial neural network is the artificial
neuron, which mimics the behaviour of a biological neuron. Each artificial
neuron receives one or more inputs, applies a mathematical transformation to
them, and produces an output. The inputs are typically weighted, representing
the strength or importance of each input. The artificial neuron also includes an
activation function, which determines the output based on the weighted sum of

the inputs[69]. Figure 2.7 shows the work of single neuron.
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Figure 2.7: Artificial Neuron [70]
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The architecture of an artificial neural network consists of multiple layers
of interconnected neurons. The input layer receives the initial data, and
subsequent layers, known as hidden layers, process and transform the
information. Finally, the output layer produces the network's final prediction or
output[69].

Training an artificial neural network involves a two-step process: forward
propagation and backpropagation. In forward propagation, the input data is
passed through the network, layer by layer, and the outputs are calculated. The
calculated outputs are then compared to the desired outputs, and the difference,

known as the error, is determined[69].

Backpropagation is the process of updating the weights of the artificial
neurons to minimize the error. It works by propagating the error backward
through the network, adjusting the weights based on the contribution of each
neuron to the overall error. This iterative process is repeated until the network's

performance reaches a satisfactory level[69].

There are several types of artificial neural networks, each with its own
unigue characteristics and applications. Feedforward neural networks are the
most common type, where information flows in one direction, from the input
layer to the output layer. Recurrent neural networks (RNNs) have connections
between neurons that form directed cycles, allowing them to process sequential
data such as time series or natural language. Convolutional neural networks
(CNNs) are specifically designed to process grid-like data, such as images or
video frames, using convolutional layers that extract relevant features. These
types will be explained in details in the next section[69].

2.9.3 Decision Tree

The Decision Tree (DT) is a well-known machine learning algorithm
utilized for classification and regression tasks. It presents a visual representation
of a sequence of decisions and their potential outcomes. By learning from
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labelled training data, the decision tree algorithm constructs a tree-shaped
model where internal nodes correspond to decisions based on specific features,
and leaf nodes represent predicted outcomes or class labels[71].

To begin constructing the decision tree, a root node is created,
encompassing the entire training dataset. The algorithm then identifies the best
feature to split the data, considering criteria like information gain or Gini
impurity. Information gain quantifies the decrease in entropy (or increase in
information) after the split, while Gini impurity measures the likelihood of
misclassifying a randomly chosen element based on the label distribution within
the node[72].

After selecting the optimal feature, the dataset is partitioned into subsets
according to the possible feature values. This recursive process continues for
each subset, generating new internal nodes and branches, until a stopping
condition is met. Stopping conditions may involve reaching a maximum depth,
having a minimum number of samples in a node, or when further splitting fails
to enhance overall performance[72].

The decision tree assigns the predicted outcome or class label at the leaf
nodes. In classification, the majority class within the leaf node is chosen as the
prediction, while for regression, it may be the mean or median of the target
values in that node[72].

Algorithm 2.7 shows the steps used in the building the Decision Tree[73].

Algorithm 2.7: Decision Tree algorithm

Input:
- Training dataset: X (input features), y (target variable)
- Stopping criteria (e.g., maximum depth, minimum number of
samples per leaf)
- Splitting criterion (e.g., Gini impurity, information gain)

Output:
- Decision Tree model

Steps:
1. Define a node structure for the Decision Tree:
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- Attributes:

Data subset: X_node (input features), y_node (target variable)
Splitting criteria (e.g., feature index, split value)

Left child node: left_child

Right child node: right_child

Class label (for leaf nodes only)

2. Create the root node of the Decision Tree:

- Assign X_node as the entire training dataset X, and y_node as the
corresponding target variable y.

3. Recursively grow the Decision Tree by performing the following steps
on each node:

— If a stopping criterion is met (e.g., maximum depth, minimum
samples per leaf), create a leaf node with the majority class label as
the predicted class label.

- Calculate the splitting criterion for each feature in X _node and
determine the best feature to split on.

— Split the data into two subsets based on the best feature and split
value:

- Create left_child node: X_left, y_left
- Create right_child node: X_right, y_right

- Recursively apply the above steps to the left_child and right_child
nodes.

4. Return the Decision Tree model.

2.9.4 Random Forest

Random Forest (RF) is an ensemble learning algorithm widely utilized in
machine learning due to its power and versatility. It excels in both classification
and regression tasks, demonstrating remarkable efficacy with high-dimensional
datasets. The core principle of Random Forest involves merging the predictions

of multiple decision trees to achieve enhanced accuracy and robustness[74].

Random Forest constructs an ensemble of decision trees, with each tree
trained on a distinct subset of the training data and features. This introduces
randomness to mitigate overfitting and foster diversity among the individual
trees within the ensemble. The final prediction of the Random Forest is derived
by aggregating the predictions of all the individual trees, accomplished through
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voting for classification tasks or averaging for regression tasks[75]. Figure 2.8

shows a representation of Random Forest.
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Figure 2.8: Random Forest [76]

The training process of Random Forest involves two levels of
randomization. Firstly, a random subset of the original training data is selected
using bootstrap sampling or bagging. This technique involves selecting data
points from the original dataset with replacement, generating a new subset of
data equal in size to the original dataset. Consequently, some data points may be

repeated in the new subsets while others may be absent[74][75].

Secondly, for each tree in the Random Forest, a random subset of features
Is chosen at each split point. This subset typically contains fewer features than
the total number available in the dataset. The purpose of this random feature
selection is to ensure that the trees make decisions based on different sets of

features, thus decorrelating them[74][75].

The decision trees within Random Forest are constructed in a top-down
manner by recursively splitting the data based on the selected features. At each

split point, the algorithm searches for the optimal feature and split criterion to
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optimize a predefined objective function, such as Gini impurity for
classification or mean squared error for regression. The process continues until
a stopping criterion is met, such as reaching a maximum tree depth or a

minimum number of samples per leaf node[74][75].

Algorithm 2.8 shows the steps used for Random Forest algorithm[77].

Algorithm 2.8: Random Forest algorithm

Input:
- Training dataset: X (input features), y (target variable)
— Number of decision trees: n_trees
— Number of features to consider at each split: max_features

Output:
- Random Forest model

Steps:
1. Define a list of decision trees: forest =[]
2. For eachifrom 1ton_trees, do the following:

- Create a bootstrap sample of the training dataset: X_bootstrap,
y_bootstrap
Create a decision tree T by training it on the bootstrap sample
(X _bootstrap, y _bootstrap) using a specified algorithm (e.g.,
CART).
Randomly select a subset of features from X_bootstrap with size
max_features.
Determine the best split point for T using the selected features.
Split T into two child nodes using the best split point.

- Add T to the forest list.
3. Return the Random Forest model containing the list of decision trees.

2.9.5 Gaussian Naive Bayes

Gaussian Naive Bayes is a widely used machine learning algorithm for
classification tasks. It is a variant of the Naive Bayes algorithm that assumes the
features follow a Gaussian (normal) distribution. This assumption simplifies
probability calculations, making the algorithm efficient and easy to

implement[78].

43



Chapter Two Theoretical Background

The Naive Bayes algorithm is based on Bayes' theorem, which calculates
the posterior probability of a hypothesis using prior knowledge and observed
evidence. In classification, it computes the probability of a given class label
based on a set of features[78].

The "naive™ aspect of Gaussian Naive Bayes arises from assuming that
the features are conditionally independent given the class label. This means the
presence or absence of one feature does not affect the presence or absence of
any other feature. Although this assumption is rarely true in practice, Gaussian
Naive Bayes often performs well even when the independence assumption is
violated. It is especially useful for high-dimensional data where other
algorithms can be computationally expensive or prone to overfitting due to the
curse of dimensionality [79].

Algorithm 2.9 shows the steps used in the building the Gaussian Naive

Bayes model[80].

Algorithm 2.9: Gaussian Naive Bayes algorithm

Input:
- Training dataset: X (input features), y (target variable)

Output:
- Gaussian Naive Bayes model

Steps:
1. Separate the training dataset into classes based on the target variable.
2. For each class c in the set of unique classes, do the following:
- Compute the class prior probability: P(c) = count(y = c¢) / count(y)
~ For each feature X_i in the set of input features, compute the class
conditional probability:
- Calculate the mean (p) and standard deviation (o) of X 1 for
class c.

- PX|Y =c¢) = —

J2ma? ex
3. Return the Gaussian Naive Bayes model, containing the class prior
probabilities and class conditional probabilities.

(xi—y)?
(-8

2
20y
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2.10 Deep Learning

Deep Learning (DL) is a branch of machine learning that concentrates on
developing and applying artificial neural networks inspired by the structure and
function of the human brain. It is a potent approach for addressing intricate
problems and extracting meaningful patterns from extensive datasets. Deep
learning has gained immense popularity and achieved remarkable success
across diverse domains, including computer vision, natural language processing,
speech recognition, and others[81][82].

At the heart of deep learning are artificial neural networks (ANNSs), which
are computational models comprised of interconnected layers of artificial
neurons, also known as nodes or units. These networks are designed to learn
and make predictions or decisions based on input data. The term "deep" in deep
learning refers to the presence of multiple layers in the network, enabling it to
learn hierarchical representations of the data. Figure 2.9 shows a comparison
between shallow ANN that is considered as Machine Learning approach, and
deep ANN which is considered Deep Learning approach[82]. The figure shows

a deeper hidden layer in the Deep Learning model.

Machine Learning Deep Learning

@ nput Layer () Hidden Layer @ Output Layer

Figure 2.9: a comparison between using ANN in ML and DL [83]
Figure 2.10shows the difference between ML and DL in feature extraction.
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Figure 2.10: Difference between ML and DL in terms of feature extraction
[84]

Convolutional Neural Networks (CNNs) are a prominent type of deep
learning architecture extensively employed in computer vision tasks such as
image classification, object detection, and image segmentation. CNNs exploit
spatial correlation in images by employing convolutional layers that apply
filters to local regions, allowing the network to capture meaningful patterns and
features at different scales[82].

Recurrent Neural Networks (RNNSs) are another significant class of deep
learning models, commonly utilized in sequential data analysis, such as natural
language processing and speech recognition. RNNs possess a unique capability
to capture temporal dependencies and handle sequences of varying lengths.
They maintain an internal memory or hidden state that enables them to process
inputs sequentially and model long-term dependencies[82].

The success of deep learning can be attributed to several factors. First, the
availability of large labelled datasets has played a crucial role in effectively
training deep learning models. Figure 2.11 shows how DL outperform the ML
algorithms giving larger dataset. Additionally, the increased computational
power provided by modern GPUs and specialized hardware has accelerated the
training and deployment of deep learning models. Furthermore, advancements

in optimization algorithms, regularization techniques, and network architectures
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have contributed to improving the performance and robustness of deep learning
models[82].
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Figure 2.11: comparison between DL and ML performance with
amount of data [85]

2.10.1Convolutional Neural Network

A Convolutional Neural Network (CNN) is a deep learning model
developed specifically to process and analyse structured grid-like data,
including images, and videos. CNNs have brought about a revolution in
computer vision and have achieved impressive success in tasks such as image

classification, object detection, and image segmentation[86].

The primary components of a CNN consist of convolutional layers,

pooling layers, and fully connected layers (i.e. dense layer).

A. Convolutional layers: Convolutional layers serve as the fundamental
building blocks of CNNs. They utilize filters (i.e. kernels) that slide across
the input data to perform convolution operations. Convolution involves
element-wise multiplication of the filter with a local receptive field of the
input data, followed by summing the results to generate a feature map[87].
Figure 2.12 shows the convolutional operation between the input image
and the kernel.
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Figure 2.12: Convolution operation[88]

B. Pooling layers: Pooling layers are employed to down sample the spatial
dimensions of the feature maps while retaining the essential information.
The most common pooling operation is max pooling, where the maximum
value within a pooling window is selected as the representative value.
Pooling helps reduce computational complexity, and control
overfitting[89]. Figure 2.13 shows two types of pooling operations. Which

are max and average pooling.
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Figure 2.13: Pooling operation[90]
C. Fully connected layers: Fully connected layers are typically placed at the
end of the CNN architecture. They take the flattened feature maps from

previous layers and map them to the target classes or labels[91].

The training process of a CNN involves forward propagation and

backpropagation. During forward propagation, the input data passes through the
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network layer by layer, and the output is computed. The error between the
predicted output and the actual target is measured using a loss function, such as
categorical cross-entropy for classification tasks. Backpropagation is then
utilized to compute the gradients of the loss with respect to the network
parameters, facilitating parameter updates through optimization algorithms.
This iterative process continues until the model converges to optimal parameter
values[92].

Although CNNs excel in computer vision tasks, their success has
extended to other domains such as natural language processing (NLP), speech
recognition, and time series data, where data can be represented as grid-like
structures[93]-[95].

2.10.2Long Short-Term Memory

Long Short-Term Memory (LSTM) is an architecture of recurrent neural
network (RNN) specifically designed to overcome the limitations of traditional
RNNs in capturing long-term dependencies within sequential data. LSTM
networks have gained substantial popularity across domains such as natural

language processing, speech recognition, time series analysis, and more[96].

The gates within an LSTM govern the flow of information into and out of

the memory cell. The three primary gates are as follows[96]:

A. Forget Gate: This gate determines which information from the
previous time step's memory cell state should be discarded or
forgotten. It takes the previous hidden state and the current input as
inputs and outputs a forget vector that assigns weights to the
importance of each memory cell element.

B. Input Gate: The input gate decides which new information should
be stored in the memory cell. It consists of two components: the

input vector and the input modulation vector. The input vector
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contains the new candidate values to be added to the memory cell,
while the input modulation vector determines the extent to which the
candidate values should be added to the memory cell state.

C. Output Gate: The output gate controls the amount of information
from the current memory cell state that should be exposed to the next
hidden state and output. It takes the previous hidden state and the
current input, producing an output modulation vector that scales the

memory cell state.

Figure 2.14 shows the design of LSTM.
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Figure 2.14: LSTM design [97]

2.11 Evaluation
The final model should be evaluated carefully to ensure its performance.

The dataset will be divided into training, and testing datasets.

After finishing the training, the testing dataset (the model never trained or
validated on the test dataset) will be used to test the model performance, by
comparing the prediction of the model on test dataset, with the actual target
output. This will reveal the efficiency of the model.
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Furthermore, the metrics of accuracy, sensitivity(i.e. recall), specificity
andF1 score will be used to evaluate the study. These metrics are based on the
correctness of the prediction model. If the occurrence of DM is present in a
case, it’s considered positive. Otherwise its negative. To measure the accuracy

of the model, four metrics specified below will be used, which are[98]:

True Positive+True Negative

accuracy = . . ; ;
True Positive+False Positive+True Negative+False Negative
(2.11)
e True Positive
sensitivity = — , (2.12)
True Positive+False Negative
. . True Positive
precision = — — (2.13)
True Positive+False Positive
recision-sensitivit
Flscore=2-2 Y (2.14)

precision+sensitivity

Where the True is the correct classification (for both the positive and
negative cases). And False is for the incorrect classification [99].Figure 2.15

shows how confusion matrix is used to calculate different evaluation metrics.
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(TP + FP) L (O
(TN + FN)

Figure 2.15: Confusion Matrix and the metrics based on it[100]
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Chapter Four Results and Discussions

3.1 Introduction
This chapter will cover the methods and techniques used for developing the

proposed approaches. Including all the pre-processing and model developing

steps.

The pre-processing steps includes K-mer, random sampling to solve
Imbalanced data, ordinal encoder, and Min-Max transformation. After that,
feature selection techniques are used. Which are univariate Linear Regression,
MI, and ANOVA. And the used dataset is divided into training and testing
datasets. These data are fed into different models. In this approach, for the
classification task are RF, SVM, DT, and Naive Bayes. And finally, these
models are tested by using testing dataset. Figure 3.1 shows a general diagram
of the steps followed to develop this system. And algorithm 3.1 shows the

general steps used for the proposed work.
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Figure 3.1: general diagram shows the proposed systems
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Algorithm 3.1: general approach shows the steps used in building the
proposed systems

Input: dataset

Output: trained_model

Steps:
— Stage 1: Load dataset
- Stage 2: Data pre-processing
Remove missing data
Apply k-mer alignment by using algorithm 2.1
Apply random oversampling by using algorithm 2.2
Apply ordinal encoder by using algorithm 2.3
e. Apply Min-Max transformation
— Stage 3: Feature selection: apply one of the following approaches
a. Mutual information by using algorithm 2.4
b. ANOVA
c. Univariate Linear Regression by using algorithm 2.5
~ Stage 4: Split dataset randomly
a. 70%-30% training — testing split
b. 80%-20% training — testing split
_ Stage 5: Classification model building by using ML approaches
c. Call Support Vector Machine algorithm as in algorithm 2.6
d. Call Random Forest algorithm as in algorithm 2.7
e. Call Decision Tree algorithm as in algorithm 2.8
f. Call Gaussian Naive Bayes algorithm as in algorithm 2.9
Stage 6: Deep Learning model building
a. Call CNN-LSTM algorithm as in algorithm 3.2
- Stage 6: Evaluate the proposed models
a. Calculate accuracy by using equation 2.11
b. Calculate recall by using equation 2.12
c. Calculate precision by using equation 2.13
d. Calculate F1-score by using equation 2.14

oo

3.2 Data pre-processing
The pre-processing is important step to make the data more suitable to be

used in training the models, to extract features and classify the data correctly.

3.2.1 Missing value
To address the missing values within DNA sequences,

approach involves excluding the entire DNA sequence containing

the
the

missing values. This strategy is adopted due to the potential introduction
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3.2.2

3.2.3

3.2.4

of noise in the data, which could result in an inaccurate model.
Consequently, data imputation is deemed unattainable for DNA
sequential data, and instances with missing values are simply omitted.
Given that only a singular instance possesses missing values, the act of

omitting it does not exert any impact on the overall dataset size.

K-mer

The k-mer is used to select subsets of the input DNA sequences,
and create new features. Six values to detect the datasets sizes are used in
k-mer which are 3-8. The theory of how the k-mer working is explained

in chapter 2. Algorithm 2.1 shows how the k-mer is working.

Random oversampling for imbalanced data

Data balance is crucial step, since having one class with larger
instance would lead the classifier to be biased. In order to solve this
problem, the number of instances in all classes should be balanced. This
goal is achieved by the minor class is filled by picking samples at random
with replacement. Before the oversampling operation, there was 10199
instances having diabetes out of 14570. And the remaining 4371 are
healthy. After the oversampling, the total number of instances 20398.
Increasing the number of healthy people to 10199 instances. Algorithm

2.2 shows how Random over Sampling for imbalanced data is working.

Ordinal Encoder

The features are converted from categorical into integer. This step
Is necessary since the inputs and output of the Machine Learning models
require numeric values. Algorithm 2.3 shows how the ordinal encoder is

working.

56



Chapter Four Results and Discussions

3.2.5 Min-Max transformation
Machine Learning models perform better when the inputs are
scaled to standard range. This step will make the range of the input
features between 0 to 1. Equation 2.2 shows the mathematical formula for

the Min-Max transformation.

3.3 Feature Selection Stage
The Feature Selection is important step in Machine Learning models.

Since it selects only the important features and ignore the unnecessary features
that may reduce the performance and accuracy of the model. In this work, three
different Feature Selection methods are tested. MI, one-way ANOVA, and
Univariate linear regression methods for Feature Selection. These methods are
explained in chapter two deeply. And algorithms 2.4, and 2.5 shows how these
approaches are working in details respectively. After applying each the feature
selection process on the original dataset, 20%, 50%, and 75% percentage of

threshold are selected each time.

3.4 Machine Learning Model Building Stage

The process of model building consists of splitting the data, selecting

the model, and configure the hyper-parameters.

Data split have two configures. 70% - 30%, and 80% - 20% for each
one of the used models. Sklearn library in Python is used to split the dataset

into two sub-datasets, by using random splitting.

The used models are Random Forest, with 100 trees in the forest.
Gaussian Naive Bayes. Support Vector Machine, for the kernel technique is
the Radial Basis Function (RBF). And Decision Tree Classifiers, in which
Gini impurity is used. These algorithms are deeply explained in chapter two.
Figure 3.2 shows the used Machine Learning models.
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Selected Features
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Figure 3.2: Block Diagram of ML Classification Models

3.5 Deep Learning Model Building

The Deep Learning model used for the classification of the DNA gene
into diabetes or healthy person. Figure 3.3 shows how the Deep Learning model
Is incorporated with the pipeline of the model training. The used library is
Keras. The data pre-processed as discussed in section 3.2. The proposed model
Is consisting of 12 layers. Table 3.1 shows the design of the proposed CNN-
LSTM model. The proposed CNN-LSTM model is plotted in Figure 3.4.

Selected Features

!

} CNN-LSTM \

.

Model Evaluation

Classification
model

Figure 3.3: Block Diagram of DL Classification Model

Table 3.1: CNN-LSTM proposed system design
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Output shape # of parameters

ConvlD None, 26, 16 96
MaxPooling None, 26, 16 0
Convl1D None, 22, 32 2592
MaxPooling None, 22, 32 0
LSTM None, 22, 32 8320
MaxPooling None, 22, 32 0
ConvlD None, 18, 32 5152
MaxPooling None, 18, 32 0
LSTM None, 18, 16 3136
MaxPooling None, 18, 16 0
Flatten None, 288 0
Dense None, 2 578
Total trainable parameters 19,874

Conv 1D » Ma_x » ConviD = Ma_x LSTM = Ma_x

pooling pooling pooling _‘
L ConviD Malx LSTM |» Malx -» Flatten -» Dense
pooling pooling

For all the convolutional layers used in the proposed system, the kernel

Figure 3.4: CNN-LSTM proposed model

size is 5, stride is 1, and the padding is set to valid, means that the filter window

always stays inside the input. And the number of filters are 16, 32, 32 for the

first, third, and seventh layers respectively. For LSTM layers 5 and 9, the sizes

are 32 and 16 respectively. The return_sequence is set to true, meaning it will

output all the hidden states of each time steps. And for the last layer (Dense

layer), it is used for the purpose of classification. With 2 neurons. And Softmax

activation function.

The learning process used Adam optimization algorithm. The initial

learning rate value is set to 0.001. And the binary cross entropy is used as the

loss function. With 300 epochs, and 1024 batch size. Algorithm 3.2 display the
steps of the training of the CNN-LSTM model proposed in this work.
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Algorithm 3.2: steps of the training of the CNN-LSTM model

Input: selected features dataset

Output: CNN-LSTM model

1. Model Initialization
— Initialize the CNN layers, LSTM layer, and output layer.
— Set the CNN-LSTM model design, by selecting how many filters
are required, kernel sizes, pooling layers, LSTM units, etc.
- Initialize the optimizer (ADAM optimization), loss function
(binary cross entropy), batch size to 1024, epochs to 300, learning
rate to 0.001.

2. Training Loop
— lterate over the dataset for a specified number of epochs.
— Shuffle the dataset before each epoch to introduce randomness.
— Divide the dataset into batches of a certain size.
— lterate over each batch:
o Forward Pass:
= Pass the batch of samples through the CNN layers to
extract features.
= Reshape the output of the CNN layers to match the
LSTM input shape.
= Pass the reshaped features through the LSTM layer.
= QObtain the output of the LSTM layer.
= Pass the LSTM output through the output layer to get
the final predictions.
o Loss function is used to calculate the loss value, by using
both the true labels and the model prediction.
o Backward Pass:
= Calculate the loss gradients in respect to the model
weights (i.e. parameters).
= Use Adam optimizer to update the weights of the
model.
= (Clear the gradients for the next iteration.

3. Evaluation
- Atfter training, evaluate the model on a separate test dataset.
- Pass the test dataset through the trained model to obtain
predictions.
- In order to assess the performance of the model, compute
evaluation metrics (accuracy, precision, recall, and F1-score).

60




Chapter Four Results and Discussions

Chapter Four

Results and Discussions

61



Chapter Four Results and Discussions

4.1 Introduction
This chapter will show and discuss the results of the proposed systems.

Notice that the results are divided into sub-groups based on the methods and

values of feature selection, Machine Learning, and Deep Learning algorithms.

Each result obtained from each phase and stage will be displayed and
discussed. Furthermore, a section for each the software and hardware

requirements, and the dataset will be discussed.

4.2 Software and Hardware Requirements
The developed system is built and tested on personal computer (PC). The

processor is Intel® Core™ i7-6600U CPU, with 2.60 GHz. The installed
Random Access Memory (RAM) is 8 GB. The Operating System (OS) is
Windows® 10 Pro, 64-bit, and x64 based processor. The used programming
language is Python v 3.11.4. By using Project Jupyter software.

4.3 Dataset

The used dataset is obtained from National Library of Medicine. This
library is represented by an official website managed and run by United States
government, providing biotechnology information, datasets, medical

experiments, researches, and other related materials[101].

The used dataset is DNA Gene type protein coding, about human insulin.
This gene encodes insulin, a peptide hormone that plays a vital role in the
regulation of carbohydrate and lipid metabolism. After removal of the precursor
signal peptide, proinsulin is post-translationally cleaved into three peptides: the
B chain and A chain peptides, which are covalently linked via two disulphide
bonds to form insulin, and C-peptide. Binding of insulin to the insulin receptor
(INSR) stimulates glucose uptake[102].

The dataset contains the DNA sequence of 14571 people. Each DNA
sequence length is 301. 10199 DNA sequences are labelled diabetes, and 4371
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are labelled non diabetes. Figure 4.1 shows some sample of the DNA sequence

of the used dataset.

-

TTAATTTGTCCTTATTTGATTAAGAAGAATAAATCTTATATATAGATTTACAATCTATCGCCTAAACTTCAGCCACTTAATCAATAATCGCGACAATGATTATTTTCTACAAATCATAAAGA|
ATAGCTCAAATTGCTTTATTAGTATTAGAATCAGCTGTAGCTATAATTCAATCTTATGTGTTTGCTGTATTAAGAACTTTATATTCTAGAGAAGTAAATTAATGTCTACACACTCAAATCAC
AAGCTTCCCTTTAATGTGCTCCTTGTGAATACAGCATTACAATGCCCTCTAGCTCGATAGTTCAATTTGTATGCGATAGGCTGATACAGCCGATACTAATAATCTGCTCTAGGACTGAT,
TATGTAGAATCTGTACAAGTATCTGTGTTTGGACAATGGCATGTGTGAGAGGAGATCCGAACTGCTCCATCTAAACTAACGAAGCATTGCAACAGCTAGTGTTAATGTCGCTCAGTCC
ACATATTACTGCATACAGGTCTCAAATTATAAAATGACACTCGTGGCCTTTACCAACACTGGTTTCCTTTTTTCCACATACGTCGTCAACGTGATTCGACCTTTTCCGGTTTATTAGTTG,

TCGATATAAGCAAAATATCGAGAATTGTCGCGGCAGAACATCGATGCACGCCTGCTTATCGACAGTTGCCATCGTCGTTATTCCAGCACTAATTTAAAAAAAATTCGATCAACGCAGA
TGATATGGTAGGAAAACGATATAAAAAGTTTATACCTATCGAACTATTTTTGGTAATAAGCCGTCTGAACATTCTATGTAAATACATATAACACTGTCTATATATATCAATTCTTAATAATT
TCTTCTATGAAGCTACCTTGGCGTAAAAGAGAAATCGCCAGTGTAAATATCTATTTGAATATTTTTTICTAAATGTATTTACTTTTGGGTGCGCTTAAACATTATTTGAAATCCATCAATAAL
TTCCCTAACCTAAAACAATTATTTTTGTTGTAAAAATGAGGGTTGCTCATAGACTACAGATACAGGTGCAACGGTAGAGAATAGCCTTACAGTACATTTCGAGCAGTTCGTTCGATACA!
TCAAAGGGGTATTCAATCCAGCACAAAAGCTTTATCTTAGGTAGCCGCTCATATATGTATGAGATCCCCATAAGTATAGGTGTGACTGGCCAGTTTGTTTAATTTAGTGTGAACTTTCG(
AATGGGAACTATTGAAGTTGTCGAAACCAGCCGAACCACCTTTGTGTAGCTTAACCGCAGAGTAACAACCGGATGAGTCTGTTATTGTGCCAGTGAAATCAGTTCTCTGGCTTTCGTT]
GTACTCTTGTTCTAGGGTTCCATAATTGGAGCATAGTGTGAGCGAAGTGTAATTTAAGCTACATCAAATTATTTAATCGGTAACAGTGTGTTATCGAATTAAACGAAAATATAATGAAGTA
CACATACTAACTGTGCACCTAGGTATGGCTATGTACATACTTTTACTGAAAACAACAAGCTTTAAGCTCTTGTGCAGTTCGGTCATAGCCTTAGATTCTTTCACTTGCCTGGCAGTATC
CTTTTTTAATTAAAAACAATTTTAAAGGGCCCACGTATTTTATTITCCACCGTTCCATAATTGTTACTAAGCATGTGACGCTATCTTTACGCACATAGCCACACATAAAATTTTGATTGGAA
ACATCACATTCATGGACTACGGGACAAGATATGAGCATGTATATCGTTGTTACCGATTATTGATCGAATGAATATCCACCATTTTGTAGTTGTGTGTTTCATTTAGTGAAAAGTCGAGAC
CACCACAGAGCAGTTGCTCGAAGGAGTTCTTTTCAATCGAATGTGCCCTGTGCAAGTGCCGCATTACGGTTCTACGGTACAATATTGGCATAAAACTTCCAAGTGGAAATAATCGAT(
CATTACGGTTCTACGGTACAATATTGGCATAAAACTTCCAAGTGGAAATAATCGATCAAACATTATCGATAGTGTTTCTATGTGTGGCCCAGCCAGATACACATATAAAAGGCAAATGT|
TATACATACATACAAGCATATACAAACATGCATGTGTGCGCTGCTAAGTGACTGAGATAATTCCAGATAGCGTATGCACATGAGCGTTCTTTATTTTCTCATTCATTGCCTGACCTGTT(
CTTTAAAACAAAGCTTAAGCGTTGTCACAATACCTTACAAAAAAGCTCTGATCTGCATCAACAAGCATGTAAAAGATATTTTAAACATACATACATTAAATCAGTCTTTAAACGTTGGTA|
TITCTAGCTTTTAAAATTTTAAAGATCACGAAATTAAAATGGACGTACATTGCTAGATCAACTTGGCTTGCGATTCTGCTCGAATATTCGAAGTATATTCTTTATGGGTCAGCAGTTCTTC

TGGATTCATGCACATATGTATGTCTCTCAAAGAGAATAACAGTTGACGAGAACAAAAATCCAAGAAGTCATCTGTGATTTGCCCATTTTAAATTTAGTCTATAAGCACAAGTTTTGCATA]
GTACCTATGTATATGCATACATATACTAGTATTTTCAATGACATGCGCACAGAGTCGAGCTTTTCATGCAAACGAGCTCTTATAAAAAAATGTATTCGACGTGTTTTCATTGGCATAAGT,

ATGTGTGAAAATGTTATAAGGACTATTGAACTCTTTGGTTTGTGCTGCGATTTTGTGTCTTTTAAGCGAGAAGGTATAATTTGCCAGTCCATGTGCGGTCACACTGATGACAAATCGTTTT|
AATTTGGTTGAAGTGTTATTGTAGAATATGGTATAAGTTCCACAGTTGGTTGCTGCTATATGCGTTGTTAAAATGTTAATAAGGCTCATCTCTAGCGATTGAGTTGGCAAAAACATGTAG(
TGTATAGCGCAACGTGAGAATGTAATTTATCTCAGTGCACAACGTGTATTACACCATTTACATAAACAGTTTGGTAACCTAAGGTCATACTATTAACAGCACTGTTGATTTTGGTTTATTT]

Figure 4.1: sample of the used dataset

4.4 Dataset Pre-Processing Stage Results
The dataset contains the DNA sequence of 14571 people. Each DNA

sequence length is 301. 10199 DNA sequences are labelled diabetes, and 4371
are labelled healthy.

In the pre-processing phases, the dataset had many changes.

4.4.1 Missing Values

The missing values found in the DNA sequences are treated by omitting
the whole DNA sequence. Since the presence of the missing value will lead to
noisy data, and thus inaccurate model. And since the data imputation is not
achievable goal with DNA sequential data, the instance with missing values are
omitted. And since only one instance have missing values, omitting it will not

effect on the dataset size. Figure 4.2 shows the missing value in the dataset.
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3110 AAGTAAGTCTGCAAAACCGTTGTATTTATTTAGCAAAGTTTCCGGAAATCAATATAAAAGGGATATAGAAATTTATAATAACGGTTTTTAGACGGTTTACACAAGATAACTTGTTTCGTGACGACGTTTTCGTAATGAATTGGTATTTTTCG
3111 TCCGACCTGCAATGAAGTAAATAAATTAGGTGATCCTTAGTTATAAGAGTTAATTGAGGTACATATTTAGCAATAAAACCATAGATTAGAGTTCGTAATTCAAAATGTGAGAAATCATGCTAAAATTGCACAAACTGATTTCTTTTATCTAA
3112 GCTATGGCCGAAATAATACGCTCCTTAAAGTTGCTAAACATTTTGCTTTCTTGTCTCTCGCTCACTCCCGTACGCTACTCGTTTGCGCTCTCGCTCACTCCCACTGACGTGGCGAGCTTGCTTTGTTGTTGTATTTCTCCTTICTTCCACC
3113 TGTATTTGTTTAAGTATTAAAATAAAAAAACTAAAACCTATTTAAGTTAAAATTAATTTTATTTCGCTTTTATTTTCAGTTTCATGTATTIGCTGTTTTTGAGAAATTTAGTACATATATCTTAATTCCTATTTTATGTAATATTTTCTTATTAAAATT]
3114 AACATCACAGGTATGTACAGAGTATGTAAGTAAAATAAGAGGTTTACATTTACCAACATGTTTAAATGTACTTAAGGATACCAAAACGAATTTTTAAAAAGGCTTTCTATTTGATTTTCATCGGTGCAAGTGTTGTACATACATATATGTAT
3115 TGATTTTCGATTTAAGCTTTAATAAATGATCAGTTCATGGGGAAAAATAATTATAATTATTCCAAGTAGCGCGAAGATAAACCCCTCTAATCATTTGATTTATTTCGACTTATATGTTGCCATGTGTTGAACAACAATGAAAGTCTTCCCAG
3116 GTAGGAGAAGTACGCGTTGTTGCGCTGAATTGAGAGTCGGCGTTCGTCATGCTCGCGCTGACGCTGGGCGCGAGTGTCATTCTGACTCATAGTTTTATTATTTAAGATAACAATTCACTATGTATTTAAGCGATCTTGCATCGCATAGA
3117 TAATGTTCGTGAAAAATGTTGAAAAGTCTCGTCCCACTTGGACTTGCTGAATAACGGGTATCTGATAGTCGGGGAACTCGACTATAGCGTTCTCTCTTGTTTTAAATTAATGACATACATACTCAAAACAATGCACGATCAAAACAGCA
3118 GCTTTTATAGTTCCCAAAATTTCGACGTTCATACGGACGGAGAGAGTTACAACAAAGACACTACAATAACAAAATGCGTAACGCCATACGATTTTTTTTTITGGCGTGGCTCTAGAGGTGGCTCCAGGGTCTCTCGAATTTTTGTTCAAG
3119 CACATATATCCTTACTTTTGTGTGGGACAGGATCAATTAGAATTTTCCCTACAAAGTTTCTCATCACAATTGGCGAGGATGGGCCAAAAACGATGAAGTTTCTTCTATTTCTITGGTTGGTATATACGTTTAGCTATTTATAAACAGGTTTC,
3120 TTACTCTACGACTAACGAGTTTTAGCTAAGTGTTCCAAGCATTTGGATTGAAATGCGGTTTGAATTGATCTGATACCATCTGATATGATTACGTTTCACTCTGCGGTTTGGCGGTACTTGAATGCGTCATACATATGAAAAACACATAAA
3121 TCTCACTATTTTCAGCAATTATTGGTTATTTTCTGTTTTATTATATTTTCCCAATTTTTACCAATATTCCAAAAAATATTTGAATTTCTCGTTTCCACTTCCAGTTGAGTAAAGGGTATCTGATAATTGGGGAACCGGACTATAGAATCCTCTC
3122 CGATATTCCACGCCCAGCTTTTCTACGTACTCCTTCACGTCTGACTCCTTCTTCAAGTCATAGGCCATGGTCAGCAATTTTTAATAGATAACAACCAAAAATTATTATGTTATGCTTCGTCCGGACCCCTGCGTGCTTCAGTGTTAGTAA)
3123 GTTTCCCAATAGCTAGGTGTCCTACCTTGATACGCATCAGTTTTCAGAGGACACGGAAAAACAAAAAAAAAACAAGAGGTAATC GAAAAGATTAGGTTTTTACGAGACCGCCAGTGTGGCTGTCTACCAGCACTATTGTAATGGCACT]
3124 AATTCTCTCTTGTTGTAGTCTCTTGACAAAATGCAATGGTCAGGTAGCGTTGTTCTAAACTCAAGATTTAAAGGTGAATAGTCCTGTAAGCCCTATAAACATATGTACA
3125 CCGACCATATTAAATTATATTTATATTTATTATTTATATATTACTCGTAGAGTTAAAGGGTATACTAGATTCGTTGAAAAGTATGTAACAGGCAGATCCAACCATATAAAGTATATATATTTTAGATCAGGAATAATAGCCGAGTCGATCTG!
3126 TAGATTCGTTGAAAAGTATGTAACAGGCAGATCCAACCATATAAAGTATATATATTTTAGATCAGGAATAATAGC CGAGTCGATCTGGCCATGTTCGTATATCCGTCCGTCCGTATGAACGTCAAAATCTCAGGATCTATAATAGCTAGT|
3127 ATAAAATCCTACGATCGGGAGATCTAGTTGTCAGGACGGCCGAGTTGTAGTAGGCTGCTCCTTCTACCCTCTTCCTITACTCTTAGTCATACATACCTAATTATACATAGCCAATCTAGTCATAAGCTTATACACTCATACACCCATCCY
3128 TCTTTTTTGGCGTGCTTTGGCTTTGTTTACCGACTCAGTCGCAGTTAATGTTGCTGATACCGAGAGCAATTTCGCCTTGGTTTGGCTCGGAGATGGAGATGGTTTTAGCCTCGGCTTTGGCGGCTCTGGGCCCGATTGGGCAGCATGGA]
3129 GACAGCTTTGAAAGAAAATAAAATGTAATTGAAAGGTTAAACACTTTTTTCGAAAAGTCATTCCCCTTTGAGTCGCCTGAGTAAATTCCCGCATTTAGCTGTGCATCAAGCGTGCATGTGTCTTTGAGCCAATTCAAGGTCCAGCTCTGA
3130 TGAAGAGTATGAACTAGCGGAAGGAACTCTTTAGAGCATATATCTTGACATGACTGCTCGTACAAAAACTGTGATCTCTTAAAACCTCGCAAGGGCGTTGGCACTGCACGCATTTTAAATATAATACAATCACCTCAGGTGCAATCTTA
3131 ATGGCTATATTTCTTTTACCCGTCACTCTTACTCTTCTTTACTTCCAGAAAGGGGGTTTTGTCTTAGCTAAACATATGATTAATGTATTCTATGTTTTTTCAATATTCATTCCAATATACAATTTTACAATTAATGGTTTTGCAACAGCTATTTT
3132 TGCTGTTCGTAAATAATGATAATTAATTGAATAACATAAGTGGTCAGAGCGCAGTGAATACGTAACTGCGAACATCGGAATTAAAAGTGCCAAAAACTCTGTGTAAATCGCCCAGAAACATTTTATATGAACTTATGCGTGCTATCAAAA
3133 CCGATGTTCGCAGTTACGTATTCACTGCGCTCTGACCACTTATGTTATTCAATTAATTATCATTATTTACGAACAGCACTTTIGGCCCTGCTTTAAATATATTTACTAAGTATTTTTACCTGCCTGTTATATITCACCAACAGTATGGCAAC
3134 TGTTGAAGACAATTATTATTATTTAAAGACGTTGTTTTCTGGGTGGCTGTATATAACATACGCGTACTTGTTGGCGGTTAAACATCAGTGCTCAGCGATTCGTTCGAAAATATTAACATCTTTCCTTCTCTTATIGCCCTGATGATTCTCTTA
3135 ATGAAGATACTCAACGTAAGTATGCACAAATTAATGAGCGGAACTGCTCCTAATGGCTCCCATCGCTGTCCACACAGTTCATAATCCTGCTAGTCCTGGTGACCATCGCTCTATCAGCCCCCGCTGCCGCCACAGACAATGCTCCT,
2136 CTAACGARAATACATATITCAACTTAATATITTATCAATITATIGAACACTITTATACTAGATCCCATTAGRTTTITAATTATATAAGCATRTTATACACTGCACTATAAAATCTATAGTTCAAATITAACTGTTTATAATTTTTAATTATAAGTT]

Figure 4.2: the missing value in the dataset

4.4.2 K-mer

K-mer encoding is an approach that involves generating substrings
of a specific length, denoted as K, from a biological sequence. These K-
mers are composed of nucleotides, namely A, T, G, and C. The utilization
of K-mers serves various purposes, including DNA sequence assembly,
enhancement of heterologous gene expression, species identification in
metagenomic samples, and the development of attenuated vaccines. By
employing K-mers, subsets of the input DNA sequences can be selected
and transformed into new features .Six sizes are used in k-mer size which
are 3,4,5,6,7,and 8.

Table 4.1 shows a sample of the dataset generated after applying k-
mer sampling, with 6 k-mer size. You can notice that each word have the

length of 6 characters. And the total number of features is 295.
Table 4.1: sample of the result of words obtained from 3 k-mer size

Class 0 1 2 3 4 .. 293 294 295
1 att ttt ttg tgt gtc ... tat att tta
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N N = Y=

0

gct
ctt
gta
tat

tat
atc
tcg

tac

ctc
ttc
tag
att

att

tcc

€99

tca
tcc
aga
tta

ttt

CcCa

gga

acc cct

caa
cce
gaa

tac

ttt
caa
gac
ctt

aaa
cct
aat

act

fta

aaa

acg
ttt

gga Qaa

ata
cge

atc

tat
gac
aca

tga

tat
gca

tcg

atg
aca
cat

gac

4.4.3 Random Oversampling for Imbalanced Data

aac
ata

cat

c99

t9g
cat

ata

aca

Before the data balancing, the original dataset contains 14570

instances. 4371 of them of class normal. And 10199 instances of diabetes

instances. After applying the random over-sampling, the total features are

20398 instances. Increasing the normal class into 10199 instances.

4.4.4 Ordinal Encoder

The features are converted from categorical into integer. This step

Is necessary since the inputs and output of the Machine Learning models

require numeric values.

Following Figure 4.3shows how the data are encoded.

class

FHEHHHR R R H R E R BB R

N B
wouy

ugﬁwww

Figure 4.3: dataset after encoding
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4.4.5 Min-Max transformation
Machine Learning models perform better when the inputs are scaled to
standard range. This step will make the range of the input features between 0 to

1. Figure 4.4 shows the data after applying Min-Max transformation.

class 0 1 2 3 4 5 6 7 8 9 10 1 12 13 14 15
0952380952 0.761904762 0.047619048 0.238095238 1 0.984126984 0.936507937 0.714285714 0.841269841 (0.365079365 0.492063492 0.952380952 0.80952381 0.238095238 1 0.984126984 (0.8888385;
0.19047619 0.793650794 0.142857143 0.619047619 0.46031746 0.825396825 0.253968254 0 0.047619048 0.238095238 (.984126984 0.904761905 0.619047619 0.492063492 1 0.952380952 0.809523;
0.031746032 0.142857143 0.619047619 0.492063492 0.968253968 0.841269841 0.333333333 0.365079365 (0.492063492 1 (.852380952 0.761904762 0.047619048 0.22222222) 0936507937 0.73015873 0.9047619

0.80952381 0.222222222 0.936507937 (.698412698 0.793650794 0.126984127 0.507936508 0.047619048 0.206349206 0.873015873 0.476190476 0.936507937 (0.698412698 0.777777778 0.063492063 0.253968254 0.0317460]
0.063492063 0.301587302 0.19047619 0.80952381 0.238095238 0.952380952 0.777777778 0.111111111 0.476190476 0.904761905 0.571428571 0.301587302 0.19047619 0.777777778 0.063492063 0.285714286 0.1587301
0.857142857 0.380952381 0.555553556 0.19047619 0.80952381 0.19047619 0.761904762 0.031746032 0.142857143 0.571428571 0.253968254 0 0 0.047619048 0.19047619 0.80952381 0.206349
0.888338880 0.555555556 0.19047619 0.80952381 0.222222272 0.920634921 0.682539683 0.608412698 0.793650794 0.158730159 0.634920635 0.507936508 0 0.015873016 0.095238095 (0.3809523;
0.873015873 0.492063492 (0.968253968 0.873015873 0.444444444 (0.80952381 0.222222227 (.888388880 0.507936508 0.031746032 0.142857143 0.619047619 0.444444444 0777777778 0.079365079 0.365079365 0.4920634
0.968253968 0.841269841 0.333333333 0.365079365 0.444444444 (.761904762 0.015873016 0.079365079 0.365079365 0.444444444 (.761904762 0 0 0.015873016 0.063492063 0.253968254 (0.04761904
0.825396825 0.253968254 0 0.031746032 0.158730159 0.666666067 0.666660667 0.682530683 0.698412698 0.80952381 0.238095238 0.968253968 0.825396825 0.253968254 0.047619048 0.206349206 0.841269
0.047619048 0.222222222 0920634921 0.666666667 0.634920635 0.507936508 0.015873016 0.111111111 0.444444444 (.80952381 0.238095238 0.984126984 (.888888889 0.507936508 0.031746032 0.174603175 0.7460317
0.698412698 0.777777778 0111111111 0.46031746 0.873015873 0.492063492 0.984126984 0.936507937 0.746031746 0.968253968 0.873015873 0.444444444 (.793650794 0.158730159 0.666666667 0.682539683 0.7460317
0.26084127 0.063492063 0.301587302 0.19047619 0.777777778 0.111111111 0.444444444 0.761904762 0.015873016 0.111111111 0.476190476 0.936507937 0.73015873 0.904761905 0.571428571 0.26984127 0.0793650]
0.492063492 1 1 1 0.952380952 0.761904762 0.047619048 0.238095238 0.952380952 0.761904762 0 0 0.015873016 0.063482063 0.2539682
0.063492063 0.301587302 0.206349206 0.825396825 0.26984127 0.063492063 0.301587302 0.238095238 0.968253968 0.825396825 0.301587302 0.222222227 (0.920634921 0.634920635 0.523809524 0.111111111 0.4444444
0.26084127 0.079365079 0.317460317 0.26984127 0.063492063 0.285714286 0.126984127 0.53968254 0.142857143 0.571428571 0.285714286 0.174603175 (0.746031746 0.984126984 0.904761905 0.619047619 0.460317
0.301587302 0.238095238 0.952380952 0.777777778 0.095238095 0.412698413 0.682539683 (0.746031746 0.968253968 0.873015873 (.444444444 0.777777778 0.095238095 0.412698413 0.682539683 0.698412698 0.7777777
0.80952381 0.1904761% 0.777777778 0.063492063 0.301587302 0.19047619 0.777777778 0.063492063 0.301587302 0.19047619 0.777777778 0.063492063 0.253968254 0.031746032 0.142857143 0.571428571 0.3015873f
0.492063492 1 0952380952 0.761904762 0 0 0.015873016 0.063492063 0.253968254 0.031746032 0.142857143 0.619047619 0.492063492 0.952380952 0.761904762 0.0317460
1 0.968253968 0.873015873 0.444444444 0.793650794 0.142857143 0.619047619 0.492063492 1 0.852380952 0.761904762 0 0.047619048 0.238095238
0.920634821 0.634920635 0.555553556 0.238095238 0.968253968 0.825396825 0.301587302 0.222222222 0.904761905 0.571428571 0.26984127 0.063492063 0.301587302 0.19047619 0.80952381 0.222222222 0.9365079
0.698412698 0.777777778 0.079365079 0.365079365 0.444444444 0.80952381 0.222222227 0.936507937 0.698412698 0.80952381 0.19047619 0.80952381 0.222222222 0.904761905 0.571428571 0.301587302 0.180475
0.222222222 0.936507937 0.73015873 0.936507937 0.73015873 (.888888889 0.507936508 0 0 0.047619048 0.222222222 0.936507937 0.746031746 0.952380952 0.80952381 0.19047619 0.7619047
0.047619048 0.238095238 1 0.984126984 0.920634921 0.682539683 0.746031746 0.984126984 (.888888889 (.507936508 0.031746032 0.174603175 0.73015873 0.936507937 0.746031746 0.952380952 0.809523
0.936507937 0.698412698 0.80952381 0.19047619 0.793650794 0.142857143 0.603174603 0.396825397 0.571428571 0.253968254 0.015873016 0.095238095 0.428571429 0.73015873 0.838388880 0.53968254 0.1269841
0.73015873 0.838388889 0.507936508 0 0 0.047619048 0.19047619 0.777777778 0.063492063 0.301587302 0.206349206 0.857142857 0.380952381 0.555553556 0.19047619 0.80952381 0.2380952

=

-
=

=]

-
=

e e e | | [ a i | | | [ [ a i | i e [ | a [ | b | i | [

Figure 4.4: dataset after transformation

4.5 Feature Selection Results
The Feature Selection is important step in Machine Learning models.

Since it select only the important features and ignore the unnecessary feature
that may reduce the performance and accuracy of the model. In this work, three
different Feature Selection methods are tested. MI, one way ANOVA, and
Univariate linear regression methods for Feature Selection.

The number of selected features are based on percentage threshold
values. Which are 20%, 50%, and 75%.Table 4.2 shows the number of words
and features for each value of the selected k-mer and feature selection.

Table 4.2: number of words and features for each k-mer size

K-mer size Number of Number of Number of Number of

words features 20%  features 50%  features 75%
3 299 60 149 224
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4 298
) 297
6 296
7 295
8 294

60
60
59
59
59

149
148
148
147
147

223
222
222
221
220

4.6 Machine Learning Results

This section will show the results of the Machine Learning approaches

only. The next section will be dedicated into the Deep Learning approaches.

4.6.1 First Data Split

In this subsection the results of the dataset split into 80% training, and

20% testing will be explained. Noticed that each table is consisting of sub-

tables. Each sub-table is responsible for showing the accuracy, precession,

recall, and F1 score of each of the four proposed Machine Learning models.

Moreover, the whole table consists of different sub-tables. Each sub-table have

different k-mer size. And each table will show a single percentage of selected

features.
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Table 4.3:

Methods accuracy
RandomForest 0.88
GaussianNB 0.69
SVM 0.77
DecisionTree 0.81
accuracy
RandomForest 0.87
GaussianNB 0.69
SVM 0.77
DecisionTree 0.82
accuracy
RandomForest 0.88
GaussianNB 0.68
SVM 0.77
DecisionTree 0.82
accuracy
RandomForest 0.89
GaussianNB 0.7

results of Machine Learning models with 20% features selected, and 80%-20% dataset split

Feature Selection with N=20, K=8
Regression ANOVA
Precision recall fl-score Accuracy precision recall fl-score
0.88 0.88 0.88 0.87 0.87 0.87 0.87
0.69 0.69 0.69 0.66 0.66 0.66 0.66
0.77 0.77 0.77 0.75 0.75 0.75 0.75
0.82 0.81 0.81 0.82 0.83 0.82 0.82
Feature Selection with N=20, K=7
Regression ANOVA
precision recall fl-score Accuracy precision recall fl-score
0.87 0.87 0.87 0.88 0.88 0.88 0.88
0.69 0.69 0.69 0.66 0.66 0.66 0.66
0.77 0.77 0.77 0.76 0.76 0.76 0.76
0.83 0.82 0.82 0.82 0.83 0.82 0.82
Feature Selection with N=20, K=6
Regression ANOVA
precision recall fl-score Accuracy precision recall fl-score
0.88 0.88 0.88 0.87 0.88 0.87 0.87
0.69 0.68 0.68 0.69 0.69 0.69 0.69
0.77 0.77 0.77 0.77 0.77 0.77 0.77
0.84 0.82 0.82 0.81 0.82 0.81 0.81
Feature Selection with N=20, K=5
Regression ANOVA
precision recall fl-score Accuracy precision recall fl-score
0.89 0.89 0.89 0.88 0.88 0.88 0.88
0.7 0.7 0.7 0.69 0.69 0.69 0.69

Ml
accuracy precision

0.88 0.88
0.7 0.7
0.77 0.77
0.81 0.83

Ml
accuracy precision
0.88 0.89
0.71 0.71
0.79 0.79
0.82 0.83

Ml

accuracy precision
0.87 0.88
0.69 0.69
0.78 0.78
0.82 0.83

Ml

accuracy precision
0.88 0.88
0.7 0.7

recall
0.88
0.7
0.77
0.81

recall
0.88
0.71
0.79
0.82

recall
0.87
0.69
0.78
0.82

recall
0.88
0.7

f1-score
0.88
0.7
0.77
0.82

f1-score
0.88
0.71
0.79
0.82

f1-score
0.87
0.69
0.78
0.82

fl-score
0.88
0.7
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SVM 0.78 0.78 0.78
DecisionTree 0.82 0.84 0.82
Regression
accuracy precision recall
RandomForest  0.88 0.89 0.88
GaussianNB 0.69 0.69 0.69
SVM 0.78 0.78 0.78
DecisionTree 0.82 0.84 0.82
Regression
accuracy precision recall
RandomForest  0.88 0.88 0.88
GaussianNB 0.69 0.69 0.69
SVM 0.79 0.79 0.79
DecisionTree 0.8 0.82 0.8

0.78 0.78 0.78 0.78 0.78 0.79 0.79 0.79
0.82 0.81 0.83 0.81 0.81 0.82 0.84 0.82
Feature Selection with N=20, K=4
ANOVA MI
fl-score = Accuracy precision recall fl-score accuracy precision recall
0.88 0.88 0.89 0.88 0.88 0.87 0.87 0.87
0.69 0.67 0.68 0.67 0.67 0.69 0.7 0.69
0.78 0.78 0.78 0.78 0.78 0.78 0.78 0.78
0.82 0.81 0.83 0.81 0.81 0.81 0.83 0.81
Feature Selection with N=20, K=3
ANOVA MI
fl-score Accuracy precision recall fl-score accuracy precision recall
0.88 0.88 0.88 0.88 0.88 0.88 0.88 0.88
0.69 0.68 0.69 0.68 0.68 0.69 0.69 0.69
0.79 0.78 0.78 0.78 0.78 0.78 0.78 0.78
0.8 0.81 0.82 0.81 0.81 0.82 0.83 0.82

0.79
0.82

f1-score
0.87
0.69
0.78
0.81

f1-score
0.88
0.69
0.78
0.82
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Table 4.3 shows 6 sub-tables. Each sub-table consist three feature
selection approaches (Regression, ANOVA, and Mutual Information). For each
feature selection method, the accuracy, precision, recall, and fl-score are
calculated for the four Machine Learning models. These models are
RandomForest (RF), Gaussian Naive Bayes, Support Vector Machine (SVM),
and Decision Tree (DT).

Each sub-table have a different configuration in terms of number of k-
mer selected. The used k-mer values are denoted by the variable k. which the
value of it starts from 8 down to 3. Notice that the number of features selected

in this table are all set to 20.

You can notice that Random Forrest achieved the highest classification
accuracy metrices in all the tested configurations. The highest value for
accuracy metric is 89%, by using Random Forrest with Regression feature
selection method, and 5 k-mer. And the lowest accuracy value for accuracy
metric is 87%. Concluding that there are not big differences between the tested

configurations.
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Table 4.4:

Methods accuracy
RandomForest 0.89
GaussianNB 0.71
SVM 0.83
DecisionTree 0.82
accuracy
RandomForest 0.89
GaussianNB 0.72
SVM 0.83
DecisionTree 0.82
accuracy
RandomForest 0.89
GaussianNB 0.7
SVM 0.82
DecisionTree 0.81
accuracy
RandomForest 0.90
GaussianNB 0.72

results of Machine Learning models with 75% features selected, and 80%-20% dataset split

Feature Selection with N=75 , K=8
Regression ANOVA
precision recall fl-score Accuracy precision recall fl-score
0.89 0.89 0.89 0.88 0.88 0.88 0.88
0.71 0.71 0.71 0.71 0.71 0.71 0.71
0.83 0.83 0.83 0.82 0.82 0.82 0.82
0.83 0.82 0.82 0.82 0.83 0.82 0.82
Feature Selection with N=75 , K=7
Regression ANOVA
precision recall fl-score Accuracy precision recall fl-score
0.89 0.89 0.89 0.88 0.88 0.88 0.88
0.72 0.72 0.72 0.71 0.71 0.71 0.71
0.83 0.83 0.83 0.82 0.82 0.82 0.82
0.84 0.82 0.82 0.82 0.83 0.82 0.82
Feature Selection with N=75 , K=6
Regression ANOVA
precision ' recall fl-score Accuracy precision recall fl-score
0.89 0.89 0.89 0.89 0.89 0.89 0.89
0.7 0.7 0.7 0.71 0.71 0.71 0.71
0.82 0.82 0.82 0.84 0.84 0.84 0.84
0.83 0.81 0.82 0.80 0.82 0.80 0.80
Feature Selection with N=75 , K=5
Regression ANOVA
precision recall fl-score Accuracy precision recall fl-score
0.90 0.90 0.90 0.89 0.89 0.89 0.89
0.72 0.72 0.72 0.71 0.71 0.71 0.71

Ml
accuracy precision
0.90 0.90
0.7 0.7
0.83 0.83
0.82 0.83

Ml
accuracy precision
0.89 0.89
0.71 0.71
0.83 0.83
0.81 0.82

Ml

accuracy precision
0.88 0.88
0.71 0.71
0.83 0.83
0.81 0.82

Ml

accuracy precision
0.89 0.89
0.71 0.71

recall
0.90
0.7
0.83
0.82

recall
0.89
0.71
0.83
0.81

recall
0.88
0.71
0.83
0.81

recall
0.89
0.71

f1-score
0.90
0.7
0.83
0.82

f1-score
0.89
0.71
0.83
0.81

f1-score
0.88
0.71
0.83
0.81

fl-score
0.89
0.71
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SVM 0.83 0.83 0.83
DecisionTree 0.81 0.83 0.81
Regression
accuracy precision  recall
RandomForest  0.89 0.89 0.89
GaussianNB 0.71 0.71 0.71
SVM 0.83 0.83 0.83
DecisionTree 0.82 0.83 0.82
Regression
accuracy precision recall
RandomForest 0.9 0.9 0.9
GaussianNB 0.72 0.72 0.72
SVM 0.85 0.85 0.85
DecisionTree 0.83 0.84 0.83

0.83 0.83 0.83 0.83 0.83 0.83 0.83 0.83 0.83
0.82 0.81 0.83 0.81 0.82 0.81 0.83 0.81 0.81
Feature Selection with N=75 , K=4
ANOVA MI
fl-score = Accuracy precision recall fl-score accuracy precision recall fl-score
0.89 0.9 0.9 0.9 0.9 0.89 0.89 0.89 0.89
0.71 0.7 0.7 0.7 0.7 0.71 0.71 0.71 0.71
0.83 0.83 0.83 0.83 0.83 0.83 0.83 0.83 0.83
0.82 0.81 0.82 0.81 0.81 0.81 0.83 0.81 0.81
Feature Selection with N=75 , K=3
ANOVA MI
fl-score Accuracy precision recall fl-score accuracy precision recall fl-score
0.9 0.88 0.88 0.88 0.88 0.89 0.89 0.89 0.89
0.72 0.69 0.69 0.69 0.69 0.71 0.71 0.71 0.71
0.85 0.82 0.82 0.82 0.82 0.82 0.82 0.82 0.82
0.83 0.8 0.82 0.8 0.8 0.82 0.83 0.82 0.82
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Table 4.4 shows the results just like in Table 4.3. But for Table 4.4 it
shows the results with 75% features selected. For this test, the highest accuracy
Is 90%, and the lowest accuracy is 88%. Which is again not that big difference.

However, it showed 1% higher accuracy than the previous table.
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Table 4.5:
Methods accuracy
RandomForest 0.88
GaussianNB 0.71
SVM 0.82
DecisionTree 0.82
accuracy
RandomForest 0.89
GaussianNB 0.71
SVM 0.81
DecisionTree 0.82
accuracy
RandomForest 0.88
GaussianNB 0.71
SVM 0.81
DecisionTree 0.81
accuracy
RandomForest 0.89

results of Machine Learning models with 50% features selected, and 80%-20% dataset split

Regression
precision = recall
0.88 0.88
0.71 0.71
0.82 0.82
0.83 0.82
Regression
precision recall
0.89 0.89
0.71 0.71
0.81 0.81
0.83 0.82
Regression
precision = recall
0.88 0.88
0.71 0.71
0.81 0.81
0.82 0.81
Regression
precision recall
0.89 0.89

f1-
score
0.88
0.71
0.82
0.82

score
0.89
0.71
0.81
0.82

score
0.88
0.71
0.81
0.81

f1-
score
0.89

Feature Selection with N=50 , K=8

ANOVA
Accuracy precision recall
0.89 0.89 0.89
0.7 0.7 0.7
0.82 0.82 0.82
0.81 0.83 0.81

f1-
score
0.89

0.7
0.82
0.82

Feature Selection with N=50 , K=7

ANOVA

Accuracy precision recall

f1-
score
0.88
0.71
0.82
0.82

f1-
score
0.89
0.72
0.82

0.88 0.88 0.88
0.71 0.71 0.71
0.82 0.82 0.82
0.82 0.83 0.82
Feature Selection with N=50 , K=6
ANOVA
Accuracy precision recall
0.89 0.89 0.89
0.72 0.72 0.72
0.83 0.83 0.83
0.82 0.83 0.82

0.82

Feature Selection with N=50 , K=5

ANOVA

Accuracy precision recall

0.89 0.89 0.89

f1-
score
0.89

accuracy

0.89
0.71
0.82
0.83

accuracy

0.89
0.7
0.83
0.82

accuracy

0.88
0.71
0.82
0.82

accuracy

0.88

Ml
precision

0.89
0.71
0.82
0.84

Ml
precision

0.89
0.7
0.83
0.83

Ml
precision

0.89
0.71
0.82
0.84

Ml
precision

0.88

recall

0.89
0.71
0.82
0.83

recall

0.89
0.7
0.83
0.82

recall

0.88
0.71
0.82
0.82

recall

0.88

f1-
score
0.89
0.71
0.82
0.83

score
0.89
0.7
0.83
0.82

score
0.88
0.71
0.82
0.82

f1-
score
0.88
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GaussianNB 0.7 0.7 0.7
SVM 0.82 0.82 0.82
DecisionTree 0.83 0.84 0.83
Regression
accuracy precision = recall
RandomForest 0.9 0.9 0.9
GaussianNB 0.71 0.71 0.71
SVM 0.82 0.82 0.82
DecisionTree 0.82 0.84 0.82
Regression
accuracy precision recall

RandomForest 0.89 0.89 0.89

GaussianNB 0.69 0.69 0.69
SVM 0.81 0.81 0.81
DecisionTree 0.8 0.81 0.8

0.7
0.82
0.83

f1-
score

0.9
0.71
0.82
0.82

f1-
score
0.89
0.69
0.81

0.8

0.69 0.69 0.69 0.69
0.82 0.82 0.82 0.82
0.81 0.82 0.81 0.81
Feature Selection with N=50 , K=4
ANOVA
Accuracy precision recall = f1-
score
0.89 0.89 0.89 0.89
0.7 0.7 0.7 0.7
0.82 0.82 0.82 0.82
0.82 0.83 0.82 0.82
Feature Selection with N=50 , K=3
ANOVA
Accuracy precision recall  fl1-
score
0.9 0.9 0.9 0.9
0.7 0.7 0.7 0.7
0.82 0.82 0.82 0.82
0.81 0.83 0.81 0.1

0.7
0.82
0.82

0.89
0.71
0.82
0.82

0.88
0.71
0.82
0.81

0.7
0.82
0.83

Ml
accuracy precision

0.89
0.71
0.82
0.83

Ml
accuracy precision

0.88
0.71
0.82
0.83

0.7
0.82
0.82

recall

0.89
0.71
0.82
0.82

recall

0.88
0.71
0.82
0.81

0.7
0.82
0.82

f1-
score
0.89
0.71
0.82
0.82

f1-
score
0.88
0.71
0.82
0.81
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Table 4.5 shows the Machine Learning models with 50% features
selected, and 3 to 8 k-mer size. Generally, its performance is not big different
from the previous two tables. Random Forrest obtained the highest values for all

accuracy metrics. The highest accuracy obtained is 90%, and the lowest is 88%.

From the previous testing accuracies, we can conclude that the best
performing algorithm is obtained by setting the k-mer size to 4, and number of
features to 75%. The Regression feature selection approach achieved 90%
accuracy, 91% precession, 89% recall, and 90% F1-score. While the ANOVA
feature selection approach achieved 90% accuracy, 89% precision, 91% recall,
and 90% F1-score.

Notice that, with the 20% features selected, the best accuracy obtained is
89%. However, when the features selected are 50% and 75%, the best accuracy
obtained is 90%. Indicating that selecting only 20% of features is not sufficient

for good classification.

Furthermore, with the 50% and 75% features selected, there are multiple
k-mer sizes obtained the 90% accuracy. In the 50% features selected, k-mer
sizes of 3 and 4 obtained 90% accuracy. On the other hand, the 75% features
selected showed the k-mer sizes of 3,4,5, and 8. Indicating that more features

selected, leads to more high-performance approaches.

Another note is for both the 50% and 75% features selected, the k-mer
sizes of 3 and 4 obtained the highest accuracy in both. This is because the sizes
of 3 and 4 will produce the highest numbers of words. Larger number of words
leads to more flexible pattern recognition of the DNA sequence.

4.6.2 Second Data Split
In this subsection the results of the dataset split into 70% training, and
30% testing will be explained.
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Table 4.6: results of Machine Learning models with 20% features selected, and 70%-30% dataset split

Regression
Methods Accuracy precision Recall
RandomForest 0.87 0.87 0.87
GaussianNB 0.69 0.69 0.69
SVM 0.77 0.77 0.77
DecisionTree 0.80 0.82 0.80
Regression
accuracy precision Recall
RandomForest 0.85 0.86 0.85
GaussianNB 0.68 0.69 0.68
SVM 0.77 0.77 0.77
DecisionTree 0.80 0.81 0.80
Regression

accuracy precision Recall

RandomForest 0.87
GaussianNB 0.70
SVM 0.78
DecisionTree 0.80

0.87 0.87
0.70 0.70
0.78 0.78
0.82 0.80
Regression

f1-
score
0.87
0.69
0.77
0.81

f1-
score
0.85
0.68
0.77
0.80

score
0.87
0.70
0.78
0.80

Feature Selection with N=20 , K=8

ANOVA
Accuracy precision recall = f1-
score
0.85 0.86 0.85 0.85
0.67 0.67 0.67 0.67
0.75 0.75 0.75 0.75
0.79 0.81 0.79 0.79
Feature Selection with N=20 , K=7
ANOVA
Accuracy precision recall  fl1-
score
0.86 0.86 0.86 0.86
0.68 0.69 0.68 0.68
0.77 0.77 0.77  0.77
0.80 0.82 0.80 0.80
Feature Selection with N=20 , K=6
ANOVA
Accuracy precision recall = fl1-
score
0.86 0.87 0.86 0.86
0.68 0.68 0.68 0.68
0.76 0.76 0.76  0.76
0.79 0.81 0.79 0.79

Feature Selection with N=20 , K=5

ANOVA

MI
accuracy precision
0.86 0.86
0.70 0.70
0.76 0.76
0.80 0.81

Ml
accuracy precision
0.86 0.86
0.68 0.68
0.76 0.76
0.80 0.81

Ml

accuracy precision
0.87 0.87
0.70 0.70
0.77 0.77
0.80 0.81

Ml

recall

0.86
0.70
0.76
0.80

recall

0.86
0.68
0.76
0.80

recall

0.87
0.70
0.77
0.80

f1-
score
0.86
0.70
0.76
0.80

f1-
score
0.86
0.68
0.76
0.80

score
0.87
0.70
0.77
0.80
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RandomForest
GaussianNB
SVM
DecisionTree

RandomForest
GaussianNB
SVM
DecisionTree

RandomForest
GaussianNB
SVM
DecisionTree

accuracy precision Recall

0.86
0.70
0.77
0.80

accuracy precision Recall

0.87
0.69
0.78
0.80

accuracy precision Recall

0.87
0.69
0.77
0.80

0.86 0.86
0.70 0.70
0.77 0.77
0.81 0.80
Regression

0.87 0.87
0.69 0.69
0.78 0.78
0.81 0.80
Regression

0.87
0.69
0.77
0.81

0.87
0.69
0.77
0.80

f1-
score
0.86
0.70
0.77
0.80

f1-
score
0.87
0.69
0.78
0.80

f1-
score
0.87
0.69
0.77
0.80

Accuracy precision recall  fl-
score

0.86 0.86 0.86 0.86
0.67 0.68 0.67 0.68
0.75 0.75 0.75 0.75
0.79 0.80 0.79 0.79
Feature Selection with N=20 , K=4

ANOVA
Accuracy precision recall = f1-
score
0.87 0.87 0.87 0.87
0.68 0.68 0.68 0.68
0.77 0.77 0.77 0.77
0.79 0.81 0.79 0.80
Feature Selection with N=20 , K=3
ANOVA

Accuracy precision recall  fl1-
score

0.87 0.87 0.87 0.87
0.69 0.69 0.69 0.69
0.77 0.77 0.77  0.77
0.79 0.81 0.79 0.79

accuracy precision

0.87
0.69
0.78
0.80

0.87
0.69
0.77
0.80

0.87
0.70
0.77
0.81

0.87
0.70
0.78
0.81

MI
accuracy precision

0.87
0.69
0.77
0.81

Ml
accuracy precision

0.87
0.70
0.77
0.82

recall

0.87
0.69
0.78
0.80

recall

0.87
0.69
0.77
0.80

recall

0.87
0.70
0.77
0.81

f1-
score
0.87
0.69
0.78
0.80

f1-
score
0.87
0.69
0.77
0.80

f1-
score
0.87
0.70
0.77
0.81
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Table 4.6 shows the Machine Learning models with 20%features
selected, and 3 to 8 k-mer size. Random Forest still dominating the lead with the
highest accuracy. However, it showed less accuracy level in general. The

highest accuracy level is 87%, and the lowest is 85%.
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Table 4.7:

Methods accuracy

RandomForest 0.88
GaussianNB 0.71
SVM 0.82
DecisionTree 0.80

accuracy

RandomForest 0.87
GaussianNB 0.71
SVM 0.82
DecisionTree 0.79

accuracy

RandomForest 0.89
GaussianNB 0.71
SVM 0.82
DecisionTree 0.80

results of Machine Learning models with 75% features selected, and 70%-30% dataset split

FR
precision

0.88
0.72
0.82
0.82

FR
precision

0.87
0.71
0.82
0.80

FR
precision

0.89
0.71
0.82
0.81

FR

recall

0.88
0.71
0.82
0.80

recall

0.87
0.71
0.82
0.79

recall

0.89
0.71
0.82
0.80

f1-
score
0.88
0.71
0.82
0.81

f1-
score
0.87
0.71
0.82
0.80

f1-
score
0.89
0.71
0.82
0.80

Feature Selection with N=75 , K=8

FOA

Accuracy precision

0.87
0.71
0.82
0.80

0.87
0.71
0.82
0.82

recall

0.87
0.71
0.82
0.80

f1-
score
0.87
0.71
0.82
0.80

Feature Selection with N=75 , K=7

FOA

Accuracy precision

0.86
0.71
0.81
0.79

0.86
0.71
0.81
0.80

recall

0.86
0.71
0.81
0.79

f1-
score
0.86
0.71
0.81
0.79

Feature Selection with N=75 , K=6

FOA

Accuracy precision

0.87
0.71
0.82
0.80

0.87
0.71
0.82
0.81

recall

0.87
0.71
0.82
0.80

f1-
score
0.87
0.71
0.82
0.80

Feature Selection with N=75 , K=5

FOA

accuracy precision

0.87
0.71
0.82
0.80

accuracy precision

0.87
0.71
0.81
0.79

accuracy precision

0.87
0.72
0.82
0.80

Ml

0.87
0.71
0.82
0.81

Ml

0.87
0.71
0.81
0.81

Ml
0.87
0.72
0.82
0.81

Ml

recall  fi-
score
0.87 0.87
0.71 0.71
0.82 0.82
0.80 0.80
recall  fi-
score
0.87 0.87
0.71 0.71
0.81 0.81
0.79 0.80
recall  f1-
score
0.87 0.87
0.72 0.72
0.82 0.82
0.80 0.80
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RandomForest
GaussianNB
SVM
DecisionTree

RandomForest
GaussianNB
SVM
DecisionTree

RandomForest
GaussianNB
SVM
DecisionTree

accuracy precision

0.87
0.71
0.81
0.79

accuracy  precision

0.88
0.71
0.82
0.80

accuracy precision

0.88
0.72
0.82
0.80

0.87
0.71
0.81
0.80

FR

0.88
0.71
0.82
0.81

FR

0.88
0.72
0.82
0.82

recall

0.87
0.71
0.81
0.79

recall

0.88
0.71
0.82
0.80

recall

0.88
0.72
0.82
0.80

f1-
score
0.87
0.71
0.81
0.79

f1-
score
0.88
0.71
0.82
0.80

f1-
score
0.88
0.72
0.82
0.80

Accuracy precision

0.88
0.70
0.81
0.80

0.88
0.70
0.81
0.81

recall

0.88
0.70
0.81
0.80

f1-
score
0.88
0.70
0.81
0.80

Feature Selection with N=75 , K=4

FOA

Accuracy precision

0.88
0.71
0.82
0.78

0.88
0.71
0.82
0.80

recall

0.88
0.71
0.82
0.78

f1-
score
0.88
0.71
0.82
0.79

Feature Selection with N=75 , K=3

FOA

Accuracy precision

0.87
0.70
0.81
0.80

0.87
0.70
0.81
0.81

recall

0.87
0.70
0.81
0.80

f1-
score
0.87
0.70
0.81
0.80

accuracy precision

0.87
0.71
0.81
0.81

0.87
0.71
0.82
0.80

0.88
0.72
0.82
0.80

0.87
0.71
0.81
0.83

MI
accuracy precision

0.87
0.71
0.82
0.81

Ml
accuracy precision

0.88
0.72
0.82
0.81

recall

0.87
0.71
0.81
0.81

recall

0.87
0.71
0.82
0.80

recall

0.88
0.72
0.82
0.80

f1-
score
0.87
0.71
0.81
0.81

f1-
score
0.87
0.71
0.82
0.80

score
0.88
0.72
0.82
0.80
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Similarly, Table 4.7 display the results of the four models by using the
three feature selection approaches, by using 75% feature selection. And k-mer
sizes from 3-8. The results show the superiority of Random Forest algorithm
comparing to other Machine Learning models. The highest accuracy value

obtained by Random Forest is 89%. While the lowest accuracy value is 87%.
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Methods

RandomForest
GaussianNB
SVM
DecisionTree

RandomForest

GaussianNB
SVM
DecisionTree

RandomForest

GaussianNB
SVM
DecisionTree

Table 4.8:

accuracy

0.87
0.71
0.81
0.78

accuracy

0.87
0.71
0.81
0.80

accuracy

0.87
0.71
0.80
0.80

results of Machine Learning models with 50% features selected, and 70%-30% dataset split

FR
precision

0.87
0.71
0.81
0.79

FR
precision

0.87
0.71
0.81
0.81

FR
precision

0.87
0.71
0.80
0.81

FR

recall

0.87
0.71
0.81
0.78

recall

0.87
0.71
0.81
0.80

recall

0.87
0.71
0.80
0.80

f1-
score
0.87
0.71
0.81
0.78

f1-
score
0.87
0.71
0.81
0.80

f1-
score
0.87
0.71
0.80
0.80

Feature Selection with N=50 , K=8

FOA

accuracy precision

0.86
0.70
0.81
0.80

Feature Selection with N=50 , K=7

0.87
0.70
0.81
0.82

FOA

accuracy precision

0.88
0.70
0.80
0.80

Feature Selection with N=50 , K=6

0.88
0.70
0.80
0.82

FOA

accuracy precision

0.86
0.70
0.79
0.79

Feature Selection with N=50 , K=5

0.87
0.70
0.79
0.80

FOA

recall

0.86
0.70
0.81
0.80

recall

0.88
0.70
0.80
0.80

recall

0.86
0.70
0.79
0.79

f1-
score
0.86
0.70
0.81
0.81

f1-
score
0.88
0.70
0.80
0.80

f1-

score

0.86
0.70
0.79
0.79

Accuracy precision

0.86
0.71
0.81
0.80

Accuracy precision

0.86
0.71
0.82
0.80

Accuracy precision

0.87
0.70
0.80
0.79

Mi

0.86
0.71
0.81
0.82

Mi

0.87
0.71
0.82
0.82

Ml
0.87
0.70
0.80
0.80

Ml

recall

0.86
0.71
0.81
0.80

recall

0.86
0.71
0.82
0.80

recall

0.87
0.70
0.80
0.79

f1-
score
0.86
0.71
0.81
0.80

f1-
score
0.86
0.71
0.82
0.80

f1-
score
0.87
0.70
0.80
0.79
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RandomForest
GaussianNB
SVM
DecisionTree

RandomForest
GaussianNB
SVM
DecisionTree

RandomForest
GaussianNB
SVM
DecisionTree

accuracy precision

0.86
0.70
0.80
0.80

accuracy  precision

0.87
0.71
0.81
0.80

accuracy precision

0.87
0.70
0.81
0.80

0.87
0.70
0.80
0.82

FR

0.87
0.71
0.81
0.81

FR

0.87
0.70
0.81
0.81

recall

0.86
0.70
0.80
0.80

recall

0.87
0.71
0.81
0.80

recall

0.87
0.70
0.81
0.80

f1-
score
0.86
0.70
0.80
0.80

f1-
score
0.87
0.71
0.81
0.80

f1-
score
0.87
0.70
0.81
0.80

accuracy precision

0.87
0.71
0.80
0.79

Feature Selection with N=50 , K=4
FOA
accuracy precision

0.87
0.70
0.80
0.79

Feature Selection with N=50 , K=3
FOA
accuracy precision

0.87
0.69
0.81
0.80

0.87
0.71
0.80
0.80

0.87
0.70
0.80
0.81

0.87
0.70
0.81
0.81

recall

0.87
0.71
0.80
0.79

recall

0.87
0.70
0.80
0.79

recall

0.87
0.69
0.81
0.80

f1-
score
0.87
0.71
0.80
0.79

f1-
score
0.87
0.70
0.80
0.79

f1-
score
0.87
0.69
0.81
0.80

Accuracy precision

0.88
0.71
0.82
0.80

0.86
0.70
0.80
0.79

0.87
0.72
0.80
0.80

0.88
0.71
0.82
0.81

Mi
Accuracy precision

0.86
0.70
0.80
0.81

Ml
Accuracy precision

0.87
0.72
0.80
0.81

recall

0.88
0.71
0.82
0.80

recall

0.86
0.70
0.80
0.79

recall

0.87
0.72
0.80
0.80

f1-
score
0.88
0.71
0.82
0.80

f1-
score
0.86
0.70
0.80
0.79

f1-
score
0.87
0.72
0.80
0.80
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Table 4.8 display the results of the four models by using the three feature
selection approaches, by using 50% feature selection. And k-mer sizes from 3-8.
Similar to the previous results, the Random Forest shows higher performance
comparing with the other used models. Higher results obtained 88%, and the

lowest is 86%.

Notice that the performance of 70%-30% dataset split performed worse
than the 80%-20% dataset split. This is because of the insufficient amount of
data used in the training process in the 70%-30% dataset split. Leading to poor

classification performance in the traditional Machine Learning algorithms.

Another observation from the obtained results is that the three used
feature selection approaches (MI, regression, and ANOVA) gives similar

accuracies when using their outputs to similar algorithms.

4.7 Deep Learning Results

The Deep Learning model used in this work is consisting of CNN and

LSTM. This is due to the sequence nature of the used dataset.

The Deep Learning model is trained only by using 70% training — 30%
testing data split. And the percentage of the selected features are 20% and 50%.

And the k-mer sizes are from 3-8.

Table 4.9: results of Deep Learning models with 20% features selected,
and 70%-30% dataset split

Feature selection with N=20 and K=3
Feature method Accuracy Precision Recall F1-Score

One-way ANOVA 0.99 0.99 0.99 0.99
F-regressor 0.99 0.99 0.99 0.99
Mutual Information 0.94 0.94 0.94 0.94

Feature selection with N=20 and K=4
Feature method Accuracy Precision Recall F1-Score

One-way ANOVA 0.98 0.98 0.98 0.98
F-regressor 0.96 0.96 0.96 0.96
Mutual Information 0.97 0.97 0.97 0.97

Feature selection with N=20 and K=5
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Feature method Accuracy Precision Recall F1-Score

One-way ANOVA 0.96 0.96 0.96 0.96
F-regressor 0.92 0.92 0.92 0.92
Mutual Information 0.99 0.99 0.99 0.99

Feature selection with N=20 and K=6
Feature method Accuracy Precision Recall F1-Score

One-way ANOVA 0.97 0.97 0.97 0.97
F-regressor 1.00 1.00 1.00 1.00
Mutual Information 0.98 0.98 0.98 0.98

Feature selection with N=20 and K=7
Feature method Accuracy Precision Recall F1-Score

One-way ANOVA 0.99 0.99 0.99 0.99
F-regressor 1.00 1.00 1.00 1.00
Mutual Information 0.91 0.91 0.91 0.91

Feature selection with N=20 and K=8
Feature method Accuracy Precision Recall F1-Score

One-way ANOVA 1.00 1.00 1.00 1.00
F-regressor 0.99 0.99 0.99 0.99
Mutual Information 0.99 0.99 0.99 0.99

Table 4.9 shows the results obtained by Deep Learning model. The
percentage of used feature selection is 20%. You can notice how the
performance is much higher comparing with the Machine Learning model. The
highest performance obtained in this test, is 100% for all accuracy, precision,
recall, and F1-score. These results achieved by using k-mer size of 6 and 7 with
Regression feature selection. And 8 k-mer size, with One Way Anova feature

selection approach.

Figures from 4.5 to 4.10 shows a comparison between the results

obtained from Deep Learning model, with various feature selection approaches.
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N=20, K=3

Accuracy Precision Recall F1-Score

0.99
0.98
0.97
0.96
0.95
0.94
0.93
0.92
0.91

B One-way ANOVA M F-regressor B Mutual Information

Figure 4.5: comparison between the results obtained from Deep Learning
model using various Feature Selection approaches, with N=20 and K=3.

N=20, K=4
0.985
0.98
0.975
0.97
0.965
0.96
0.95
Accuracy Precision Recall F1-Score

B One-way ANOVA M F-regressor B Mutual Information

Figure 4.6: comparison between the results obtained from Deep Learning
model using various Feature Selection approaches, with N=20 and K=4.
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N=20, K=5
1
0.98
0.96
0.94
0.92
0.88
Accuracy Precision Recall F1-Score

B One-way ANOVA M F-regressor B Mutual Information

Figure 4.7: comparison between the results obtained from Deep Learning
model using various Feature Selection approaches, with N=20 and K=5.

N=20, K=6

1.005

1
0.995
0.99
0.985
0.98
0.975
0.97
0.965
0.955

Accuracy Precision Recall F1-Score

B One-way ANOVA M F-regressor B Mutual Information

Figure 4.8: comparison between the results obtained from Deep Learning
model using various Feature Selection approaches, with N=20 and K=6.
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N=20, K=7
1.02
1
0.98
0.96
0.94
0.92
09
0.88
0.86
Accuracy Precision Recall F1-Score

B One-way ANOVA M F-regressor B Mutual Information

Figure 4.9: comparison between the results obtained from Deep Learning

model using various Feature Selection approaches, with N=20 and K=7.

N=20, K=8

1.002

1
0.998
0.996
0.994
0.992
0.99
0.988
0.984

Accuracy Precision Recall F1-Score

B One-way ANOVA M F-regressor B Mutual Information

Figure 4.10: comparison between the results obtained from Deep
Learning model using various Feature Selection approaches, with N=20 and
K=8.

Table 4.10: results of Deep Learning models with 50% features selected,
and 70%-30% dataset split

Feature selection with N=50 and K=3
Feature method Accuracy Precision Recall F1-Score
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One-way ANOVA 1.00 1.00 1.00 1.00
F-regressor 1.00 1.00 1.00 1.00
Mutual Information 1.00 1.00 1.00 1.00

Feature selection with N=50 and K=4
Feature method Accuracy Precision Recall F1-Score

One-way ANOVA 1.00 1.00 1.00 1.00
F-regressor 1.00 1.00 1.00 1.00
Mutual Information 1.00 1.00 1.00 1.00

Feature selection with N=50 and K=5
Feature method Accuracy Precision Recall F1-Score

One-way ANOVA 1.00 1.00 1.00 1.00
F-regressor 1.00 1.00 1.00 1.00
Mutual Information 1.00 1.00 1.00 1.00

Feature selection with N=50 and K=6
Feature method Accuracy Precision Recall F1-Score

One-way ANOVA 1.00 1.00 1.00 1.00
F-regressor 1.00 1.00 1.00 1.00
Mutual Information 1.00 1.00 1.00 1.00

Feature selection with N=50 and K=7
Feature method Accuracy Precision Recall F1-Score

One-way ANOVA 1.00 1.00 1.00 1.00
F-regressor 1.00 1.00 1.00 1.00
Mutual Information 1.00 1.00 1.00 1.00

Feature selection with N=50 and K=8
Feature method Accuracy Precision Recall F1-Score

One-way ANOVA 1.00 1.00 1.00 1.00
F-regressor 1.00 1.00 1.00 1.00
Mutual Information 1.00 1.00 1.00 1.00

Table 4.10 shows the results obtained by Deep Learning model. The
percentage of used feature selection is 50%. With this approach all the

configurations gained 100% accuracy, precision, recall, and F1-score.

Deep Learning performance is much higher than traditional Machine
Learning algorithms, since the number of trainable parameters (i.e. weights) in
Deep Learning is much higher. Leading it to better recognizing more complex

patterns, comparing to traditional Machine Learning algorithms.

Furthermore, the time consumed by the DL model to predict one sample
of data is 0.328 milliseconds (note that 1 seconds = 1000 milliseconds) by using
the hardware and software specified in section 4.2. which is considered very fast

performance in terms of time complexity.
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Overall, the whole testing dataset (6120 samples) took the model 2008

milliseconds to predict. With 100% accuracy.

4.8 Result Comparison

Table 4.11 shows comparison between the results of the proposed work
and other related works. Notice that no other publication worked on the dataset
used in this thesis. Therefore, the comparison will be based on other works that

targeted DM patients, with DNA sequence data.

Table 4.11: Results comparison with other similar works

Work  Year Dataset Proposed Results
approach
[13] 2022 DNA sequence. Random AUC 0.927

96 patients with Forests, SVM,
T2DM, and 71 Ridge Logistic

healthy person Regression and
(control group) Decision Trees
[15] 2022 DNA sequence. CNN-LSTM Accuracy is 99%,
300 human insulin 97.5%, and 95% for
sequence are LSTM-CNN, CNN,
selected from and LSTM,
GenBank website. respectively.
[15] 2022 RNA  sequencing Monte  Carlo Identified T2D-
data from the GEO feature associated genes
(Transcript selection, (MTNDA4P24,
Expression support vector MTND2P28, and
Omnibus) database  machine, and LOC100128906)
repeated
incremental
pruning
[9] 2018 Gene Expression. Random Forest = AUC: 73.96%,
Database of Sensitivity: 68.42%,
Genotypes and and specificity:
Phenotypes (dbGaP) 78.67%
[10] 2021 Genetic Expression.  Multilayer MLP: 75%
177 diabetics Perceptron accuracy.
persons with 173 (MLP), K*: 73% accuracy.

control group get K-star (K*)
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their data genome
data.
[11] 2020 Gene Expression. Feed-forward | Accuracy: 88%
Total of 164 people. neural network
82 diabetics and 82

healthy people.
Proposed 2023 DNA sequence. CNN-LSTM Accuracy 100%.
work From National

Library of Medicine.
Contains the DNA
sequence of 14571
people. 10199 DNA
sequences are
labelled diabetes,
and 4371 are
labelled non
diabetes.

Table 4.11 shows that the proposed work achieved higher accuracy than
other proposed system. However notice that the used dataset is used only in this

work.

Given the experiments conducted in this thesis, with the results from
other researches as shown in the previous table, the final conclusion would be
the best performing model is the proposed CNN-LSTM model, with 70%-30%
training-testing dataset split. With any k-mer size and any feature selection

approach.
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Conclusions and Future

Works



5.1

Conclusion

In conclusion, the research and system development steps and techniques

of this thesis could be summarized into the following:

1. The pre-processing and feature selection steps are crucial and vital in

determination of the efficient of ML and DL models.

2. Deep Learning showed higher performance comparing with other

3.

5.2

Machine Learning approaches.

This thesis bridges the gap between the fields of computer science and
genetics, providing novel insights that may change the face of genetic
iliness prediction in the future. The insights and pipeline created have
the potential to advance precision medicine approaches and have
ramifications for other hereditary illnesses.

This thesis uses a comprehensive evaluation framework to compare
several machine learning and deep learning models for DM prediction

accuracy.

Future works
The future works could be summarized in the following points:

1. Expand the dataset by using additional DNA sequences for healthy

and diabetes patients.

2. Try combined feature selection techniques with the Machine Learning

models, instead of the single feature selection method each time.

3. Use the models to classify further diseases. So, the classification will

be able to detect the disease based on the DNA sequence. For

example, cancer, blood pressure, and others.

4. Investigate the ensemble method, by using combined ML algorithms

together.

5. Investigate using LSTM only to learn the pattern of DM in DNA

sequence.
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