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Abstract

Deep Learning approaches are powerful techniques commonly employed for developing
cancer prediction models using associated gene expression and mutation data. This thesis
provides a comprehensive review of recent cancer studies that have employed gene expression
data from several cancer types (i.e Breast, Lung, Kidney, Liver, Gallbladder, Gastric, and
Thyroid) for survival prediction, tumour identification, and stratification as well as providing
an overview of biomarker studies that are associated with these cancer types. The thesis
captures multiple aspects of machine learning-associated cancer studies, including cancer
classification, cancer prediction, identification of biomarker genes, microarray, and RNA-Seq
data. The thesis discussed the technical issues with current cancer classification models and
the corresponding measurement tools for determining the activity levels of gene expression
between cancerous tissues and noncancerous tissues. The work has not only highlighted
the issues but also attempted to address the issues that arise in the previous studies. One
of the notable issues that employ gene expression data for cancer classification is the high
dimensionality of the available datasets.

As a result, the work developed a fusion three feature selection initial approach to reduce
the number of genes and increase the accuracy of cancer classification by using the concept of
intersection. fusion three feature selection methods was developed to select an optimal subset
of genes that would be used as identifiers for classification and reduce the dimensionality
of the available data in gene expression. The results ratings for employed cancer datasets
ranged from (95.5% to 98%) accuracy, (94.4% to 100%) precision, (94% to 100%) recall,
and (95.7% to 98%) f1-score.

Therefore a new fuzzy gene selection approach was developed to identify significant
genes to facilitate cancer classification and reduce the dimensionality of the available gene
expression data. This method demonstrated that has the ability for classifying cancer ac-
curately in evaluating most of the datasets that were employed. The results indicate that
FGS enhanced the performance of the five common classifiers with the majority of cancer
expression datasets employed and particularly when the FGS and MLP were applied together.
The average results were 97%,97.3%, 96.5%, and 96.77% for accuracy, precision, recall, and
f1-score respectively.
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Next, Fuzzy gene selection-wrapper plus is offered as the second significant addition
to this thesis. Fuzzy gene selection-wrapper plus attempts to reduce the number of genes
selected by Fuzzy gene selection while maintaining the accuracy attained. The results showed
that Fuzzy gene selection-wrapper plus was able to reduce the number of genes selected by
Fuzzy gene selection method up to 82% without sacrificing accuracy and other evaluation
metrics.

Finally a novel fuzzy classifier method developed to enhance the accuracy and increased
the generalisation of the proposed algorithm in most of employing datasets. Fuzzy classifier
demonstrated that it continuously achieved the highest results in all employed datasets
compared to classical classifiers. The average results were 98%, 98.2%, 96.5%, and 97% for
accuracy, precision, recall, and f1-score respectively for all employed datasets.

The thesis integrated the developed approaches (Fuzzy gene selection-wrapper plus, and
Fuzzy classifier) into a single, fully automated end-to-end model called multidimensional
fuzzy deep learning.
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Chapter 1

Introduction

1.1 Introduction

According to the World Health Organization, cancer is a universal danger that kills people all
over the world [1] [2]. Cancer is defined as a group of cells that grow from sites of the human
body and often spread to distant metastatic areas [3]. Abnormal cell development results
from the intricate interplay of genes (deregulated by mutation and epigenetic alterations) and
the environment (i.e. carcinogens), some patients inherit mutations from their parents (i.e.
BRCA) but most cancer mutations are somatic (i.e. mutations acquired during the life course)
[4]. As a result, whole-genome expression analysis has become a valuable tool for identifying
significant gene pathways that are dysregulated and cause aberrant cellular proliferation and
metastatic spread. Whole-genome expression (transcriptomic) analysis offers the ability to
enable early cancer prediction, diagnosis, clinical outcome determination, and the possibility
of spreading illness. Moreover, molecular cancer classification can improve the efficacy of
customized therapies such as immune-checkpoint inhibitors including anti-PD1 and anti-
CTLA-4 [4]. Using transcriptomic approaches such as microarrays and, more recently,
RNA-Seq to measure gene expression differences between healthy and unhealthy tissue
has required researchers to develop bioinformatic pipelines that include mathematical and
statistical methods to analyse these large novel datasets. Typically, the identification of
biomarker genes involves the identification of a subset of genes associated with a specific
disease or subset of diseases. Identification of new gene signatures will aid in the early
prediction of cancer and may help with identifying patient subgroups that may be responsible
for or resistant to particular therapies [5]. In this regard, biomarkers have the potential to
play a pivotal role in the determination of treatment strategies [6]. The recent availability
of these datasets publicly enables researchers to apply deep learning techniques that may
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accelerate data analysis and vastly improve the accuracy of cancer diagnosis, prognosis, and
anticipated response to therapy.

Although resection is the one of methods for treating cancer, it is not always possible
to perform surgical removal because it could severely damage surrounding tissue in some
sensitive areas, such as the spinal cord. Early cancer detection contributes to cancer treatment
such as resection. On this basis, attempts have been made to analyse various types of
patient data to identify a method for detecting cancer at an early stage, thereby facilitating the
removal of the affected area and preventing it from spreading to other parts of the body. A new
method was discovered for calculating the expressed level of gene activity in cancerous and
noncancerous tissues. Common measurement techniques for calculating the gene expression
of thousands of genes in hundreds/thousands of samples include: (Microarray and RNA-seq
methods). Those methods have an advantage over previous methods because they aid in the
early detection of cancer, and they also allow for personalised treatments [4]. Microarray
and RNA-seq techniques have provided the opportunity to propose different mathematical
and statistical methods for analysing this massive dataset.

These Microarray and RNA-seq datasets contain noise, missing, and duplicate data, ne-
cessitating the development of new methods for resolving these issues in the gene expression
data [7] [8]. Consequently, novel, and potent Feature selection (FS) and DL methods are
being employed to analyse gene expression.

In general, FS is a statistical method that aims to select important genes and disregard
unrelated ones [9]. The use of FS approaches to the datasets contributes to enhancing ML
classifiers, resulting in reduced complexity of a classifier, higher classifier accuracy, and
reduced dimensionality of the data [10]. In addition, it reduces the noise in the data that
may lead to overfitting of DL approaches, thereby preventing or mitigating overfitting of
DL approaches [11]. In the last decade, there has been a great deal of interest in DL in
most fields, including image recognition, traffic prediction, and medical diagnosis. Feature
selection methods are continuously developing to select a subset of informative genes that
can be used as identifiers for training a classifier model. In addition, developing a classifier
that accurately fits a small number of genes with a small number of samples. This encourages
the continued development and proposal of a novel classifier algorithm to achieve accurate
cancer classification or prediction commensurate with the problem size and sensitivity of the
cancer subject.

Machine learning is a sub-field of artificial intelligence that allows computers to learn
without being explicitly programmed [12]. Many different approaches of classical ML have
been developed, including, KNN, SVM, DT, RF, NB, etc. Deep learning also called deep
neural network (DNN) has shown some breakthroughs in recent years due to the increase
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in computation power. DL can be defined as a sub-field of machine learning that works by
generating a structure that has multiple layers in which the next layer of input is the output
of the previous layer (Fig 1.1) [13]. DL structure aims to mimic the mechanisms of the
human brain by interpreting the various types of data including sound, text, and images
[14]. It uses principles similar to that of linear regression, where each neuron has a weighted
value that is updated by applying a gradient descent algorithm through back-propagation to
reduce global loss of function [15]. DL approaches contribute to deal with the difficulties of
cancer prediction by speeding up analysis whilst maintaining accuracy. The most common
architectures of DL are CNN, RNN, and ANN.

Fig. 1.1 Deep Learning Structure
[16]

Classical ML and DL approaches both allow computers to learn from input data without
the requirement of explicit programming. However, DL does not require human effort to
generate feature extraction in the way that classical ML does (Fig 1.2) [17] [18]. It is also
more efficient than ML when dealing with very large datasets [19]. Recently DL showed
higher performance than human performance on tasks that involves image classifications
(Fig 1.3) [19].
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Fig. 1.2 Deep learning vs classical machine learning
[17]

Fig. 1.3 Deep learning performance vs human performance
[19]

1.2 Research Problem

In the preceding decade, numerous studies have been proposed to address classification issues
by providing different machine learning algorithms with different data formats (i.e. computed
tomography CT scan , Magnetic resonance imaging (MRI), and gene expression). Recently,
gene expression data have been used to classify cancer, which presents new challenges. The
use of gene expression data and machine learning techniques, in the classification of cancer
presents two major challenges.

The first challenge is the special nature of provided gene expression data. Though
measurement tools (microarray and RNA-seq) continuously developed for measuring the
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expressed level of thousands of genes and hundred number of samples [20] [21]. Most of the
current machine learning techniques were not developed with this type of dataset properties in
mind. The available gene expression dataset is distinguished by high dimensionality which is
a challenge in classification [22]. Overfitting is the main issue due to the high dimensionality,
while the small volume of the dataset has a negative influence on the performance of classifier
models [22] [23]. A large number of genes necessitates more time spent training a model,
increasing the complexity of classification, erroneous classification, and overfitting [24].

The second challenge is the massive number of irrelevant genes. Most gene expression
datasets provide only a small number of genes that are related to the target (disease) [25].
This is not only increasing the time of training or testing classifier approaches but also
increases the complexity of classification [26] . The most effective method to overcome this
problem is to use gene selection methods that select the best subset of significant genes that
aid cancer classification [27]. Therefore, using these genes as predictors (inputs) for training
classifier methods.

In conclusion, the high dimensionality of gene expression data is the most significant
factor that negatively impacts the performance of a classifier model by increasing the classifi-
cation’s complexity, prolonging the training phase, and boosting the probability of overfitting.
In addition, with so many genes, early cancer diagnosis is difficult.

1.3 Aim and Objectives

1.3.1 Thesis Aim

The thesis aims to develop a multidimensional fuzzy deep learning approach for improved
cancer classification using gene expression data.

1.3.2 Thesis Objectives

• Develop a fuzzy gene selection method to reduce the dimensionality by selecting
informative genes that would be used as identifiers for training the classifiers to
demonstrate FGS effectiveness with these classifier algorithms.

• Develop a novel fuzzy classifier method for improving cancer classification accuracy.

• Develop a fuzzy gene selection wrapper plus method to reduce the number of genes
that have been selected by FGS without sacrificing classification accuracy and other
evaluation metrics.
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• Based on the outcomes, a multidimensional fuzzy deep learning approach developed
as a novel system intending to select a limited number of significant genes to be used
as a marker. Furthermore, It gives accurate cancer classification and straightforward
classification.

1.4 Contributions of the thesis.

To address some deficiencies in the field of cancer classification, the thesis has made these
contributions described as follows.

• Develop fusion-based three-feature selection methods (FTFS) to reduce the number of
genes and increase the performance of the classifiers.

• A novel fuzzy gene selection method (FGS) has been developed to reduce the dimen-
sionality of gene expression data by selecting a subset of significant genes to train
classifier algorithms. Selecting a small number of useful genes improves the perfor-
mance of classifier algorithms by increasing accuracy, reducing complexity, reducing
training time, and preventing or at least mitigating overfitting.

• A novel fuzzy classifier (FC) approach has been developed to enhance the general-
isation and accuracy of the classifier. When applying classical classifier algorithms
to multiple datasets, each classifier technique frequently yields the highest accuracy
for a single dataset, as opposed to the FC classifier consistently yielding the highest
accuracy for many datasets.

• Develop a fuzzy gene selection wrapper plus (FGSWP) to reduce the number of genes
selected by the fuzzy gene selection method while preserving its accuracy. To validate
the FGS-selected genes and their effect on the achievement of accuracy.

• The system is a fully automated deep neural network that takes the entire dataset as
input and produces the classification result in a process that goes from beginning to end
automatically. This is the most straightforward method to use the system, preventing
the loss of information, and reducing the number of errors that may occur when feature
selection is done separately. In addition to this, it is faster than the manual method. To
achieve that the developed approaches ( FGSWP, and FC) are combined into a single
model known as multidimensional fuzzy deep learning (MDFDL).
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1.6 Thesis Structured

The thesis comprises six chapters, with the first chapter serving as the introduction. In
this introductory chapter, a holistic overview of the thesis is presented, encompassing
topics such as the definition of cancer, machine learning, deep learning, and gene
expression. Moreover, it delves into the challenges encountered within this field,
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accompanied by a visual representation of the contributions made to surmount these
challenges. Additionally, the chapter articulates the thesis’s aim and objectives, supple-
mented by a list of publications relevant to the subject matter. Chapter two offers a
thorough examination of various critical aspects within the field, including methods
for measuring the expression level of each gene (such as Microarray and RNA-seq),
classifier approaches, gene selection methods, data repositories, cross-validation proce-
dures, evaluation metrics, and a comprehensive review of related works. Towards the
conclusion of the chapter, a summarisation of issues identified through the discussion
of studies in this field is provided in the ’Related Work’ section. Chapter three, dedi-
cated to methodology, offers a detailed account of the developed approaches devised to
address the challenges identified in this field. This chapter comprises graphical repre-
sentations, algorithmic frameworks, step-by-step procedures for each of the developed
approaches, and an elucidation of the rationale behind their developments.

Chapter four is dedicated to elucidating the experimental frameworks that underpin
the implementation of the developed approaches. This chapter meticulously breaks
down the experimental procedures into a series of well-defined steps, accompanied
by illustrative figures to enhance clarity, and provides comprehensive descriptions
for each of these crucial steps. Chapter five is focused on presenting and analysing
the experimental results obtained from the developed approaches. It encompasses a
thorough discussion of these findings, drawing comparisons with existing methodolo-
gies and published works. This chapter used tables to succinctly convey the results
of each experiment and employs boxplots to provide a visual representation of the
outcomes. Moreover, it concludes with a comprehensive examination of the results
within the context of the methodological discussions. Towards the chapter’s conclusion,
it conducts a comprehensive evaluation of the entire system in comparison to other
published works, offering a concise summary of the key findings from all the developed
approaches.



Chapter 2

Background and Literature Review

2.1 Microarray and RNA-seq

Gene expression is the complex mechanism by which the genetic instructions stored in DNA
are harnessed to generate vital proteins and biochemical compounds necessary for the growth,
development, and operation of living organisms [28]. Based on that there are different tools
developed to measure the gene expression data such as Microarray and RNA-seq. Microarray
aimed to allow biologists to monitor the level of gene activity in an organism [29]. This
is accomplished by gauging the expressed levels of each gene between cancerous and non-
cancerous tissues. This method assists investigators in comprehending tumour classification
and progression by monitoring gene expression changes with cancer [30]. This allows
the identification of the top differential expressed genes that might be associated with a
particular disease. Perhaps more importantly pathway and gene ontology enrichment analysis
can be used to identify putative biological pathways involved in the disease based on prior
experimental work that has already been done with these genes. Technically, Microarrays
measure the intensity of fluorescence (fluorescently labeled cDNA molecules), where the
intensity of fluorescence reflects the corresponding gene expression levels. The ability
of microarrays to measure the expression of thousands of genes concurrently relies on
slides (known as DNA Microarrays) pre-spotted with thousands of probes complementary in
sequence to the fluorescently labeled cDNA molecules that are added to the array (ordinarily
pointed to as DNA/Gene chips). The known position of the probes on the chip allows the
assignation of gene expression patterns to single genes [31]. To implement a microarray
experiment, both a reference sample (e.g., from normal tissue) and an experimental sample
(i.e., cancer tissue) are collected, the mRNA is extracted and converted to fluorescently
labeled cDNA typically with one sample labeled with a green, fluorescent marker and the
other a red fluorescent marker. Then the two samples are combined and hybridized into the
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microarray slide. RNA-seq is a measurement tool employing next-generation sequencing
technology (e.g., Illumina HiSeq) which can be used to determine gene expression and
sequence differences between different types of biological samples and has largely superseded
microarray technology.

RNA-Seq also provides single base pair resolution, distinguishing allelic expression of
genes, identification of novel genes and altered splice forms and has a larger dynamic range,
a good signal-to-noise ratio, and is more accurate in measuring gene expression levels [32]
[33]. RNA-Seq requires mapping of processed sequence reads to a reference genome (or
transcriptome) and therefore is dependent on the accuracy of these reference assemblies
rather than being limited by a predetermined choice of probes (on an array). This allows an
increased ability to identify new gene-disease associations that may have been missed with
microarray approaches [32]. RNA-Seq can detect expression at the gene, exon, transcript,
and coding DNA sequence (CDS) levels, whereas Microarray can detect expression in a gene,
exon-level only [34].

2.2 Feature selection

Feature selection is a high level of pre-processing that uses to decrease the number of features
for a given dataset [34]. FS has a positive impact not only on reducing the number of features
but also assists in enhancing the performance of classifier models by mitigating the time
taken during the training of a classifier model, reducing overfitting [7]. It is also improving
the classification accuracy because FS aims to select the features which are highly correlated
with the target (class). FS methods are widely employed in several different fields including
biology, engineering, computer science, and others [35]. The abovementioned microarray
and RNA-seq technologies characterised that provide high-dimensionality datasets of gene
expression, so FS has become an elementary method for processing high-dimensional
datasets.

Generally, FS techniques are divided into four main categories filter methods, wrapper
methods, embedded methods, and hybrid methods [36] [37]. All these methods aim to
reduce the number of features but are technically different [38]. Filter methods attempt to
select a subset of informative features independent of the classifier algorithms [39]. Filter
methods involve MI, mRMR, Relief, and etc. By contrast, wrapper methods aim to select
important features by interacting with classifier approaches including forward selection,
backward elimination, Bi-directional elimination (Stepwise Selection), etc. While embedded
methods strive to obtain the advantage from both methods (Filter and wrapper method)
which means they interact with classifier methods but have less computational cost than the



2.2 Feature selection 11

wrapper method by avoiding the recurrent execution of the classifier and study of each feature
group. The common embedded techniques are LASSO and RIDGE regression. Hybrid
methods are a combination of filter and wrapper methods or embedded and wrapper methods
[36] [40]. It aims to take advantage of both by reducing the computational time taken and
better results [41]. The employing of feature selection methods is summarised in three prime
benefits as follows: 1) To prevent or mitigate overfitting and enhance the performance of the
classifier approach. 2) To provide faster and more accurate classification or prediction. 3) To
get a deeper insight into the underlying processes that generated the data [42]. The recent
advancements in feature selection methods widely used in the gene expression field can be
deeply illustrated below.

2.2.1 Mutual information

MI is a filter feature selection technique that attempts to select the best subset of features from
an original dataset that would be used as predictors (inputs) for training a classifier method.
MI is also known as Communications and Information Theory. At first, it is originally
developed by Shannon [43] in a seminal paper, to discover the optimal coding of a source
on one hand and a noisy channel on the other hand. MI works by measuring the amount of
information shared between two random variables [44] [45]. The ability to be a solution for
the selection of the informative features for different classifier models and less time taken for
selecting these features are the major advantages of using mutual information algorithm. MI
is mathematically presented in the equation below.

I(X ,Y ) = ∑∑ p(X ,Y )log
p(x,y)

p(x)p(y)
(2.1)

= H(Y )−H(Y/X) (2.2)

Where H(Y|X) is the conditional entropy of Y in the case of X is known.

2.2.2 F-Classif

F-Classif is a statistical feature selection algorithm that has been proposed to choose the
best subset features of given an original dataset by calculating the ratio between different
attributes. Indeed, it computes the variation between features/class labels with samples. It
is also a well-known ANOVA f-test [46]. It works by measuring how far a feature is from
other features. It is employed to check the means of two or more groups that are significantly
different from each other. It scores the features (attributes) and ranks the features rely on
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their scores. It allows to selection top feature by either threshold (i.e. top 20 features) or by
threshold based on the score of features(i.e. 0.5) both cases are allowable when F-Classif
algorithm is employed.

2.2.3 Chi-squared

Chi-squared is a statistical technique applied to test the independence of two events. At first,
compute the chi-squared between each feature and the target (class label) [47]. Then, select
the number of features based on the highest chi-squared scores. The formula for chi-squared
is shown below [48].

X2
c = Σ(Oi−Ei)

2/Ei (2.3)

Where: C = degrees of freedom, O = observed value(s), and E = expected value (s).

2.2.4 Minimum redundancy maximum relevance

mRMR is a feature selection method that aims to select discriminative features that would
be used as identifiers for training a classifier model. It was primarily proposed by [49] in
2005, and it is one of the robustness filter methods. Initially, this technique was typically
working for classifying the DNA microarray data [50]. It works by selecting the features
that have a high correlation with the target (relevance) and they have the smallest correlation
between themselves (redundancy) [51]. mRMR has ranked the features based on minimal-
redundancy-maximal-relevance criteria. To calculate the relevance of the mRMR, F-statistic
is used for continuous attributes (features) or mutual information for discrete features while
the redundancy is calculated by employing the Pearson correlation coefficient (for continuous
features) or mutual information for discrete features. Although, it works well with microarray
datasets and is applied to most fields. However, it has some limitations, it is usually utilised
to involve an extremely sensitive standard relevance and redundancy gauges to the presence
of outliers in the data. Moreover, it is computationally expensive.

2.3 Classifier approaches

Classifier algorithms aim to accelerate the classification process and improve classification
effectiveness. The classification approaches are a supervised learning technique used to
determine the category (class, label, or target) of new observations based on training data. In
classification, an application or program that is capable of learning from historical datasets
and classifying new datasets based on what it learned in the training phase classifies the



2.3 Classifier approaches 13

new datasets. Consequently, this section of the thesis aims to illustrate the procedure of
the proposed common classifier algorithms. This section intends to illustrate the process of
developing classifier algorithms and highlight the strengths and weaknesses of each classifier.

2.3.1 Support vector machine

Support vector method is initially developed by V.Vapnik in 1965 when he was attempting to
solve problems in pattern recognition and continuously developed until formally proposed
by V.Vapnik in the 1990s as a support vector machine [52]. SVM is a supervised learning
method have been designed for solving both classification and regression challenges. How-
ever, primarily it is developed as a solution for classification problems because it achieved
outstanding performance in this area. SVM is classified as one of the powerful classifier
algorithms because it accomplished good results in most fields (i.e. images, text, biological
sequence analysis, and biological data mining) [52]. Originally, SVM is supporting only
binary classification, but it can be used for multi classes classification by employing the same
principle by dividing the multi classes problem into multiple binary classifications [53].
SVM is working by generating the best line (Hyperplane) to segregate the input into different
spaces as shown in Fig 2.1, then it strives to find the hyperplane in n-dimensional space that
separates different data points [54] [55]. SVM works relatively well when there is a clear
margin of separation between classes, SVM is relatively memory efficient [52].

Though, the SVM algorithm accomplished good results even if the given datasets are
providing insufficient information about the data, and it works well with unstructured datasets.
However, the SVM model has some limitations, it is not working efficiently when large or
noisy (i.e., target classes are overlapping) datasets are employed [52]. Moreover, it presents
inaccurate classification accuracy once the high dimensional datasets are used(huge features
with a few numbers of samples). Other weaknesses are discovered in the SVM algorithm
which are the difficulties of choosing the convenient kernel solution function and takes
longer time for the training process especially when a large dataset is used compared to other
classifier methods [56] [57].

2.3.2 Decision Tree

DT is a supervised machine learning method that is designed as a solution for classification
and regression tasks, but it is frequently applied for solving classification purposes. It has
been widely used for classification in several areas (i.e. finance, marketing, engineering, and
medicine) [59]. DT is a“Tree-shaped diagram representing a sequential decision process in
which attribute values are successively tested to infer an unknown state” [60]. The structure
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Fig. 2.1 SVM and its Hyperplane Selection
[58]

of DT is quite analogous to a flow chart which works like a top-down recursive method.
Generally, DT consists of three major nodes (root node, internal/test nodes, and leaf nodes).
A root node is an initial node of the DT algorithm which represents the entire samples of the
given datasets and then splits these samples into sub-groups according to different features,
those sub-groups are divided into decision nodes under the root node. These are nodes where
variables are evaluated but which are not the final nodes where predictions are made. Leaf
nodes are the final nodes that are indivisible where the prediction of class labels is made as
shown in Fig 2.2. DT is created by recursively dividing the training samples employing the
features from the data that work well for a certain task to achieve this using Gini index or the
Entropy for decisive decision trees.

The work of DT can be summarised in five fundamental sequential steps as follows
[61]: The entire given dataset is loaded to the first node of the DT which is called the
root node to suppose the dataset is S. Then, find the best features for the given datasets by
employing an attribute selection measure (ASM). Divide the dataset into sub-groups that
involve the possible values to discover the best features for the given dataset. Therefore,
generate decision nodes that include the best attributes that have been selected by ASM in
step two. Finally, continuously repeating the third step for the division of the given dataset
into sub-groups to make a new decision tree. This process stops only when the possibility of
classifying nodes is unable, these nodes are called leaf nodes where each leaf node represents
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one class or its probability. Although, DT is an easy and interpretable algorithm and is
not required for normalization with less effort for data preparation during pre-processing
compared with other classifier methods. However, one of the notable limitations of DT is a
small change in the data that may result in a seminal change in the structure of DT which
leads to instability. Training time, complexity, and overfitting are other weaknesses shown in
the DT when more class data labels are employed.

Fig. 2.2 Decision Tree Process
[62]

2.3.3 Random Forest

RF is one of the common machine learning approaches that belongs to the supervised learning
method, and it is also called feature bagging or “the random subspace method”. It was first
proposed by Tin Kam Ho in 1995 [63]. It can be applied to both regression and classification
challenges in machine learning. However, it is not working well with regression problems.
RF relies on the concept of ensemble learning which means, it is a combination of multiple
decision trees to overcome a difficult issue and enhance the performance of the model [64].
RF is a classifier method that includes a set of DTs on different subsets of the given dataset
and takes the average to enhance the predictive accuracy of the dataset. RF works by using
multiple trees where it takes the predictions from each tree and depends on the majority
votes of predictions and predicts the outcomes as shown in Fig 2.3 [65]. On the other hand,
for classification, the predictions are combined using a majority voting scheme while for
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regression, the output is obtained relying on the average prediction of these trees. Generally,
RF has three major hyperparameters which are required to be assigned before the training
stage. These involve node size, tree numbers, and the number of features sampled. Although,
RF assists in enhancing the accuracy and avoiding or mitigating the overfitting issue in a
decision tree.

Besides, it works well with large datasets, and it does not require data normalisation
because it applies a rule-based method. However, it has some weaknesses, it takes more
time for training compared to a single decision tree because it is a collection of various
decision trees, and it also requires more computational power because it builds several trees
to combine their outputs. Moreover, RF is like a black box method, where a very little control
over what the model does. Randomisation in both bagging samples and feature selection, the
trees in the forest tend to select uninformative features for node splitting. This makes RFs
have low accuracy when applied to datasets that characterise high-dimensional data [66].
Large datasets are analysed by random forest which leads to more resources being required
to store the data.

Fig. 2.3 Random Forest Process
[67]

2.3.4 Naïve Bayes

The supervised learning algorithm NB is based on the Bayes theorem and assumes that the
presence or absence of one feature is not as significant as the presence or absence of another
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feature. Due to its success with dimensional training datasets, it is frequently used to solve
classification issues, particularly text classification [68]. As one of the top 10 classifier
algorithms in data mining, NB is extensively used in a variety of applications, including
spam filtering, text analysis, and recommendation systems [69]. There are generally three
different forms of NBs: Gaussian Naive Bayes Classifiers (GNB), Multinomial Naive Bayes
Classifiers (MNB), and Bernoulli Naive Bayes Classifiers (BNB). When features are not
discrete, GNB is frequently used, MNB is used when the features follow a multinomial
distribution, and BNB is employed when the features are of the Boolean type. The main
benefits of using Naive Baye over other classifier methods are its ease of implementation, the
accuracy of findings, and the speed of prediction. The NB method, however, presupposes
that all of the features are independent, making it impossible to understand the link between
the individual variables [70]. Due to comparisons with the suggested model, this thesis is
solely concerned with the GNB.

GNB is a supervised learning algorithm that originated from Bayes’ Theorem, and it
discusses that all characteristics are independent features and that the changes in these features
do not influence each other. It is a more effective algorithm for classifying large datasets
compared to other classifier algorithms. It works under the principle that independent features
which means one feature is independent of the other features [71]. GNB is demonstrated
efficacious in classification problems where it is achieved with a minimum error rate [72]
[73]. Faster, flexible, working well with large and less time taken during the training stage
are the most notable benefits that arise when GNB is applied [74]. However, it has some
weaknesses, as it assumes that all features are independent which may lead to missing the
algorithm the chance to learn the relationship between these features [68] [75].

2.3.5 K-nearest Neighbors

KNN is a supervised machine learning algorithm that can be applied to both classification
and regression problems, but it predominantly employs classification purposes [76]. It works
under the principle that similar things are near to each other which leads to KNN being
mostly used for recommended system applications. In other words, KNN calculates the
distance between the tested class and the trained class, the predicted new class relies on the
closest distance to the trained class in feature space k [77]. For instance, in Fig 2.4 the star
introduces the new class that is required to classify, is it A or B, in the case of the K equal
to 3 it belongs to class B while it belongs to A when k is equal to 6. From this example, it
can find out that the K value plays an important role in determining the prediction of the
new class. Consequently, finding the best K value is the most important thing in the KNN
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algorithm for getting accurate classification. Generally, there is no standard way of obtaining
the best K value.

The most effective way often used for discovering the perfect K value is to adopt a list of
different (i.e. k=1, k=5, . . . ) numbers and check the accomplished accuracy with each used
number and select the K value that achieved the best accuracy [78]. This is the only method
that has been used to reach the best K value, this method is computationally expensive, and
more time is taken [76]. KNN is easy to implement where only one thing which is the
calculation of the distance between different points. However, KNN has some cons, it is not
suited when large datasets are employed because the calculation of the distance between the
points is very costly, and it is also not working well with high dimensional datasets because
the calculation of the distance for each dimension is very complicated [76]. Additionally,
KNN is sensitive to noise, and missing data and feature scaling is another limitation of KNN
where it requires normalisation and standardisation properly [79] [80].

Fig. 2.4 KNN and its Hyperplane Selection
[77]

2.3.6 Multilayer Perceptron

MLP is a type of feed-forward neural network (ANN) that is widely employed in pattern
recognition, classification problems, and prediction [54]. It is fully connected to the dense
layers, which convert any input dimension to the required dimension. Generally speaking, an
MLP structure must have three major types of layers(input layer, hidden layer, and output
layer). The input layer is the first layer of the neural network composed of input neurons that
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receive the entire data that is used for further processing by subsequent layers of artificial
neurons. The input layer is different from other layers that it does not take any information
from the previous layer because it is the first layer of the neural network. The output Layer
is the last layer of the neural network that is responsible for producing the output results
for a given dataset. The hidden layer is a set of mathematical functions that aim to process
the data to get the output. The hidden layer is usually more than one because each one
can present a specific task for instance, classifying images, one hidden layer for eyes and
another hidden layer for ears, and so on. The hidden layer is located between the input layer
and the output layer as shown the Fig 2.5. MLP was initially proposed in 1950 and didn’t
take its intention until 1986 when the backpropagation algorithm was developed to train the
Multilayer Perceptron method. MLP is a deep learning algorithm.

It can summarise the work of the MLP algorithm as follows. Initially, transforming the
input data forwarding from the input layer to the output layer. MLP is learned by updating
the connection weights between the neurons to ensure a backpropagation method is used
after the input data of each node in MLP is processed [81]. Therefore, calculating the errors
by identifying the difference between the predicted classes by MLP and the trained label
classes and applying supervised learning to learn MLP to minimise the calculated errors.
Finally, repeat the three previous steps over multiple iterations to learn perfect weights. The
possibility of applying the MLP algorithm to non-linear problems and working well with
large and small datasets at the same ratio accuracy achieved and a faster prediction provided
after the training are the significant advantages of using the MLP model [71]. However,
it has some limitations such as the appropriate functioning of the algorithm based on the
quality of the training data in case the method works incorrectly, generalisation issue arises.

2.3.7 Logistic regression

LR is a statistical approach for dealing with both classification and regression issues. It is
classified as supervised learning. LR is based on the probability idea, which is determined
using a sigmoid function [82]. It is often divided into three types: Binomial is only used
when there are two alternative classifications in the provided datasets, such as cancer or
normal. A multinomial is used when there are three or more unordered categories of the
dependent variable, such as "dogs," "cats," and "sheep," whereas an ordinal is used when
there are three or more ordered sorts of dependent variables, such as "High," "Medium," or
"Low".
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Fig. 2.5 Multilayer Perceptron (MLP) Structure
[16]

Table 2.1 Comparison of Classifiers for Cancer Classification using Gene Expression Data

Approach Strengths Weaknesses Reference

DT

- Intuitive interpretation and vi-
sualization capabilities.
- Versatile handling of diverse
data formats Resilience in the
face of missing data entries

- Susceptible to overfitting, par-
ticularly noticeable with extensive
datasets.
- Constrained accuracy and general-
ization capabilities.
- Challenges in capturing intricate
relationships within the data.

[83]

SVM

- Demonstrates superior accu-
racy and generalization, par-
ticularly in high-dimensional
contexts.
- Exceptional performance
with non-linear datasets.

- Necessitates meticulous parame-
ter adjustment for optimal perfor-
mance.
- Characterized by a black-box na-
ture, making decision interpretation
challenging.
- Prone to being influenced by out-
liers.

[84]
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LR

- Requires minimal effort for
interpretation and implementa-
tion.
- Well-suited for processing
large datasets efficiently.
- Offers probabilities for differ-
ent classes, aiding in decision-
making

- Constrained by its focus on linear
relationships, potentially overlook-
ing complex patterns.
- Vulnerable to issues related to fea-
ture scaling sensitivity.
- Performance may degrade when
handling highly correlated features.

[85]

GNB

- Streamlined and efficient
training process.
- Resilient against irrelevant
features, enhancing model ro-
bustness.
- Minimal need for parameter
adjustments, streamlining the
tuning process.

- Operates under the assumption of
feature independence, which may
not align with the complexities of
gene expression data.
- Susceptible to underperformance
when confronted with intricate rela-
tionships within the data.

[86]

MLP

- Capable of capturing intri-
cate non-linear relationships
within the data.
- Possesses a versatile architec-
ture adaptable to various tasks.
- Well-suited for handling
large-scale datasets efficiently.

- Susceptible to overfitting with-
out appropriate regularization tech-
niques.
- Demands extensive training dura-
tion owing to its complexity.
- Presents challenges in interpreting
decisions due to its opaque, black-
box nature.

[87]

RF

- Integrates multiple decision
trees to enhance accuracy and
robustness.
- Demonstrates resilience
against overfitting and noise
in the data.
- Versatile in its capability to
handle diverse data types.

- Presents challenges in interpreting
individual features due to its black-
box nature May incur high.
- computational costs when dealing
with large datasets.
- Exhibits decreased interpretability
compared to single decision trees.

[88]

KNN

- Straightforward and simple
to implement.
- No need for explicit training
procedures.
- Capable of accommodating
diverse data types.

- Prone to being influenced by out-
liers. - Accuracy may diminish no-
tably in high-dimensional settings. -
Exhibits subpar performance when
dealing with imbalanced datasets

[89]
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2.4 A Cross-validation

Cross-validation is a statistical technique used in machine learning called cross-validation
that seeks to reduce or eliminate overfitting problems in various classifier paradigms. With
the use of the cross-validation approach, a model may be trained on several training datasets
as opposed to only one. By folding the dataset into many configurations and training the
model on each configuration [90]. The model can generalise as a consequence, which is an
indication of a robust model. It also helps to show a better indication of the performance of
the algorithmic prediction. As illustrated in Fig 2.6, the datasets are divided into k-folds,
such as k=5.

Fig. 2.6 K-Fold Cross Validation Process with K=5

2.5 Evaluation metrics

In general, four evaluation parameters (accuracy, precision, recall, and f1-score) are used
to evaluate the performance of the proposed classifier model and the five classical classifier
approaches that were used for comparison. These measurement parameters seek to determine
how well a classifier is doing. These evaluation parameters began as follows:

2.5.1 Accuracy

AC is an assessment metric used to identify which classifier is best for a certain dataset. In
ML, AC is defined as the ratio of successfully predicted observations to total observations. It
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is computed mathematically as follows [91].

Accuracy =
T P+T N

T P+FP+T N +FN
(2.4)

Where TP is True Positive, TN is True Negative, FP is False Positive and FN is False Negative.
A TP is the correctly predicted positive value which means that the value of the actual class
is cancer and the value of the predicted class is also cancer. A TN is an outcome where
the model correctly predicts the negative class. An FP is an outcome where the model
incorrectly predicts the positive class. FN is an outcome where the model incorrectly predicts
the negative class.

2.5.2 Precision

Pre is defined as the percentage of successfully predicted positive findings to total predicted
positive observations [91]. Mathematically, it is illustrated in the formal below.

Precision =
T P

T P+FP
(2.5)

2.5.3 Recall

Rec is defined as the percentage of retrieved instances out of all relevant instances. It is
sometimes referred to as sensitivity [91]. The recall equation is shown as.

Recall =
T P

T P+FN
(2.6)

2.5.4 F1-score

F1 is defined as the weighted average of precision and recall, with a perfect F1 score of 1
and the poorest score of 0 [91]. In short, it’s combined the precision and recall of a classifier
algorithm into a single metric. Mathematically, it is described as follows:

F1 = 2× precision× recall
precision+ recall

(2.7)
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2.6 Data repositories

2.6.1 Gene Expression Omnibus

GEO is a global data repository for functional genomics that supports Minimum Information
About a Microarray Experiment compliant data submissions [92]. The repository supports
both RNA-seq and Microarray data, whereas GEO mostly provides Microarray data. There
are a total of 3635328 disease-specific samples provided by GEO. GEO is freely available
for experimental use with curated gene expression profiles.

2.6.2 The Cancer Genome Atlas

TCGA is a ground-breaking cancer genomics program that provides 84,031 samples of 33
distinct forms of cancer [93]. TCGA provides datasets that are measured by both microarray
and RNA-seq instruments. However, the majority of these datasets measure the level of gene
expression in normal and cancerous tissues using RNA-seq.

2.7 Related Work

2.7.1 Classical Machine learning studies

Aydadenta et al. [94] proposed k-means algorithm for the clustering method for selecting
a subset of genes, then the Relief method was applied for ranking the result of clustering.
The selected genes were used for training the random forest classifier model to evaluate the
effectiveness of the proposed feature selection method. The proposed model was trained and
tested using three gene expression cancer datasets (colon, lung, and prostate cancer). The
proposed model achieved accuracy at 85.87% for colon, 98.9% for lung cancer, and 89% for
prostate cancer. The study performed well in lung cancer but achieved low accuracy with the
other two cancer datasets and that may achieve lower accuracy with larger datasets or with
multi-class datasets.

Rostami et al. [95] developed a novel social network analysis-based gene selection
method for selecting a limited number of informative genes that would be used for training
different classifier algorithms. This method was developed by integrating node centrality
and community detection concepts. The study employed five microarray datasets and four
classifier techniques. The highest average accuracy for the five datasets was 87.7% when
the Extreme Learning Machine classifier was used. Although, the proposed model achieved
better accuracy when compared to other gene selection methods. However, the accomplished
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results were not high when compared to other studies in this field. Another disadvantage,
the system was tested only using microarray datasets. Additionally, it used a multi-phase
approach which is computationally expensive in high-dimensional datasets.

Four classifier approaches were used for distinguishing between two breast cancer sub-
types (triple negative and non-triple negative) using RNA-seq gene expression datasets [96].
Additionally, different feature selection methods at different thresholds were employed to
select crucial genes that were used for training the classifier models. The datasets include
110 triple negative and 992 non-triple negative samples that were downloaded from TCGA.
The highest achieved accuracy was with applying SVM compared to other classifier methods
that were employed in this study (KNN, DT, and NB). mRMR method accomplished the
highest classification when 32 genes were selected, which was 83%. Although, this study
used different ML methods and different feature techniques but was not achieved a good
results compared to other published work . Another limitation was the use of unbalanced
datasets and that impact on the performance of classifier models. Furthermore, the study used
only one dataset, and that is not enough to evaluate a proposed model according to several
research in this field. More importantly, this study used conventional classifier approaches
which are not working well with large datasets, high dimensionality datasets (number of
features larger than samples), or noise data as provided gene expression [55].

Wang et al. [97] developed a novel feature selection method (IWSS-MB) for selecting
the best subset of genes that was employed for classifying six gene expression datasets
(microarray datasets) that were obtained from GEO. This study used two classifier algorithms
(KNN, and NB) for evaluating the effectiveness of applying IWSS-MB. 87% as the average
accuracy over entire datasets that were employed in this study by using KNN and IWSS-
MB methods together. While 90.6% was the average accuracy when NB and IWSS-MB
methods were applied together. Despite, the proposed novel feature selection (IWSS-MB)
working well in terms of reducing the dimensionality of employing datasets (reducing the
number of genes) and reducing the time taken during the training stage, the achievement
accuracy was good compared to other studies. This is primarily due to the limitations of
classical classifier models when applied to high-dimensional and large datasets, such as gene
expression data. These models are not inherently designed to handle such complex datasets,
as calculating distances between each data instance becomes computationally expensive and
can be sensitive to noise and missing values.

Extreme Learning Machines (ELM) have been developed as classifier techniques with
Correlation Coefficient as a feature selection method to reduce the number of genes and
increase the performance of this kind of sophisticated model [98]. The study used 60 central
nervous system tumours (in addition to other tumours). The study accomplished a 79%



2.7 Related Work 26

accuracy score. A caveat to this study is that it used a small dataset. In addition, it also used
only one gene expression dataset for evaluating the performance of the proposed model, and
that may only show good results for this specific dataset. It may not be broadly applicable.

Five machine learning techniques, namely RF, SVM, NB, C4.5, and KNN were used
for classifying breast cancer [99]. In this study, somatic mutation data, from 358 patients,
was obtained from TCGA and was used to predict breast cancer. The highest accuracy
accomplished with this study was 70% using RF, while the other machine learning techniques
used in the study were less accurate ranging between (49 to 69). Gene expression (TCGA and
GEO) and DNA methylation data (TCGA) were used to develop a classifier that effectively
discriminated lung adenocarcinoma from lung squamous cell carcinoma cases [100]. The
dataset for both lung cancer subtypes was collected from [101]. They applied a feature
selector (ReliefF/Limma) to select 30 top relevant scoring variables associated with these
lung cancer subtypes. This was reduced from 27,578 DNA methylation variables and
17,814 genes from microarray gene expression. The study achieved an AUC classification
performance of 89% by applying a Naïve Bayes classifier and gene functional analysis using
the Ingenuity Pathway Analysis tool (IPA) and identified 19 genes, four of which were
specifically associated with lung cancer subtypes (AKR1B10, AQP10, CXCR2, TP73).

Yuan et al. [102] used RF and SVM to classify two subtypes of lung cancer: (Adenocarci-
nomas (AC) and Squamous Cell Carcinomas (SCC)). The study also applied MCSF and IFS
methods to identify informative genes. Affymetrix U133 arrays (probing 20,502 genes) were
used to generate data from 77 lung AC and 73 lung SCC samples from Gene Expression
Omnibus (GEO GSE43580). The study showed that when 1100 optimal genes were selected
for classification using an SVM classifier, higher accuracy was achieved compared with
the use of 43 informative genes obtained using an MCSF method. Accuracy decreased
from 96% to 86% using SVM and 93% to 88% with RF when 43 genes chosen. Other
study used different machine learning techniques with multiple GEO ovarian cancer datasets
(GSE12172, GSE14407, GSE9899, GSE37648, GSE18521, GSE38666, and GSE10971)
used for predicting ovarian cancer (n=530 cases) [103]. They used a 26-gene set panel
for training different machine learning predictive models. The study achieved the highest
accuracy of 89% using a Random Forest pipeline. The drawbacks of the study were the use
of an imbalanced dataset, and the achievement results require improvements.

Tarek et al. [104] used KNN and three feature selection methods to accurately classify
three cancer types leukemia, colon, and breast cancer. The three feature techniques are used
to select significant genes to enhance cancer classification. The dataset used for testing the
system again was obtained from TCGA. The dataset had 6,500 colons, 24,481 breast, and
3,571 leukemia samples. KNN was applied with three feature selections SVDE, EVD, and
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BASIC). The accuracy achieved with the system was 80% for colon cancer, 91% for breast
cancer, and 92% for leukemia.

In a study of microarray gene expression data from Lung adenocarcinoma samples (86
tumour samples and 10 non-tumour samples collected from Kent Ridge Bio-Medical Dataset
Repository available from [105] with 7129 genes), an Info gain feature selection technique
was applied to identify genes strongly associated with cancer samples using 70% of samples
as a training set and 30% of samples as a test set. This study applied three classifier techniques
to discriminate tumour and non-tumour samples after choosing the candidate genes that had
known relevance to lung cancer [4]. Several selected genes were evaluated for biological
relevance in lung cancer pathology. The system tested on the dataset provided an output
of six genes with high Info Gain scores that might be linked with lung cancer (FABP4,
FHL1, CLEC3B, Monoamine Oxidase-A, Platelet endothelial cell adhesion molecule-1, and
Selenoprotein P). Additionally, the system employed these as biomarker genes to classify
lung cancer by applying three classifier algorithms MLP, RSS, and SMO. The accuracy
achieved was 86.6%, 68%, and 91% MLP, RSS, and SMO, respectively.

El-Manzalawy et al. [106] developed a novel multi-view feature selection method to
analyse gene expression (RNA-Seq) data in combination with copy number alteration and
protein array data to predict renal clear cell carcinoma (KIRC) survival. XGB was applied
for training and testing the genes selected by the multi-view feature algorithm and relied
on canonical correlation analysis (CCA). The study achieved 76% accuracy. One of the
notable limitations of the proposed feature selection methods was that it was performed
using unsupervised CCA which may lead to reduced accuracy. Additionally, the study had a
quite low accuracy score so it requires some enhancement which might be achieved using
supervised variants of the CCA method [107] [108]. The study again did not use additional
sources of data for evaluating the proposed model’s efficiency.

Xu et al. [109] used a Multi-Grained Cascade Forest (gcForest) and dependent feature
selection method for predicting four subtypes of breast cancer. Again, TCGA RNA-Seq
data was used, and feature selection was developed for selecting 30 informative genes used
for improving classification accuracy and reducing training time. The study compared
the gcForest classifier with three different machine-learning approaches (KNN, SVM, and
MLP). gcForest showed higher accuracy scores compared with the other classifiers. 92%
accuracy was accomplished in this study. Although the research yielded valuable results.
However, it has some caveats. The gcForest classifier works under the decision tree principle
so it is poorly suited for processing continuous gene expression data and must perform
discretisation of the data which leads to information loss. Additionally, the study did not
use external data for evaluating the proposed model. Another study used mRMR to select a
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small number of informative genes for training the KNN algorithm [110]. The study was
used to classify thyroid carcinoma. The dataset was retrieved from (GEO GSE33630) and
contains 105 samples with 54,675 probes corresponding to 20,283 protein-coding genes. The
study obtained 85.7% accuracy with the top ten genes. Even though the number of genes
was reduced however the accuracy was substandard.

Hybrid L1/2+2 Regularization as a feature selection method that aims to select the
important genes was proposed [111]. This study used the SVM classifier approach for
classifying lung cancer (DI GSE19804). A balanced dataset was employed that includes 60
normal samples of lung and 60 samples of lung cancer. The study achieved 94.17% accuracy
with only 10 important genes. Although, the study showed significant improvements in terms
of reducing the number of selected genes and showed satisfactory accuracy in somewhat.
However, there are some limitations of the study: only one dataset was used for training and
testing the SVM classifier rather than using different datasets for different cancer types to
evaluate the performance of the proposed model. Results obtained with a single dataset are
not practical. Another issue is that additional metrics were not considered in this study, such
as precision, recall, and f1-scores. Accuracy alone is not necessarily a suitable method to
evaluate a system.

2.7.2 Deep learning studies

Cahyaningrum et al. [126] proposed Artificial neural networks (ANN)-genetic algorithm
(GA) methods for classifying three microarray gene expression datasets of cancer (colon,
lung, and prostate cancers). These three datasets were downloaded from the Kent Ridge
Biomedical Data Set Repository which was divided into 62,102,181 samples of binary label
classes for colon, prostate, and lung cancer respectively. The outcomes accuracy was 83.33%,
76.47%, and 89.93% for colon, prostate, and lung Cancer respectively. As long as the
main focus of the study is improving the performance of the models, the accomplished
results were not shown high enough accuracy specifically with prostate cancer. Moreover,
the proposed model was not evaluated using big datasets or multi-class labels as shown by
several existing research in this field. The use of big data or multi-class labels may not give
the same efficiency for the proposed model. More importantly, most of the studies that used
different measurement tools for evaluating their suggested models such as recall, precision,
and f-score were not considered in this study.

Sun et al. [127] developed a novel multimodal deep neural network (MDNN) algorithm
for breast cancer prediction. 24368 genes across 2509 breast cancer and 548 normal samples
were used for evaluating the proposed model. The proposed algorithm achieved higher
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Table 2.2 A summary of previous studies of applying classical ML to analyse cancer gene
expression datasets

Datasets Gene Selection classifier Accuracy Reference
Kent Ridge Bio-
Medical Dataset
Repository

IG
SMO, RSS,
and MLP

86.6%, 68.3%, 91%
for MLP, RSS, and
SMO respectively

[4]

TCGA- BRCA SDAE
SVM, SVM-
RBF, and ANN

91.74%, 91.74%, and
94.78%, for ANN,
SVM, and SVM-RBF,
respectively

[112]

TCGA-BRCA None
RF, SVM,
NB,C4.5,
KNN

RF=70%, SVM=69%
NB=57%, C4.5=60%
KNN=49%

[99]

Leukaemia, colon and
breast cancer

BAHSIC,
EVD, SVD

KNN

92%,80% ,91%
leukaemia, colon,
breast cancer respec-
tively

[104]

Leukaemia cancer,
prostate, and colon
cancer data

signal-to-
noise ratio,
Fisher, ReliefF-
statistics

SVM, KNN
Between 85% and
100%

[113]

TCGA-LUAD ReliefF RF 83% [114]

GSE4922, GSE2034,
GSE6532, GSE7390
GSE11121

PCA, Autoen-
coder neural
network

AdaBoost

GSE4922 (75%),
GSE2034 (72%),
GSE6532 (77%),
GSE7390 (75%),
GSE11121 (85%)

[115]

Breast cancer RFB, RLR

SVM, KNN,
MLP, DT,
RF, LR, Ada
(Adaboost),
GBM

88.8% was the highest
accuracy when RFE
and SVM applied

[116]

Harvard Medical
School, The Univer-
sity of Michigan, The
University of Toronto,
Women’s Hospital
Breast cancer

None
SVM, and
C4.5

88%-94% when the
Brigham and Women’s
Hospital dataset was
used 83% with C4.5

[117]

GDS3257, DNA
methylation from
TCGA

ReliefF, and
Limma

NB 95% [100]

GEO,TCGA (lung can-
cer subtypes)

mRMR, Multi-
ROC , IFS

RF, multiclass
support vector

86.5% [118]

GSE43580 MCSF, IFS RF, SVM
86%-96% with SVM
88%-93% with RF

[102]

GSE6044, GSE2109,
and Harvard

None SBC 93% [119]
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Datasets Gene Selection Classifier Accuracy % Reference
TCGA (LUAD and
LUSC)

DGE, PCA,
mRMR Lasso

Xgboost, RF 92.9% [120]

GEO (Lung, Ovarian,
and Colon)

MI, GA SVM 80% -98% [121]

GEO (GSE12172,
GSE14407, GSE9899,
GSE37648,
GSE18521,
GSE38666, and
GSE10971)

None RF 89% [103]

TCGA (clear cell renal
cell carcinomas )

None SVM 71.15% [122]

TCGA (Renal clear
cell carcinoma)

multi-view fea-
ture selection

XGB 76% [106]

Central Nervous Sys-
tem tumours

Correlation Co-
efficient

ELM 79% [98]

TCGA-BRCA None gcForest 92% [109]
GEO and TCGA
(Lung cancer)

None NB 89% [100]

GEO Colon cancer,
Acute leukemia,
Prostate tumor, High-
grade Glioma Lung
cancer II, Leukemia2
data

ICA, ABC NB, and SVM
Between 92% and 98%
with NB and 93% and
97% with SVM

[123]

TCGA-BRCA None
Ensemble of
LASSO

68% [124]

GSE68465 and
GSE8894

CSFS, WS,
GEP, DGS

SVM 85% respectively [125]

GSE33630 mRMR KNN 85.7% [110]
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accuracy when compared with SVM, RF, and LR.mRMR was also applied as a feature
selection method to reduce the number of genes to enhance accuracy. The accuracy achieved
was 82%, 80%, 79%, and 76% for MDNN, SVM, RF, and LR respectively. However,
recall values were low in this study (45%, 36%, 22%, and 18% for MDNN, SVM, RF, and
LR respectively) and precision was 95% for all algorithms. Although this study achieved
satisfactory accuracy, further enhancements are required. Additionally, recall values were
very low negatively impacting the proposed model performance. The study was tested only
on a breast cancer dataset whereas, most studies have used multiple cancer datasets to prove
the validity of the results that have been obtained with their models.

Hila et al. [128] developed a novel feature subset selection with an optimal adaptive neuro-
fuzzy inference system for gene expression classification. The study used four microarray
gene expression datasets for four different types of cancer (Leukemia, Prostate, DLBC
Stanford, and Colon Cancer). The system has been compared against existing classifier
models to illustrate the effectiveness of the proposed model. The highest classification
accuracy was accomplished at 89.47%, 83.33%, 80.65%, and 73.33% for colon cancer,
leukemia, prostate cancer, and DLBC Stanford datasets, respectively. Achievement outcomes
have not been high compared to previous studies that have been developed in this field. The
datasets that were employed for training and testing the proposed model were very small, all
the datasets were less than 100 samples ( normal and cancer samples) except the prostate
was 102 samples. Another limitation, only binary class datasets were employed in this study
the proposed model may not work with the same efficiency with multi classes datasets.

Danaee et al. [112] developed a deep learning approach and an SDAE algorithm as a
feature selection method to select informative genes distinguishing breast cancer samples
from normal breast tissue samples using RNA-Seq gene expression data. The approach was
applied to 1097 cancer samples and 113 healthy controls downloaded from TCGA. Three
classifier techniques (ANN, SVM, and SVM-RBF) were used to evaluate the performance of
the algorithm, achieving accuracy of 91%, 91%, and 94% respectively.

CNN and combining spectral clustering information processing proposed to classify
lung cancer using both protein interaction network data and gene expression data from 639
samples (152 benign and 487 malignant) [129]. The dataset is available from NCBI GEO
datasets (ID GSE66499). This study achieved 81%, 88%, 78%, and 74% accuracy, recall,
precision, and specificity, respectively. This study, as for the others described did not employ
validation data to check the efficiency of the model. Moreover, 190 out of 487 cancer samples
were randomly chosen and this explains the results obtained. (190) Malignant samples were
randomly selected, and that would not be efficient.
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CNN deep learning algorithm with microarray gene expression data across eight cancer
types [118]. The largest tumour cohort used in this study was 286 samples for breast
cancer probing the expression of 13321 genes, while the smallest cohort size was for brain
cancer (42 samples probing 5597 genes). The overall sample size for most tumour types
was small compared with prior studies. The study had the lowest accuracy of 41% for
one of the two breast cancer datasets using CNN. However, in comparison to alternative
approaches (mSVMRFE-IRF and varSelRF), CNN is typically superior in terms of accuracy
and minimising the number of genes used for classification.

Long Short-Term Memory (LSTM) as a classifier technique and the Matthews Correlation
Coefficient as a feature selection method used for classifying five subtypes of kidney cancer
using microRNA (miRNA) data [130]. The dataset for the five subtypes of kidney cancer
was obtained from the TCGA dataset. The study achieved an overall accuracy between 88%-
92% identifying 35 miRNAs with a strong discriminative ability for renal cancer subtypes.
Limitations of this study were the lack of replication in a new dataset to test the efficiency of
the suggested model and the models were used on datasets that were not balanced in terms of
equal sample sizes between the different cancer subtypes.

Cheerla et al. [131] developed a CNN-based model that uses gene expression data from
TCGA for predicting 20 types of cancer. The dataset used 1,881 samples across these 20
cancers profiling the expression of 60,383 genes. The model achieved accuracy between 52%
to 78% when applied to single cancer from the 20 types of cancer, whereas the accuracy was
between 66% to 93% when applied across the pan-cancer dataset.

Xu et al. [132] developed a novel Deep Flexible Neural Forest (DFNForest) model to
classify subtypes of three different tumours (Lung, Breast, and Glioblastoma multiforme)
using TCGA RNA-Seq data. It is tested as an alternative to deep neural networks. The study
combined two feature reduction methods (fisher ratio and neighborhood rough set) to reduce
the dimensionality of the data, avoid overfitting and select informative genes [133]. The
Novel DFNForest model achieved 93%, 88%, and 84% accuracy in classifying subtypes
of breast, lung, and GBM cancers, respectively. The study highlights the variability in the
effectiveness of subtype classification across different tumour types.

Junyi et al. [13] developed a differential regulatory network embedded deep neural net-
work (DRE-DNN) approach from a canonical DNN. DRE-DNN is applied to predict liver
cancer (hepatocellular carcinoma) using three datasets (GEO: GSE10143 and GSE14520
and TCGA). The proposed model achieved 86%, 74%, and 72% average AUC values
for GSE10143, GSE14520, and TCGA datasets respectively which was improved on con-
ventional DNN AUC values. The study used different sources of data for validation and
measuring the performance of the proposed method. It used sufficient datasets to train the
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DRE-DNN model, and whilst it was useful as a tool for prognosis it did not accomplish good
results for classification purposes. However, it goes some way to addressing the overfitting
problem of the model.

Serhat et al. [134] proposed a novel hybrid filter wrapper feature selection method for
selecting a subset of informative genes for diagnosis and classification. CNN and ReliefF
were applied for classifying different cancer microarray datasets (Ovarian, Leukemia, and
CNS). For the CNS data, 60 samples probed for 7129 genes were used for testing the feature
selection and classifier technique. ReliefF was applied to select a subset of informative
genes to increase the performance of the CNN and reduce the time for training the model.
The ReliefF-CNN method achieved 83% (increased from 65%) accuracy with CNS data.
Comparatively small sample cohort sizes were used from CNS patients as this was freely
available. Therefore, multicentre studies are required that provide larger datasets for analysis.
The accuracy scores obtained are suboptimal and may need improvement to inform clinical
decision-making. Techniques are required that have high efficiency with small datasets.

CNN and transfer learning (TL) were employed for lung cancer prediction [135]. CNN
was used to extract features from high-dimensional datasets. The dataset TCGA for 33
different types of cancer (10535 samples and top 20K most variably expressed genes) was
used but the study focused on the lung cancer dataset to test the proposed model. The highest
accuracy was 72% densely connected multi-layer feed-forward neural network(MLNN).
The investigation had quite low accuracy scores and was limited to one type of cancer.
Examination of other cancer types may not achieve the same accuracy.

Table 2.3 gives a brief detailed explanation of the deep learning approaches that were
developed to analyse gene expression datasets. The datasets used, approaches used, and
accuracy attained are discussed in detail. The table summarises the studies that have been
conducted in this field.

2.8 Discussion

Numerous research endeavors have showcased the effectiveness of diverse machine learning
algorithms within this domain. For instance, SVN and KNN have garnered considerable
attention for their adeptness in managing high-dimensional datasets and capturing nonlinear
correlations. Notable investigations, such as those [99, 112, 113, 123]have documented
encouraging outcomes in discerning between various cancer types utilizing gene expression
data.



2.8 Discussion 34

Table 2.3 A summary of previous studies applied DL to analyse cancer gene expression
datasets

Datasets Gene selection Classifier Accuracy Reference

TCGA-BRCA None
MDNN, SVM,
RF, and LR

82%, 80%, 79% and
76% for MDNN, SVM,
RF, and LR respec-
tively

[127]

TCGA (20 types of
cancers)

None CNN

Between 52% and 78%
when applied to a sin-
gle cancer 66% to 93%
when applied across
the pan-cancer dataset

[131]

TCGA (BRCA,
COAD and KIRP)

None
standard Lasso,
DeepNeti and
DeepNetii

65%,62% and
65% standard
Lasso,DeepNeti
and DeepNetii re-
spectively for BRCA
data. 77%,72%and
75% standard
Lasso,DeepNeti
and DeepNetii re-
spectively for KIPAN
data. 57%, 58%
and 57% standard
Lasso,DeepNeti and
DeepNetii respectively
with COAD data

[136]

TCGA (Liver),
GSE10143, and
GSE14520)

None DRE-DNN
GSE10143 (86%),
GSE14520 (74%), and
TCGA (72%)

[137]

TCGA (kidney cancer
subtypes)

NCA LSTM 95 % [130]

GEO (CNS ) ReliefF CNN 83% [134]
GEO (breast cancer
subtypes)

None
Deep CNN
(DCNN)

96% [138]

TCGA (Pancancer,
BRCA, GBM, LUNG)
GEO (Adenocarci-
noma, Colon, Brain)

None BCDForest

, TCGA ( between 41%
and 97%) and GEO
( between 92% and
96%)

[139]

TCGA- BRCA None CNN 88% [140]

TCGA-LUAD ANOVA, TL
CNN,MLNN,
and SVM

CNN+TL(68%),
MLNN+TL (72%),
and ANOVA+SVM
(69%)

[135]

GEO (different cancer
types )

IFS, mRMR RNN
73.9% for normal tis-
sues, and 63.9% for
cancers

[141]
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Datasets Gene Selection Classifiers Accuracy Reference
Breast cancer None DNN 71% [142]

Cancer subtypes None

Deep can-
cer subtype
classification
(DeepCC)

90% [143]

Liver Cancer Deep TL CNN
1D CNN model =
80.36%, 2D CNN
model = 98.86%

[144]

8 Cancer datasets CSSMO CNN 99% [145]
Brain tumor PSCS CNN 98.7% [146]
Prostate Cancer PCD AIFSDL 96% [147]

Similarly, ensemble methodologies such as random forests and gradient boosting have
demonstrated significant efficacy in cancer classification endeavors. These approaches
amalgamate multiple models to enhance predictive precision and resilience, rendering them
apt for scrutinizing intricate gene expression datasets. Investigations [103, 109, 115, 116,
120, 121] underscore the prowess of ensemble methods in delineating informative gene
expression patterns correlated with diverse cancer types.

Moreover, in recent years, deep learning methodologies, notably CNN, DNN, and RNN,
have garnered substantial attention for their capacity to autonomously extract hierarchi-
cal representations from raw gene expression data. Research, as referenced in citations
[131, 137, 134, 140, 141] have showcased the potential of deep learning architectures in cap-
turing nuanced features and interactions within gene expression profiles, thereby enhancing
classification performance.

Additionally, feature selection techniques have been extensively investigated to augment
the interpretability and generalizability of machine learning models in cancer classification
tasks. Techniques such as PCA, Relief, and mRMR [100, 118, 114, 141] have been employed
to reduce the dimensionality of gene expression data while preserving pertinent information.

Analysis of overall results in the related work section reveals varied performance: 26%
of the studies achieved very poor accuracy (0-80%), contrasting with only 7% reaching
ideal accuracy (98-100%). Additionally, 12% were deemed poor (80-85%), 12% very good
(95-98%), 22% achieved acceptable results (85-90%), and 21% were classified as good
(90-95%) as illustrated in Fig 2.7. These findings highlight the need for further studies to
enhance cancer classification. Specifically, with 26% of prior research achieving very poor
accuracy and only 7% reaching ideal levels, there is clear room for improvement in the field.
Additionally, the high dimensionality, while the small volume of the dataset has a negative
influence on the performance of classifier models [22] [23].
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Fig. 2.7 Percentage of achieved accuracy in previous studies

2.9 Summary

Several mathematical and statistical approaches have been proposed for different purposes,
including cancer classification, biomarker discovery, and cancer prediction using gene
expression data. Although gene expression datasets are large in terms of volume, they
typically contain relatively small cohort sizes and many variables (e.g., gene expression
values). This is a recognised issue for both DL and classical ML algorithms (though to a
lesser extent) [148]. In cancer genomics, there are several repositories providing access to
high-quality, curated public data allowing training of DL models. However, pre-processing
and harmonization are required across these newly developed datasets. Large public data
resources for gene expression in cancer are limited to a few key sources (i.e. TCGA and
GEO). Most Deep learning techniques require big data to develop accurate models that can
be applied to new cancer datasets. To mitigate these existing issues different techniques such
as regularization methods (ridge and lasso or L1 and L2), dropout, data augmentation, and
reduction of NN complexity have been employed to enhance the performance of the model.
However, the issue was not completely solved.

Early cancer prediction and classification enhancement with very high accuracy is nec-
essary and could be achieved by developing mathematical methods with less complexity
and less computationally time-consuming. For some tumour types (i.e. gallbladder cancer)
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classification, prediction, or gene biomarker identification studies using ML or DL is limited.
Identifying individual gene signatures for each cancer type is important because it may
contribute to early diagnosis of the disease. In addition, knowledge of these gene pathways
could have a significant impact in determining the underlying pathology of these tumours
and potentially druggable pathways. Some gene pathways may be implicated across multiple
cancer types and identifying these may aid risk prediction for individual patients. Cancer
subtype classification algorithms need improving and extending across different tumour
types to facilitate optimal patient treatment. A notable limitation of AI in analysing gene
expression data is known as “The curse of dimensionality” in which higher dimensional data
may reveal random effects that do not replicate in related patient cohorts [149] [23].



Chapter 3

Methodology

3.1 Fusion three feature selection

FTFS aims to identify informative genes with a positive influence on cancer classification,
these genes will be used as identifiers for training a classifier model. FTFS used three feature
selection methods (MI, F-ClassIf, and mRMR). Then, the intersection concept is employed
to select only the genes that have been chosen by the three feature selection methods, while
disregarding the others. The development of the FTFS method involves three fundamental
stages, as depicted in Fig 3.1. Firstly, three feature selection techniques, namely MI, F-classif,
and mRMR, were employed to assign a score and rank to each gene for each technique. Next
using threshold to select the top (50, 100, 150) genes with the highest scores for each feature
selection technique. In the experiment showed that using top 150 genes better than others
As described in Table 3.1. Based on that FTFS was used top 150 genes for each. In total,
450 genes were selected across the three methods. Finally, an additional filtration step was
applied using the concept of intersection. This step involved selecting only those genes that
were chosen by all three feature selection techniques. Consequently, the final outcome of
the developed method was a subset of important genes, which were identified based on their
selection by all three methods.

These feature selection techniques, including MI, F-classif, and mRMR are widely
favored in gene expression analysis due to their ability to provide diverse perspectives on
feature relevance [150–155]. MI captures nonlinear associations between features and target
variables [156], F-classif identifies features with substantial discriminative power [46],
while mRMR strikes a balance between relevance and redundancy [51]. By integrating
these methods, a more comprehensive understanding of feature importance can be achieved.
Moreover, the combination of techniques mitigates the susceptibility to various data noise and
biases, thereby enhancing the robustness of the feature selection process. This amalgamation
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also fosters the generation of more generalizable results, as features identified by one method
can complement those selected by another, resulting in a more balanced and informative
feature set that is conducive to better generalization to unseen data. Given the typically high-
dimensional nature of gene expression data, characterized by the simultaneous measurement
of thousands of genes, MI, F-classif, and mRMR are particularly well-suited for navigating
this complexity and identifying relevant features amidst noise and redundancy.

Although, FTFS has some advantages such as reducing the number of genes, speeding
up the training stage, and enhancing classifier performance. However, it has some limitations
such as it used a constant threshold that might lead to ignoring some genes even though have
the same score when the feature selection method was used. For example, the threshold for
the top 10 genes, which means that gene 11 even if has the same score, as gene 10, however,
will be ignored in this case. Another limitation, FTFS used the intersection concept which
means only the genes that have been selected by all three feature selection methods will be
selected, and others will be ignored. For instance, if a gene scored with mRMR 0.2, with MI
0.1, and F-ClassIf 0.1, FTFS will select this gene even if obtain low scores in all methods.
While the FTFS method will not select a gene score of 0.8 for both (mRMR and MI) even
has high scores for two of the methods. In summary, FTFS based on the genes selected by
the three features and ignores others. It does not take into consideration the gene score for
selecting genes. Based on these limitations, the thesis developed the fuzzy gene selection
method as described in the next development.

3.2 Multidimensional fuzzy deep learning model

This section is used to describe the approaches that have been successfully developed to meet
the goal of the thesis. The developed model is divided into four stages. First, pre-processing
attempts to clean the data such as removing duplicates, missing data, and normalise the data.
Then, a fuzzy gene selection method is developed to identify the significant genes that highly
influence cancer classification. Moreover, developing a fuzzy gene selection wrapper plus to
reduce the number of genes that have been chosen by the FGS method with keeping the same
or improving the accuracy. Finally, a fuzzy classifier method is developed to enhance cancer
classification and increase the generalisation of the model to accurately classify cancer in
cancer types. In summary, the approaches (FGS, FGSWP, and FC) are integrated into a single
powerful framework well-known as the Multidimensional fuzzy deep learning (MDFDL)
model. Fig 3.2 depicts the developed model’s construction structure in detail.

A novel and efficient deep learning topology is presented, designed for the MDFDL
algorithm, that facilitates an end-to-end process for precise gene selection and accurate
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Table 3.1 Evaluate the effectiveness of using the FTFS with top 50,100,150

Dataset Genes Number Classifier Approach Ac % Pre % Rec % F1 %

GSE19804
50

kNN
96 95 97 96

100 100 98 97 97.4
150 100 100 100 100

GSE19804
50

MLP
98 93 98 95.4

100 96 95 98 96.4
150 97 94 100 97

GSE77314
50

kNN
97 96 100 97.9

100 97 95 100 97.4
150 96.6 94.4 100 97

GSE77314
50

MLP
95 93 100 96.3

100 96 94 100 96.9
150 96.6 94.4 100 97

GSE45827
50

kNN
80 82 100 92

100 90 100 95 100
150 97 96 100 98

GSE45827
50

MLP
80 80 90 85

100 96 94 100 96.9
150 100 100 100 100

GSE14520
50

KNN
87 89 90 89.5

100 95 94 95 94.5
150 95.5 96 95 95.9

GSE14520
50

MLP
90 80 90 85

100 93 94 100 96.5
150 95.5 97 97 97

GSE13355
50

KNN
96 90 100 95

100 95 94 95 94.5
150 96 96 96 96

GSE13355
50

MLP
90 80 90 85

100 93 94 100 96.5
150 98 98 98 98

TCGA1
50

KNN
96 95 95 95

100 95 93 93 93
150 95 92.5 93 92.6

TCGA1
50

MLP
90 80 90 85

100 97 97 95 95.9
150 97.9 96.7 96.4 96.6
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Fig. 3.1 Block diagram illustrates the FTFS process

classification tasks, explicitly classifying (normal vs cancer samples, cancer types, and cancer
subtypes). This advanced architecture is illustrated in Fig 3.3. The newly devised topology
showcases a unique arrangement of layers, carefully designed to streamline the gene selection
process and enhance classification performance. To achieve this, 24 hidden layers were
incorporated, sandwiched between one input layer and one output layer.

The key highlight of this architecture lies in its innovative composition, featuring 9
vertical layers strategically positioned to expedite the computation and minimise processing
time. These vertical layers synergistically collaborate with an additional 15 sequential
(horizontal) layers, optimising the selection of informative genes and facilitating accurate
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classification. The new topology demonstrates superior capabilities in terms of computational
efficiency, gene selection accuracy, and classification precision.

Overall, the integration of 9 vertical layers and 15 sequential layers makes this novel
topology a powerful tool in the domain of gene selection and cancer classification, paving
the way for more accurate and timely diagnosis.

3.2.1 Pre-processing stage

In this stage three challenges were achieved, described as follows.

• Addressing Missing Values: Missing values can significantly impact the performance of
a classifier, so it is crucial to handle them appropriately. In the case of gene expression
data, missing values do not exist for a gene’s expressed level. However, there might be
missing gene symbols. To mitigate this issue, the raw data excluding the genes with
missing symbols was eliminated during this step.

• Handle the duplication: removing only the duplicated genes symbol.

• Normalisation is a method mostly used as a section of data preparation for ML and
especially, within neural network classifier methods. The major aim of normalisation is
to change the values of numeric columns in the dataset to use a common scale, without
distorting variations in the ranges of values or losing information. The most important
type of normalisation is min-max normalisation which has been used in this work. The
below equation is used for calculating the value.

V =
v−minA

maxA−minA
(3.1)

Where maxA is the maximum value of original values for a feature. minA is the
minimum value of original values for a feature. and NmaxA,NminA are the maximum
and minimum intervals of value.

The Pre-processing is a prior stage to machine learning is included the removal of the raw
data that had missing or duplicate gene symbols. A min-max normalisation is a re-scaling of
the raw data to be between 0-1 as shown in Algorithm 1.

3.2.2 Fuzzy gene selection

FGS was developed to reduce the number of genes in gene expression data to simplify a
classifier technique, shorten the training time, improve accuracy, and alleviate overfitting
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Algorithm 1 Data Pre-processing
1: Input: Two-dimensional array DS(n,m) where n is the number of samples and m is the

number of genes
2: Output:Two-dimensional array DP (n,m) after pre-processing

Handling Missing Values
3:
4: Begin
5: i = m
6: while i ̸= 0 do
7: if v not in i then ▷ If v gene symbol is missing
8: ignore i
9: i = i−1

10: end if
11: end while

Normalization
12:
13: Min[j]and Max [j] two arrays holding (minimum and maximum)
14: j=m
15: i=n
16: while j ̸= 0 do

Set max and min to the first value of feature j
17:
18: while i ̸= 0 do
19: if v ji<min then
20: min = vji
21: i = i−1
22: else if v ji>max then
23: max = vji
24: i = i−1
25: end if
26: end while
27: Update each value v feature j as follows:

V =
v−minA

maxA−minA
(3.2)

28: j = j−1
29: end while
30: End
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issues. It has been built by integrating three feature selection methods. Then, a step function
is used to obtain preliminary three subsets of genes with their scores based on the three
techniques used. In this sense, each gene may have three different scores according to
the three techniques used. To obtain the best single score of a gene, fuzzification, and
defuzzification methods were used. Lastly, the ”step function” is used as the final stage to
select the best subset of significant genes which have a high influence on classification as
shown in Fig 3.4.

FGS has been divided into three key technical stages: voting, fuzzification, and defuzzifi-
cation. The voting stage involves the selection of three preliminary subsets of genes. The
subsequent stages, namely fuzzification, and defuzzification, aim to filter genes further and
identify a subset of significant genes. The overall procedure for the FGS method, detailing
the progression through these stages, is visually represented in Fig 3.4, providing a clear
illustration of the method’s workflow. These stages are described as follows:

Voting stage

Three feature selection methods have been employed for selecting informative genes (MI, F-
classify, and chi-squared). Each feature selection method selects a different number of genes
based on the step function (SF). SF has been calculated in the equation 3.3. This formula is
designed to avoid a limited number of selected genes which may be leading to ignoring some
genes that have the same score when using the constant number of genes such as the top 10
genes. This formula also provides more flexibility to the SF value compared with constant
score values such as 0.3 may non or small-selected features by a feature selection method
have scored equal to 0.3 in this case, we lose some important genes that could be selected by
other feature selection methods. The outcome of this method is three different lists for the
three feature selection techniques ( the size of lists is different ) which means may first list
come up with 10 genes and the second with 30 while the third comes with 23. Because of
the flexibility of the SF used, there is an unknown number of genes are selected. The vote
step is illustrated in algorithm 2.

SF = max(FSS)∗0.3 (3.3)

Where SF is the step function, FSS is the feature selection method’s score for all genes.
While max is the highest possible score for all genes assessed by each feature selection
technique.
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Algorithm 2 Vote step
1: Input: Two-dimensional array DS(n,m) where n is the number of samples and m is the

number of genes, the Step function is a max(score)*0.3
2: Output: Three vectors from the three filter methods

Employing mutual information method to rank genes
3: Begin
4: f ← m
5: while f ̸= 0 do
6: Computing score of gene f using MI method
7: if score<SF then
8: Ignore this gene
9: f = f −1

10: else if score≥ SF then
11: SMI[f] = score
12: f = f −1
13: end if
14: end while

Employing F-classif method to rank genes
15: f ← m
16: while f ̸= 0 do
17: Computing score of gene f using F-classif method
18: if score<SF then
19: Ignore this gene
20: f = f −1
21: else if score≥ SF then
22: F-Classif[f] = score
23: f = f −1
24: end if
25: end while

Employing chi-squared method to rank genes
26: f ← m
27: while f ̸= 0 do
28: Computing score of gene f using the chi-squared method
29: if score<SF then
30: Ignore this gene
31: f = f −1
32: else if score≥ SF then
33: chi-squared[f] = score
34: f = f −1
35: end if
36: end while
37: Ds(n,m)= (SMI[f],F-chi-Classif[f],squared[f])
38: (Return three vectors of genes with three different scores for each gene)
39: End
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Fuzzification step

This is the process of converting crisp data into fuzzy data by using membership functions
that aim to transform the crisp data into data ranging between (0-1). There are different
types of membership functions. In this work, the Triangular Membership Function has been
employed which is calculated in formal 3.4. The outcome of this step is all the scores of all
genes for the three lists are ranging between (0-1) to unify the score of each gene in all lists
that use for the next step. Mathematically illustrated as follows.

MF =
Wi−a
b−a

(3.4)

Where MF is the membership function. W is the crisp value (score) for a gene. a = lowest
possible score (min). b= highest possible score. This membership function applied for the
three feature selection methods which means, there are MF1, MF2, and MF3 in this work.

Defuzzification step

This step is a process for converting the output data to crisp data. This step is the final stage
of the gene selection method that has been used to select informative genes. The selected
genes from these steps have been used as identifiers for training the classifier approaches.
This step aims to get one score for each gene by averaging the scores that have been selected
by the three feature selection methods and proceed to the previous step to range the score
between 0 and 1. The output is the best average score for each gene from the three lists that
were obtained. Mathematically calculated as follows.

ASG =
MFi +MFi +MFi

N
(3.5)

Where ASG is the Average Score for a gene through the three feature selection methods. MF
is the membership function for each gene. N is the number of feature selection methods that
have been employed. In this work (N equals 3). From the two processes above, it can be
inferred that fuzzification and defuzzification have been used to achieve the goal of having the
best single score for each gene while filter feature selection approaches offer diverse scores
for the same gene. As a result, employing the SF for deciding which genes are significant to
use as markers for cancer classification, is illustrated in the equation below.

SF = max(FSS)∗0.5 (3.6)
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Again, SF developed to be more flexible by getting the max score for the selected genes,
therefore, multiply by 0.5. This calculation provides three major benefits: First, avoid getting
null genes selected in all cases, while if constant SF is used may happen, for example, if
the SF is 0.5 and all the genes score with 0.49. Second, avoid ignoring genes with the same
score if it is compared to select top 10 genes may the elevenths gene has the same score as
the tenth has while not be selected if the SF is with the top 10 genes.

Secondly, Fuzzy logic has been used a further analysing to select less number and more
important genes by the developed fuzzy gene selection method. The developed FGS used
Triangular Membership Function as fuzzification and centre of gravity as defuzzification
with SF (illustrated in the defuzzification step ) to select informative genes that have a high
impact on cancer classification as illustrated in algorithm 3.

In conclusion, developing fuzzy gene selection has provided some advantages over the
fusion of three feature selection methods even though both techniques used a combination of
feature selection approaches. FGS addressed the limitations that were identified when FTFS
used. FTFS used a constant threshold to identify the top 150 genes for each feature selection
method. As a result, some genes with the same score are ignored. Another disadvantage is
that FTFS exclude some genes even if they received good scores in two feature selection
methods since FTFS works by selecting only the genes that have been chosen in the three
feature selection methods and eliminating others. In other words, it was based on genes
chosen using the three feature selection approaches rather than gene scores. The FGS
approach was used to overcome these two deficiencies. The first issue has been addressed
by employing a step function rather than using a fixed threshold. The second constraint has
been solved by employing a fuzzy approach to take into consideration the gene’s score as
well as the genes chosen by different feature selection approaches.

3.2.3 Fuzzy gene selection wrapper plus

Wrapper approaches are an inadequate option for analysing high-dimensional datasets since
they are computationally expensive when applied to this type of data [21] [157]. It is mostly
used when the number of genes is limited. Gene expression data is characterised by high
dimensionality. To overcome these constraints, it integrated the principles of fuzzy gene
selection and wrapper approaches in new methods well-known as FGSWP. FGSWP assumes
that the genes selected by FGS are used as input for wrapper methods that employ backward
elimination, which assumes that all the genes are used as input and are removed one by
one while checking the accuracy, if removing a gene decreases the accuracy, it is kept,
otherwise, the genes are ignored. This approach produces a list of genes that influence
accuracy when they are eliminated. This method tries to reduce the number of genes selected
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Algorithm 3 Fuzzy Gene Selection Process
1: Input: Three vector of genes (chi-squared, F-Classif, and MI)
2: Output: Significant genes (SG) vector
3: Begin

//Computing MF for each input(score) for MI method
4: i← m
5: j← s
6: while i ̸= 0 do
7: while j ̸= 0 do

MF1[ j] =
Xi−a
b−a

(3.7)

8: j = j−1
9: end while

10: i = i−1
11: end while

//Computing MF for each input(score) for F-classif method
12: i← m
13: j← s
14: while i ̸= 0 do
15: while j ̸= 0 do

MF2[ j] =
Xi−a
b−a

(3.8)

16: j = j−1
17: end while
18: i = i−1
19: end while

//Computing MF for each input(score) for chi-squared method
20: i← m
21: j← s
22: while i ̸= 0 do
23: while j ̸= 0 do

MF3[ j] =
Xi−a
b−a

(3.9)

24: j = j−1
25: end while
26: i = i−1
27: end while

// Unification of scores using the ASG method
28: i← m
29: while i ̸= 0 do

ASG =
MFi +MFi +MFi

N
(3.10)

30: if ASG≥ SF then
31: SF[i]= Gene
32: i = i−1
33: end if ▷ If AGS>= SF select the gene
34: end while
35: Return SG (significant genes)
36: End
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by the FGS method while maintaining the accuracy attained. Furthermore, it confirmed the
FGS-selected genes and how they affect accuracy when they are eliminated. On the other
hand, it verifies the FGS-selected genes and how they impact cancer classification. Most
crucially, by introducing FGSWP, the benefits of filter techniques, such as speed, and wrapper
methods, such as accuracy, have been attained while avoiding the shortcomings of both. The
steps of building FGSW from input to output are shown in Fig 3.5.

3.2.4 Fuzzy classifier method

The main aim of developing FC is to enhance the accuracy of cancer classification and
increase the generalisation of an algorithm to be accurate with all given datasets. FC assumes
that applying three classifier algorithms (LR, SVM, and MLP) for a dataset then obtains the
probability of predicting a class label for each classifier. Therefore, getting the max of the
average for each class label for the three classifier approaches. As a result, the class label that
has the highest max of the average from the three classifier methods will be chosen as the
predicted class that can be used to compare with the actual class label, this process is called
soft. Another process is named as majority which works if there are two classifier methods
to predict the class label as A and the only one to predict the class label as B, the output will
be class A because two out of three classifiers are predicted as A.

Based on that, FC developed depending on these two methods (soft and majority) to get
the advantage from both. FC works by combining soft and majority methods to predict class
labels. For instance, if the predicted class label when applying the soft method is A and the
predicted class label when applying the majority method is B, in this scenario, FC applied a
member function that takes into consideration the two methods (soft and majority methods)
by adding 0.6 to the max average of the class label that has been selected by majority method
and divided by two. Then comparing the output of this process with the max average, if
the output is greater the max average will be selected as the predicted class, otherwise, the
predicted class will be the same predicted by the max average (soft) method. The steps for
how implementing the FC method are described in Fig 3.6.

3.3 Mitigate Overfitting

In order to mitigate overfitting, this thesis employs three strong methods. First and foremost,
the foundational technique of cross-validation divides the dataset into several subgroups for
training and validation. This approach ensures that the model is generalizable beyond the
training set by facilitating a detailed evaluation of its performance across various partitions.
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Second, feature selection becomes a critical tactic, carefully selecting the genes that are
most informative while eliminating those that are unnecessary or superfluous. This method
reduces the likelihood of overfitting and reduces model complexity by focusing on the most
important features of the data. Lastly, by combining several models to provide predictions,
ensemble learning techniques—in particular, ensemble methods—play a critical role in
reducing overfitting. By combining the strengths of each distinct model, the results are
strengthened and made more broadly applicable. When combined, these approaches provide
a strong framework that addresses overfitting issues in gene expression data analysis and
guarantees that machine learning models avoid overfitting traps while capturing significant
trends.
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Fig. 3.2 The architecture of the developed model
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Fig. 3.3 The developed Topology
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Fig. 3.4 Block Diagram of Developed Fuzzy Gene Selection Process
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Fig. 3.5 An overview of the developed FGSWP
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Fig. 3.6 An overview of developed FC method.



Chapter 4

Experimentation Framework

4.1 Introduction

This chapter aims to describe the experimentation framework process to evaluate the devel-
oped approaches (FTFS, FGS, FGSWP, and FC). Initially using classical classifiers without
using any feature selection methods. Then using the FTFS method with classical classifiers.
Also, FTFS were compared to previously published works as shown in Fig 4.1. Secondly,
the developed approaches (FGS, FGSWP, and FC) compared into different categories as
follows: 1) Apply classical classifiers on cancer expression data without using gene selection
techniques. 2) Use classical classifiers with the FGS method. 3) Use classical classifiers with
the FGSWP method. These three comparisons were used to ensure that the two developed
methods (FGS and FGSWP) have an advantage in cancer classification. 4) Comparing FC
against the classical classifiers when using FGS, and FGSWP. To show the effectiveness of
developing FC against other classifiers when the same identifier genes are used for training
the classifier approaches. Additionally, the developed model (MDFDL) was compared to
prior studies to demonstrate that the developed model has superior to the previous studies
that use the same datasets. The comparisons of the developed model against prior studies
and classical classifier techniques in terms of the evaluation metrics and the number of genes
selected to train a classifier.

The chapter also includes the details of the dataset employed to train and test the developed
model. The experimentation framework process is described in Fig 4.2. The developed
model has been implemented using Python programming language, using the Anaconda
software distribution. The hardware setup includes an Intel Core i7-8565U processor and 32
GB of RAM.
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4.2 Datasets employed for all developed approaches

Gene expression data from the microarray and RNA-Seq technologies was used to train and
evaluated the proposed model. To evaluate the developed model’s efficacy across different
dataset sizes, both big and small datasets were employed. To test the developed model
on both, the datasets include multi and binary class labels. Table 4.1 provides a complete
breakdown of the datasets. A total of 11,687 sample data, distributed between binary and
multiclass labels, were used for training, and testing the developed model in this thesis. To
evaluate the correctness of the suggested approach in all forms of data, whether they are
balanced or imbalanced class labels. Nineteen cancer expression data were used 11 As
microarray and 8 as RNA-Seq gene expression data are described in detail in Table 4.1.
The key details are shown in Table 4.1 datasets ID, measurement method (Microarray or
RNA-Seq), number of samples, and gene number for each dataset. Moreover, the number of
samples for each class for each dataset.

4.3 Comparing stage

In order to evaluate the performance of the developed model, it was compared against well-
established classifier techniques commonly used in cancer classification studies. Additionally,
the developed model was also benchmarked against previously published works that used the
same datasets. The following comparisons were conducted to assess the effectiveness of the
developed method.

• FTFS approach was employed in combination with classical classifiers. Initially, the
classical classifiers were applied without any gene selection methods. Subsequently, the
classical classifiers were applied in conjunction with FTFS. Finally, FTFS compared
to prior studies to demonstrate the superior performance of the developed model by
surpassing the results of prior studies.

• In the context of gene selection, the FGS approach was employed in combination with
classical classifiers. Initially, the classical classifiers were applied without any gene
selection methods to establish a baseline. Subsequently, the classical classifiers were
applied in conjunction with FGS. Finally, the FGS technique was utilized with a fuzzy
classifier. This different comparison to ensure the efficacy of gene selection approach
in combination with classical and fuzzy classifiers.

• The fuzzy gene selection-wrapper plus technique was employed and compared to
fuzzy gene selection FGS using classical classifiers (DT, SVM, KNN, GNB, and
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Table 4.1 The full details of the datasets used to train and test the developed approaches.

Datasets Method No.samples No.genes No.class No.sample for each Class

GSE14520 Microarray 445 13425 2
Liver cancer ( Cancer 227 , Nor-
mal 218)

GSE66499 Microarray 680 33298 2
Lung cancer (Cancer 490 , Nor-
mal 190)

GSE53757 Microarray 144 23516 2
Kidney Cancer (Cancer 72, Nor-
mal 72)

GSE10072 Microarray 107 13298 2
Lung cancer ( Adenocarcinoma
58 Normal 49)

GSE45827 Microarray 155 29873 6

Breast Cancer subtypes (Basal
41, Her2 30, Luminal B 30 Lu-
minal A 29, CellLine 14 Normal
11)

GSE19804 Microarray 120 45782 2
Lung cancer (Cancer 60, Normal
60)

GSE33630 Microarray 105 23518 3
Thyroid Cancer (PTC 49, Nor-
mal 45, ATC 11)

GSE84437 Microarray 433 48710 4
Gastric cancer (T1 188,T2 132
T3 80,T4 33)

GSE13355 Microarray 180 23519 3
Skin Cancer (Normal 64, In-
volved skin 58, uninvolved skin
58)

GSE43580 Microarray 150 54675 2
Lung cancer ( Adenocarcinomas
77, Squamous Cell Carcinomas
73)

GSE75037 Microarray 166 16383 2
Lung cancer ( Adenocarcinomas
83, non-malignant 83)

GSE77314 RNA-seq 100 29087 2
Liver cancer (Cancer 50, Normal
50)

TCGA1 RNA-seq 2086 971 5
Five cancer types ( BRCA 878,
KIRC 537, UCEC 269, LUSC
240, LUAD 162)

TCGA2 RNA-seq 964 20531 5
Breast Cancer subtypes ( LumA
431, LumB 195, Basal 143, Nor-
mal 128, Her2 67 )

TCGA3 RNA-seq 2974 56603 6
Six Cancer types (KIRC 538,
Lung 533, LGG 511, HNSC 500,
COAD 478, BLCA 414)

TCGA4 RNA-seq 1288 56603 9

Nine cancer types (CESC 304
KIRP 288, ESCA 161, GBM 156
LAML 151, ACC 79 ,KICH 65,
DLBC 48, CHOL 36

TCGA5 RNA-seq 592 56603 2
Lung cancer (Cancer 533, Nor-
mal 59)

TCGA6 RNA-seq 197 768 2
Liver cancer (Cancer 94, Normal
103 )

TCGA7 RNA-seq 801 20531 5
Five cancer types (BRCA 300
KIRC 146, COAD 78, LUAD
141, PRAD 136)
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MLP). Initially, classical classifiers were used to compare FGSWP against FGS. This
evaluation aimed to assess the performance of FGSWP in comparison to FGS when
combined with classical classifiers. Additionally, a fuzzy classifier was employed to
compare FGSWP against FGS.

• The fuzzy classifier was used and compared to classical classifiers employing FGS
as well as FGSWP. The first comparison involved evaluating FC against classical
classifiers using FGS, with the goal of evaluating the performance of FC in relation to
classical approaches when combined with FGS. The second comparison concentrated
on FC against classical classifiers employing FGSWP, aiming to identify the efficiency
of FC compared to classical methods when using FGSWP. These comparisons provided
insights into the performance and suitability of FC in the context of both FGS and
FGSWP gene selection approaches.

• To ensure the superiority of the developed model (MDFDL), a thorough comparison
was conducted against previously published works as presented in Table 5.7. This
comparison aimed to demonstrate the superior performance of the developed model by
surpassing the results achieved by prior research. By rigorously evaluating MDFDL in
relation to existing methodologies, the study sought to establish its effectiveness and
highlight its advancements over previous approaches.

4.4 Evaluation stage

4.4.1 A cross-validation

Cross-validation is a statistical technique that allows the classifier to train multiple times on
the same dataset by dividing the dataset into multiple folds [158]. It can use a dataset for
training and testing several times, increasing the classifier model’s generalisation because
all the cases have been trained. It is also regarded as one of the most successful methods
for preventing or mitigating the overfitting issue and increasing the generalisation of a
classifier [159] [160]. It also helps to gauge how well more accurately the algorithmic
prediction is performed. Generally, there is no best option for the number of folds in cross-
validation. It is based on different factors such as the size of the data, and the intended
trade-off between bias and variance in the model evaluation. In this thesis, we used k
cross-validation with k=5 for both comparing classifier approaches and the developed fuzzy
classifier method. K=5 was used for different reasons illustrated as follows:
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• Sufficient Training and Testing Data: Gene expression data is characterised by a small
number of samples. In other words, the available gene expression dataset is small even
if it has high dimensionality (Cross validation works on the number of samples).

• Computational Efficiency: Using 5 kfolds with gene expression dataset less computa-
tional time while still providing a reliable estimate of the model’s performance.

• Stability of Results: Cross-validation estimates can have some variability due to the
randomness in the partitioning of the data. Using a higher number of folds can increase
this variability. With 5-fold cross-validation, the estimate tends to be reasonably stable
while still providing a good approximation of the model’s performance.

4.4.2 Evaluation Performance

Four evaluation metrics were employed to evaluate the performance of the developed model.
These include (accuracy, precision, recall, and f1-score). Although achieving high accuracy
for a model is crucial, it is not necessarily the best choice to evaluate how well a model
performs [161]. Imagine developing a classifier algorithm to classify cancerous from normal.
A model that predicts all patients are healthy will be 95% accurate if only 5% of patients
have cancer. The same model that accurately predicts that all patients are healthy reaches
99% accuracy when just 1% of patients have cancer. Naturally, the "accuracy" is deceptive.
Both of these models fail to detect any malignancies, making them ineffective for disease
classification [162]. This is why additional metrics are required to wight different types of
errors.
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Fig. 4.1 Experimentation framework process of FTFS
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Chapter 5

Discussing Experimental Results

5.1 Experimentation of applying FTFS

5.1.1 Datasets Employed to evaluate the FTFS Method.

Six gene expression datasets (n=6) were utilised to train and evaluate the proposed model,
which was then compared to other classifier approaches. Microarray and RNA-Seq data were
employed in the approach. The datasets (GSE45827, GSE14520, GSE77314, GSE19804,
TCGA1 and GSE13355) were downloaded from TCGA and GEO. The datasets used contain
both binary and multi-class labels, as well as a range of cohort sample sizes, to ensure that
the proposed model can effectively classify cancer using both approaches.

5.1.2 The results achieved with FTFS

To reduce the number of genes required for each classifier, FTFS was applied to six expression
datasets. This method was evaluated by using a cross-validation method with k=5 folds.
Table 5.1 provides a detailed description of the datasets used and evaluation metrics to
evaluate the classifier’s performance. The findings demonstrated that employing FTFS has a
good impact on classifier approaches, notably the MLP classifier. FTFS approach enhanced
the performance of all six classifiers tested across six datasets. Furthermore, the FTFS
technique has reduced the number of genes required to train the classifier algorithms. As
a result, this method contributed to minimise the complexity of the classifier and the time
taken during training. The highest average improvement of accuracy in the six datasets was
when MLP and FTFS employed together compared to employing MLP individually. The
outcomes achieved accuracy between (95.5% to 98%) for the six datasets when FTFS used.
The findings demonstrated that FTFS has highly improved the accuracy of four datasets
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(GSE19804, GSE13355, GSE77314, and GSE77314) while slightly enhancing these datasets
(TCGA and GSE14520). Although, FTFS significantly reduced the number of genes in
all employed datasets from thousands to only tens. However, for some datasets, such as
(GSE19804, GSE13355, and GSE14520), there is potential for improvement in lowering the
number of selected genes.

5.1.3 Comparing FTFS to prior studies

Overall, the improvement of using FTFS with MLP outperformed other classifiers. Based
on that, FTFS and MLP were compared to prior studies. The developed model ( FTFS and
MLP) was compared to previous publications that used the same datasets. FTFS showcased
its effectiveness by significantly reducing the number of genes while improving accuracy and
other evaluation metrics such as precision, recall, and f-score. The results of this comparison
are presented in Table 5.2.

The results of the developed model, which used the same datasets for liver cancer
(GSE14520), demonstrated superior performance compared to the study referenced as [137]
that used DRE-DNN. The developed model achieved results with 96% accuracy, across all
evaluation metrics. In contrast, the prior study achieved lower scores with 82%, 83.3%,
95%, and 88.9% for accuracy, precision, recall, and f1-score respectively. Furthermore, an
interesting observation is that the number of selected genes decreased significantly from 1253
in the study referenced as [137] to 97 in the developed model. This reduction in the number
of selected genes indicates that the developed model was able to identify a much smaller
subset of genes that are most relevant to liver cancer classification. This reduction in the
number of genes can have practical implications such as reducing computational complexity.

The findings of the developed model, which used the same datasets for lung cancer
(GSE19804), demonstrated superior performance compared to the study referenced as [163]
that used HLR-SVM. The developed model achieved results with 97% accuracy and other
evaluation metrics. In contrast, the previous study achieved lower scores with 94% accuracy
with no mention of other metrics such as precision-recall or f1-score.

Although the developed model achieved comparable results to the study referenced
as [164], which used the BPSO-DT-CNN approach to classify five cancer types (TCGA1),
there was a significant reduction in the number of genes used by the developed model.
The study [164] used 971 genes for classification, whereas the developed model effectively
reduced this number to only 76 genes. This reduction in the number of genes is noteworthy
as it indicates that the developed model was able to identify a smaller subset of genes that are
highly relevant for accurate cancer classification. The ability to achieve similar performance
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Table 5.1 Evaluate the effectiveness of using the FTFS method with six classifiers on six
cancer datasets.

Dataset Gene Selection N-Genes Classifier Ac % Pre % Rec % F1 %
GSE19804 No 45782 DT 91.6 90 92.9 91

KNN 91.6 85 100 91.8
RF 92 95 94 94.5

SVM 94.4 94 94 94
MLP 52 25 50 34
GNB 97 94 100 97

GSE19804 FTFS 99 DT 95 100 96.4 97
KNN 95 95 95 95
RF 94 96 95 96

SVM 96 96 96 96
MLP 97 100 94 96.9
GNB 98 98 98 98

GSE77314 No 29087 DT 92 95 90.5 92.6
KNN 93.3 89.4 100 94.4
RF 96.6 94.4 100 97

SVM 96.6 94.4 100 97
MLP 86.6 100 76.4 86.6
GNB 73.3 100 52.9 69

GSE77314 FTFS 34 DT 95.3 93.5 98.8 96
KNN 96.6 94.4 100 97
RF 96.6 94.4 100 97

SVM 96.6 94.4 100 97
MLP 97.6 95.4 100 98.5
GNB 96.6 94 100 97

GSE45827 No 29873 DT 82.5 81.5 79.5 78
KNN 78.7 79 80.9 77.8
RF 93.6 94.5 93.9 93.5

SVM 93.6 93 93.9 93.5
MLP 29.7 5 16.6 7
GNB 87 89 86 87

GSE45827 FTFS 31 DT 91.9 91.4 92.8 91.4
KNN 90 90 100 95
RF 95 94.5 94.3 94.4

SVM 95 95 95 95
MLP 98 98 98 98
GNB 97.8 98 98.8 98.4
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Dataset Gene Selection N-Genes Classifier Ac % Pre % Rec % F1 %
GSE14520 No 13425 DT 91.9 91 93. 7 92.3

KNN 92.5 89.4 97 93
RF 95.5 95 96 95.7

SVM 96 95.7 97 96.4
MLP 95.5 94.4 97 95.7
GNB 94 93 95.7 94.3

GSE14520 FTFS 97 DT 92.9 93.6 92.8 93
KNN 95.5 96 95 96
RF 95.5 94.4 97 95.7

SVM 93 91.7 95.7 93.7
MLP 95.5 97 97 95.7
GNB 94.7 93 97 95

GSE13355 No 23518 DT 76.6 77.5 76.6 76.8
KNN 79.6 79.6 79.6 79.6
RF 85.5 85.6 85 85

SVM 87 87.7 87 87
MLP 83.3 83 83 83
GNB 85 85 85 85

GSE13355 FTFS 91 DT 97 97 97 97
KNN 96 96.5 96 96
RF 96 96.4 96.4 96

SVM 98 98 97 97.5
MLP 98 98 98 98
GNB 88.8 88.8 88.8 88.8

TCGA1 No 971 DT 92.5 89 87.8 88.4
KNN 92.3 89 87.5 88
RF 93.6 94.5 93.9 93.5

SVM 95.6 92.6 92.4 92.6
MLP 95.8 93.5 93 93
GNB 94.5 91.7 93.5 92.5

TCGA1 FTFS 76 DT 92.5 90.8 87.9 89
KNN 95 92.5 93 92.6
RF 98 98.5 98.3 98.3

SVM 98 96.4 96.8 96.6
MLP 97.9 96.7 96.4 96.6
GNB 94.5 90.5 92.3 91.3
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with a significantly reduced gene set is advantageous in multiple ways. It facilitates the
analysis process, mitigates overfitting, and reduces computational complexity.

The results of the developed model demonstrated superior performance compared to
two published works referenced as [165] and [166], which were used to classify breast
cancer subtypes (GSE45827). The developed model achieved perfect scores of 100% for all
evaluation metrics, using only 31 genes. In contrast, the study referenced as [118], which
employed the CFS-NB approach, accomplished scores of 89.7%, 92%, 89.7%, and 90% for
accuracy, precision, recall, and f1-score, respectively, with only 20 genes. Additionally, the
study referenced as [119], which utilized the Rough set-KNN method, achieved scores of
96.86%, 96.9%, 97.34%, and 97.8% for accuracy, precision, recall, and f1-score, respectively,
with 38 genes. The developed model outperformed both [165] and [166] in terms of achieving
perfect scores for all evaluation metrics, demonstrating its superior ability to accurately
classify breast cancer subtypes. Furthermore, despite using a slightly higher number of
genes compared to [165] and lower [166], the developed model still achieved exceptional
performance. These results highlight the effectiveness of the developed model in achieving
high accuracy and comprehensive evaluation metrics, showcasing its potential as a valuable
tool for breast cancer subtypes classification.

Table 5.2 Comparing the FTFS method to prior studies

Dataset Approaches N-Genes AC % Pre % Rec % F1 % Reference

GSE14520
DRE+DNN 1253 82 83.3 95 88.9 [137]
FTFS+ MLP 97 96 96 96 96 The model

GSE19804
HLR+SVM 10 94 No No No [163]
FTFS+MLP 99 97 97 97 97 The model

TCGA1
BPSO-DT+CNN 971 96 94.96 95 95 [164]

FTFS+MLP 76 95 95 94 95 The model
CFS+NB 20 89.7 92 89.7 90 [165]

GSE45827 Rough set+KNN 38 96.86 96.9 97.34 97.8 [166]
FTFS+MLP 31 98 97 98 97.6 The model

5.2 Experimentation of applying FGS

5.2.1 The datasets used to examine FGS efficiency

Sixteen cancer gene expression datasets were used for training and testing the developed FGS.
The datasets comprised RNA-seq and Microarray data. The datasets were downloaded from
TCGA and GEO (GSE45827, GSE14520, GSE77314, GSE19804, TCGA1, GSE33630,
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TCGA2 , TCGA4, GSE53757, TCGA7, GSE10072, GSE43580, TCGA6, GSE75037,
GSE66499, and GSE84437). These datasets include multi and binary classes more details
were described in Table 4.1. To avoid overfitting issues of the algorithm, a cross-validation
method was used with k=5 to split the datasets into multiple folds and train the algorithm on
these different folds.

5.2.2 The results achieved with FGS

To reduce the number of genes required for each classifier, FGS was employed on sixteen
datasets. The comparison of the use and omitting of the FGS was presented in Table5.3.
illustrates the results obtained when using and omitting the fuzzy gene selection strategy to
five commonly used classifier algorithms. The results of the study revealed that the FGS
technique exhibited a significant reducing the number of genes across all datasets analysed.
Moreover, the FGS approach yielded a noteworthy enhancement in cancer classification
accuracy for certain datasets, while also displaying an improvement, albeit to a lesser extent,
in accuracy for other datasets.

In summary, the use of FGS in cancer expression data showed that it enhanced the
accuracy, precision, recall, and f1-score of well-known classifiers. Results indicated that FGS
showed superior in thirteen out of sixteen employed datasets in improving the performance of
classical classifiers. However, only four of these datasets were not improved even though the
number of genes was highly reduced which helps to reduce the complexity of the classifiers
and mitigate overfitting issues. The FGS method improved the performance of all classifiers
applied, notably with MLP. The findings demonstrate that there is no one classifier algorithm
that consistently achieves the highest results across all data. For example, GNB had the
highest results for kidney cancer data (GSE53757) while, MLP accomplished the highest
results for lung cancer (GSE19804), and five cancer types (TCGA1). Additionally, GNB and
KNN had the highest results for liver cancer (GSE14520) while SVM and KNN achieved the
highest results for thyroid cancer (GSE33630). The FGS method with classical classifiers
achieved poor results with these datasets (GSE84437, GSE43580, GSE66499, and TCGA6)
even though it reduced the number of informative genes. The key issue with these datasets
is that they are not only unable to enhance accuracy when FGS used, but the achievement
results were also very poor. With some of the datasets, the accuracy was 37%. Accordingly,
it was necessary to develop a new approach capable of solving these two challenges, namely
generalising the classifier so that it can provide better accuracy for all data. The thesis’s
further work was meant to address these challenges, and the Fuzzy Classifier Method was
developed for this purpose. Notably, good accuracy does not always indicate that a classifier
is the best one, instead, the classifier’s performance must be evaluated in terms of precision,
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Fig. 5.1 Comparing accuracy score when using and omitting FGS (GSE45827)

recall, and f1-score. For example, KNN achieved 91% accuracy , 87.7% precision , 86.5%
recall, and 86% f1-score while GNB 90% accuracy , 93.7%, 89.7%, and 90 f1-score for
thyroid cancer (GSE33630). Even though, KNN had higher accuracy whereas GNB evaluated
is better because the other evaluation metrics are better for GNB.

5.2.3 Discuss FGS results

To show the differences between the results obtained by omitting and employing the FGS
technique with the five different classifier techniques, the accuracy scores with k=5 have been
displayed on a bar chart. Fig. 5.1 demonstrates the k=5 difference in accuracy ratings between
using and ignoring FGS. The results demonstrate how the usage of FGS enhanced classifier
algorithms’ performance, notably with the MLP classifier. The FGS method was also used to
reduce the number of selected genes from 29873 to 68 genes. These results showed that the
development of the FGS technique contributed to an improvement in accuracy, a reduction
in the training time for models, and the provision of early cancer detection by the choice of
instructive genes. Classifier models are also less complicated.

When a fuzzy gene selection method was used, as shown in Fig. 5.2 the performance
of the five classifier approaches for lung cancer classification significantly improved. In
comparison to other classifier models, the findings show that the MLP model offers predic-
tions that are closer to the ideal observed value. MLP earned an average accuracy score of
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Table 5.3 Evaluate the effectiveness of using FGS on multiple classifier approaches across
sixteen cancer expression datasets.

Dataset Gene Selection N-Genes Classifier Ac % Pre % Rec % F1 %
GSE14520 No 13425 DT 90 90.6 88.9 89.7

KNN 94 91 97.6 94
SVM 97 96 97.6 97
GNB 95 95.6 94 94.8
MLP 86.7 76.5 76.7 76.5

GSE14520 FGS 23 DT 96 95 97 96
KNN 96.6 96 97 96.6
SVM 96 95.6 96 96
GNB 96.6 96 97 96.6
MLP 97 97 97 97

GSE33630 No 23516 DT 87.6 77.6 81 79
KNN 91 87.7 86.5 86
SVM 93 95 92 92
GNB 90 93.7 89.7 90
MLP 72 55.6 64.5 58.5

GSE33630 FGS 76 DT 93 93 93.5 92.5
KNN 94 96 92.8 93
SVM 93 94 92.8 92
GNB 92 88 99.8 88.8
MLP 93 95 92 92.5

TCGA1 No 971 DT 91 87 85 85.8
KNN 88 83 81.5 81.9
SVM 95 91.6 91.8 91.6
GNB 94 89.7 92 90.7
MLP 94 90.8 89.8 90

TCGA1 FGS 25 DT 91.7 88 87 86.5
KNN 93.6 89.8 90 89.6
SVM 94 90.5 90.7 90.5
GNB 92 87.7 90.8 89
MLP 95 92 91.6 91.6

GSE19804 No 45782 DT 89 90 88 90
KNN 90.8 88 95 91
SVM 95.8 96.6 95 95.7
GNB 92.5 95 90 91.9
MLP 50 20 40 26.6

GSE19804 FGS 36 DT 92.5 93.6 91.6 92
KNN 96.6 96.7 96.6 96.6
SVM 96.6 97 96.6 96.6
GNB 95.8 96.7 95 95.7
MLP 97.5 97 98 97.5
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Dataset Gene Selection N-Genes Classifier Ac % Pre % Rec % F1 %
GSE43580 No 54675 DT 85.3 87.3 83.4 84.7

GNB 84.6 91 75 82
KNN 79.3 73 93 81.5
SVM 83.3 84.3 80.6 82.3
MLP 86 86.3 84.7 85

GSE43580 FGS 28 DT 80 80.4 80.8 79.8
GNB 84.6 92.8 75 82.3
KNN 83.3 91.9 72.5 80.4
SVM 86.6 98 73.8 83.8
MLP 78 77.3 78 77.6

GSE45827 No 29873 DT 85.8 83 82.6 81.5
KNN 85 87.9 87.7 87
SVM 94.8 96 95.8 95.8
GNB 89 92.7 88.8 89
MLP 20.6 6 17 7

GSE45827 FGS 68 DT 89.6 90.9 89.6 88.8
KNN 95 96.5 96 96
SVM 97.4 98 97.66 97.75
GNB 91.6 94.5 92 92.8
MLP 98 98.8 98 98.3

TCGA4 No 56603 DT 82.5 66.8 63.9 60.8
GNB 95.4 95 94.8 94.7
KNN 92.3 94 87.6 89.4
SVM 98 97.8 96.7 97
MLP 98 97.5 96.9 97

TCGA4 FGS 298 DT 88 77 73.7 70.6
GNB 97.7 97.6 95.6 96.4
KNN 98.5 97.7 96.7 97
SVM 98.7 98.5 97.3 97.8
MLP 98.6 98 97.5 97.7

TCGA2 No 20531 DT 83.7 83.4 80 81.3
GNB 77 77.6 77.7 77
KNN 73 75.9 64.5 66.3
SVM 82.7 82 82.5 82
MLP 84.4 84.4 83 82

TCGA2 FGS 116 DT 80.7 76.5 74.3 74.8
GNB 81 76.4 79.5 77.5
KNN 83 84 75 77.6
SVM 86.3 87 82.6 84.3
MLP 86.3 86 84.8 85

GSE53757 No 23516 DT 95.7 94.6 97 95.8
GNB 95 95.6 94 94.9
KNN 95.7 95.6 95.7 95.6
SVM 95 94.8 95.9 95
MLP 93.7 98.5 89 93.3
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Dataset Gene Selection N-Genes Classifier Ac % Pre % Rec % F1 %
GSE53757 FGS 78 DT 95 92.4 98.5 95.3

GNB 97.8 97 98.5 97.8
KNN 97.8 97 98.5 97.8
SVM 97 96 98.5 97
MLP 97 97 97 97

TCGA6 No 768 DT 58 55.8 58.4 56.8
GNB 57.3 54.4 69 60.5
KNN 59.8 56.8 68 61.3
SVM 62.8 63.3 56.3 59
MLP 62.8 63 57.5 59

TCGA6 FGS 28 DT 58.3 55.9 59.8 56
GNB 66.5 61 84 70.5
KNN 63.9 59.8 75.7 66.4
SVM 67.48 64 75.6 68.6
MLP 65.4 63.8 64 63

TCGA7 No 20531 DT 96.7 96.6 96.9 96.7
GNB 77.5 82.6 71.5 72.5
KNN 99.7 99.7 99.6 99.6
SVM 99.8 99.9 99.8 99.8
MLP 95.8 93.8 95 94.4

TCGA7 FGS 11 DT 97.5 96.3 97.4 96.7
GNB 98.6 97.9 98.4 98
KNN 98.8 98 98.6 98.3
SVM 99 98.3 98.7 98.4
MLP 99 98.7 98.8 98.7

GSE77314 No 29087 DT 95 98 91.9 94
KNN 88.9 82 100 90
SVM 99 98 100 99
GNB 84 100 68 80
MLP 93 98 88 91

GSE77314 FGS 12 DT 97 98 96 97
KNN 98 98 100 99
SVM 98 97 100 98
GNB 97 98 96 96.8
MLP 99 98 100 99

GSE10072 No 13298 DT 94.3 93.5 96 94.3
GNB 98 100 95.7 97.7
KNN 97 95.3 100 97.3
SVM 99 100 98 98.9
MLP 50.5 18 40 25

GSE10072 FGS 52 DT 93.4 93.5 93.7 93
GNB 98 100 96 97.8
KNN 95.3 94.8 96 95
SVM 98 100 96 97.8
MLP 97 100 94 96.7
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Dataset Gene Selection N-Genes Classifier Ac % Pre % Rec % F1 %
GSE75037 No 16383 DT 96.3 95.7 97.5 96.3

GNB 95.7 100 91.3 95
KNN 94 94 95 94.4
SVM 95 95 94 94.5
MLP 60.9 50.6 80 60.5

GSE75037 FGS 36 DT 99.4 100 98.7 99.3
GNB 98.8 98.8 98.7 98.7
KNN 98 98 98 98
SVM 98.7 100 97 98.5
MLP 99.4 100 98.8 99.4

GSE66499 No 33298 DT 66 38.5 32 34.6
GNB 52.3 38 50 27.3
KNN 67.7 42.4 17.8 19.7
SVM 72.7 62 28.9 37
MLP 68 59.3 20.5 19.3

GSE66499 FGS 150 DT 70.4 49.9 24.7 31.4
GNB 64.7 53.4 56.8 44.6
KNN 69 56 26.3 31.4
SVM 75 69 36.8 44.5
MLP 72 53.3 37.3 42.6

GSE84437 No 48710 DT 33 19.9 23 19.7
GNB 24.7 28.5 24.4 20.6
KNN 35.3 19.7 23.7 19
SVM 32.3 18.3 23.9 18.6
MLP 27 9.5 23.4 12.6

GSE84437 FGS 105 DT 35.3 22.4 24.4 21
GNB 31 34.4 42 29.4
KNN 36.9 28.5 28.3 25.6
SVM 37.8 33 29.7 26
MLP 35 32.3 32.4 29.4
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Fig. 5.2 Comparing accuracy score when using and omitting FGS (GSE19804).

97.5% with k=5. Other classifiers, achieved average scores of 96.6%, 96.6%, 95.8%, and
92.5% with k=5 for SVM, KNN, GNB, and DT, respectively. Additionally, only 36 genes
out of 45782 genes were employed for training the classifier models, a considerable decrease
in the number of genes used. Although there is a slight improvement in the accuracy of
most of the classifiers used in this investigation to classify liver cancer datasets (GSE14520).
However, there is a remarkable enhancement in the MLP classifier using the FGS method,
as it improved from 86.6 to 96 as an average accuracy score with k=5. More importantly,
the FGS method reduced the number of genes used to train models to 23 only out of 13425.
This reduces classification complexity, shortens training time, and reduces the problem of
overfitting. Fig. 5.3 explains the comparison accuracy scores with k=5 for the five models
when FGS employed and omitted.

Most classifier approaches achieved good results. The average accuracy score with k=5
was 99% for the SVM, KNN, and MLP while 97% for GNB and DT when the FGS technique
was applied to the liver cancer dataset (GSE77314). These remarkable enhancements in
accuracy score are shown in Fig. 5.4. Moreover, the FGS method decreased the number
of genes from 29087 to only 12 genes that were used as identifiers for training classifier
approaches. That leads to an increase in the model efficiency and mitigates the time taken
through algorithm training, reduces the complexity of the classifiers, and provides early
cancer detection.
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Fig. 5.3 Comparing accuracy score when using and omitting FGS (GSE14520)
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Fig. 5.4 Comparing accuracy score when using and omitting FGS (GSE77314)
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Fig. 5.5 Comparing accuracy score when using and omitting FGS (TCGA1)

There was not a significant improvement in (TCGA1) dataset because the number of genes
used was not large (971), so its use did not achieve a high level of accuracy improvement.
However, it improved the performance of the model by reducing the number of selected
genes that were used as identifiers to train the classifier technique. As a result, the FGS
method decreased the number of genes from 971 to 25 genes only. In addition, a slight
improvement in the accuracy as well as the precision. It can conclude that employing FGS in
the worst cases will give better accuracy and fewer genes and perform less time for training
the classifier models and provides early detection of cancer. Fig. 5.5 illustrates the difference
between the accuracy scores in k=5 when the classifiers were applied to the datasets with
and omitting FGS.

Good enhancement is obtained when the fuzzy gene selection method was applied to
the thyroid cancer (GSE33630) dataset for most classifier models applied and specifically,
MLP where 72% was the average accuracy score with k=5 when omitting FGS while 93%
when FGS employed. Besides, decreased the number of genes from 23516 to 76 genes which
lead to less time consumption to train an algorithm, less complexity, interpretability, and
provide early cancer detection. Fig. 5.6 clarifies the difference in the accuracy scores with
k=5 between applying the FGS method and omitting FGS for five different classifier models.
FGS showed that it can improve classifier method performance while reducing the overfitting
problem.

Fig 5.7 compares five classifier algorithms for the gene expression of nine cancer types
(TCGA4) when FGS was implemented. The results demonstrate a small improvement,
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Fig. 5.6 Comparing accuracy score when using and omitting FGS (GSE33630)

particularly with MLP and DT methods. Although the improvement was not high, the
number of selected genes was quite modest when compared to the original datasets, which
chose 298 genes out of 56603. MLP achieved an accuracy score of 98.6% when classifying
nine cancer types. Therefore, the FGS approach has the ability to identify informative genes
for training a classifier with the same or improved accuracy. By selecting the strongest subset
of genes, time spent for training is decreased, and the complexity of the classifier is reduced.
Furthermore, the possibility of overfitting the model is reduced or even avoided. All of this
contributes to improving the performance of a classifier algorithm.

Another dataset (TCGA2) was used to compare the effectiveness of the FGS approach on
five classifier methods using k cross-validation with k=5. There was a minor improvement
in accuracy was found with MLP as shown in Fig. 5.8. However, there was a substantial
lowering in the number of genes where 116 out of 20531 genes were chosen to train and test
the classifiers. The accuracy gained was modest when compared to the other data used while
using and excluding FGS.

Fig 5.9 compares the five classifier algorithms for kidney cancer datasets with k=5 when
the FGS methodology is used and when it is not used. The results indicated that FGS has a
beneficial influence on four classifiers and significantly reduces the number of genes, with 78
out of 23516 genes chosen to train the classifier algorithms. It can be concluded that when
the FGS technique was combined with five classical classifier approaches, minor gains in
accuracy were accomplished with a significant reduction of chosen genes. The best accuracy
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Fig. 5.7 Comparing accuracy score when using and omitting FGS (TCGA4)
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Fig. 5.8 Comparing accuracy score when using and omitting FGS (TCGA2)
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Fig. 5.9 Comparing accuracy score when using and omitting FGS (GSE53757)

achieved while omitting FGS is 95.7% when KNN is employed, whereas the highest accuracy
reached when utilizing FGS and GNB combined is 97.8%. Although the enhancement was
not great, the number of genes chosen was very small, which means there is less chance of
overfitting, less classifier complexity, and less time required for training.

When GNB was used without the FGS technique, the accuracy was 77.5%, however,
when FGS was used, the accuracy was 98.6% as shown in Fig. 5.10. Furthermore, MLP
obtained 95.8% accuracy without using FGS, whereas MLP achieved 99% while using FGS.
Furthermore, only 11 of the 20531 genes were chosen. FGS has once again proved its
capacity to decrease the number of chosen genes while accurately classifying cancer. In
conclusion, as previously stated, one of the key aims of the thesis is to reduce the number of
identified genes that contribute to early cancer detection while also minimizing the overfitting
issue and lowering dimensionality. FGS with dataset demonstrated its usefulness in meeting
one of the thesis objectives while also improving the accuracy of some classifiers such as
MLP and GNB.

The acquired accuracy in this dataset (GSE43580) was not improved while using and
omitting FGS, as shown in Fig. 5.11, even though the number of chosen genes was reduced
from 54675 to 28 genes. Furthermore, the accuracy attained in both situations was not good
where 86% accuracy is achieved when MLP is applied to the original dataset and 86.6%



5.2 Experimentation of applying FGS 80

DT GNB KNN SVM MLP
0.70

0.75

0.80

0.85

0.90

0.95

1.00

(a) Without using FGS.

DT GNB KNN SVM MLP
0.70

0.75

0.80

0.85

0.90

0.95

1.00

(b) Using FGS

Fig. 5.10 Comparing accuracy score when using and omitting FGS (TCGA7)

accuracy is achieved when FGS and MLP are used together. This prompted the development
of a novel classifier algorithm capable of reliably classifying cancer using this type of data.

Fig 5.12 indicates that using FGS slightly increases the accuracy while reducing the
number of genes. The number of selected genes decreased from 768 to only 28 genes that
have been identified for training the classifier algorithms. However, whether or not FGS is
employed, the resulting accuracy is poor in comparison to cancer sensitivity. As a result,
dealing with this type of data necessitates the development of a new classifier approach that
has the potential to improve the accuracy of cancer classification. The following stage of this
thesis addressed the limitations that were discovered when FGS was applied to conventional
classifier techniques.

A significant improvement was shown when FGS and MLP were used simultaneously
when accuracy increased from 50% to 97%. Furthermore, when FGS was used, the number
of genes reduced from 13298 to 52. The majority of classifiers’ performance was not
improved, but the number of genes required to train them was reduced. This decreased
the classifier’s complexity and prevented or at least greatly reduced overfitting. To classify
datasets containing data on lung cancer (GSE10072), Fig. 5.13 compares five distinct
classifier methods while using and removing FGS with k=5.

Fig. 5.14 compares five typical classifier algorithms while using and excluding the FGS
method with k=5. The findings indicated that the FGS technique improved the accuracy
of three classifier methods (KNN, DT, and MLP) while reducing the number of chosen
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Fig. 5.11 Comparing accuracy score when using and omitting FGS (GSE43580)
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Fig. 5.12 Comparing accuracy score when using and omitting FGS (TCGA6)
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Fig. 5.13 Comparing accuracy score when using and omitting FGS (GSE10072)

genes from 16383 to 37. When the MLP algorithm was used individually, the results were
60.9%, 50.6%, 80%, and 60.5% for accuracy, precision, recall, and f1-score, respectively,
while the results were 99.4%,100%,98.8%, and 99.4% for accuracy, precision, recall, and
f1-score, respectively, when FGS and MLP were employed together. In summary, the FGS
method reduced the number of selected genes that would be used as identifiers for training
the classifiers and enhancing the performance of some of the classifiers. Additionally, even
though some classifiers have not been improved such as SVM and GNB in terms of accuracy,
the complexity of the classifier and the time taken through training were reduced. Most
importantly, the outcomes of those classifiers were not reduced. As a result, while this
approach failed to enhance accuracy in SVM and GNB, it was not having a negative impact
either. Instead, it had a positive impact on reducing the number of genes, which aids in
preventing the issue of overfitting and reducing the complexity of the classifier.

Fig. 5.15 shows that applying the FGS approach to five classifier methods slightly
improved the results, but they are still substandard, even though the number of genes
decreased from 33298 to 150. The findings of this dataset motivated the development of
a novel classifier algorithm capable of effectively classifying this data. As seen in both
figures, the accuracy gained in the five classifier algorithms was unsatisfactory before and
after using FGS. FGS employed to select informative genes of lung cancer (GSE66499)
datasets that would be used to train the classifier models. FGS indicates improving accuracy
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Fig. 5.14 Comparing accuracy score when using and omitting FGS (GSE75037)

using classical classifiers is not always possible, necessitating the development of a new
classifier method to overcome these limitations.

This is another challenging dataset (GSE84437) for which FGS was unable to increase
the accuracy of the five classifier algorithms. Furthermore, the accuracy reached in both
situations (before and after employing FGS) is too poor as demonstrated in Fig. 5.16. Even
though FGS has reduced the number of genes from 48710 to 105. When FGS and SVM
were used together, the maximum accuracy was 37.8%. To cope with this data and properly
classify cancer, developing a novel classifier algorithm is becoming necessary as described
in the following development of the thesis.
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Fig. 5.15 Comparing accuracy score when using and omitting FGS (GSE66499)
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Fig. 5.16 Comparing accuracy score when using and omitting FGS (GSE84437)

5.3 Experimentation of applying FC

The thesis developed a new method for cancer classification which is FC that aims to classify
cancer accurately and the ability to increase the generalisation of the algorithm to classify
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cancer types and obtain the best accuracy achievement in all given datasets. To ensure that
FC works as expected twelve datasets of gene expression have been employed that include a
small and large volume of samples, as well as binary and multi-class labels. This section of
the thesis tries to highlight three major points which are the datasets used, results obtained,
and results discussion.

5.3.1 The datasets used to examine FC efficiency.

Twelve datasets were used to train and test the FC. Datasets include (GSE45827, GSE33630,
GSE19804, GSE14520, GSE53757, GSE10072, GSE66499, GSE84437, TCGA1, TCGA2,
TCGA6, and GSE43580 ).

5.3.2 The results achieved with FC.

This section investigates the comparison of FC to five classical classifier algorithms on
twelve datasets when FGS used. The full details are presented in Table5.4 including the
datasets used for training and testing the approach, and the achieved accuracy, precision,
recall, and f1-score. The results demonstrate that developing the new FGS-FC greatly
contributed to enhancing the model performance in all the datasets employed. It not only
reduced the number of selected genes but provided accurate classification. In summary, this
experiment aims to show the effectiveness of developing FC to classify expression cancer
data. Especially, with the datasets accomplished poor results when classical classifiers and
FGS used as described in previous experimentation. To achieve that, FC was compared to
five classical classifiers in k=5 when FGS used. The findings demonstrated that the developed
FC outperformed five classical classifiers. FC achieved accuracy scores ranging (from 92.8%
to 100%), precision ( from 95% to 100%), recall (81.4%-100%), and f1-score (85%-100%)
for all employed datasets.

In general, The outcomes indicated that all employed datasets were improved when
FC was used compared to classical classifiers. There are some of these datasets highly
enhanced with FC such as (GSE84437, GSE66499, GSE43580, TCGA2, TCGA3, and
TCGA6). Whereas, the rest of the other datasets improved by a lower percentage compared
to the mentioned datasets because they were already achieved good results when FGS used.
In conclusion, FC met the goal of its development to overcome the challenges that were
identified when FGS and classical classifiers were applied together.
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Table 5.4 A comparison of five classical classifiers vs Fuzzy classifier method

Datasets N-Gene Gene Selection Classifiers AC % Pre % Rec % F1 %
DT 85.8 83 82.6 81.5

GNB 89 92.7 88.8 89
GSE45827 29873 No KNN 85 88.4 87.7 86.9

SVM 94.8 96.3 95.8 95.8
MLP 20.6 6 17.9 7

GSE45827 68 FGS DT 89.6 90.9 89.6 88.8
GNB 91.6 94.5 92 92.8
KNN 96.7 97.59 97.38 97.36
SVM 97.4 98 97.66 97.75
MLP 98 98.8 98 98.3

GSE45827 68 FGS FC 100 100 100 100
DT 87.6 77.6 81 79

GNB 90.4 93.7 89.7 90
GSE33630 23518 No KNN 91.4 87.7 86.5 86.3

SVM 93.3 95.3 92 92.4
MLP 72.3 55.6 64.5 58.5

GSE33630 76 FGS DT 93.3 93.4 93.5 92.5
GNB 92.3 88.3 89.8 88.8
KNN 94 96 92.8 93
SVM 94 96 92.8 93
MLP 92.3 88.3 89.9 88.8

GSE33630 76 FGS FC 100 100 100 100
DT 89 89.9 88.3 88.9

GNB 92.5 95 90 91.9
GSE19804 45782 No KNN 90.8 88 95 91.3

SVM 95.8 96.6 95 95.7
MLP 50 20 40 26.6

GSE19804 36 FGS DT 90.8 94.5 86.66 90
GNB 95.8 96.7 95 95.7
KNN 96.66 96.79 96.66 96.66
SVM 96.66 96.79 96.66 96.66
MLP 96.66 96.79 96.66 96.66

GSE19804 36 FGS FC 100 100 100 100
DT 91 87 85.3 85.8

GNB 94 89.7 92 90.7
TCGA1 972 No KNN 88 83.3 81.5 81.9

SVM 93.6 91 88.9 89.8
MLP 94 90.8 89.8 90

TCGA1 25 FGS DT 91.7 88 87 86.5
GNB 92.4 87.7 90.8 89
KNN 93.6 89.4 90 89.6
SVM 94 90.5 90.77 90.5
MLP 95 92.3 91.6 91.6

TCGA1 25 FGS FC 97 95 94 95
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Datasets N-Gene Gene Selection Classifiers Ac % Pre % Rec % F1 %
DT 85.3 87.3 83.4 84.7

GNB 84.6 91.5 75 82
GSE43580 54675 No KNN 79.3 73 93 81.5

SVM 83.3 84.3 80.6 82.3
MLP 86 86.3 84.7 85

GSE43580 28 FGS DT 79.3 77.6 82 79.4
GNB 84.66 92.8 75 82.3
KNN 83.3 91.95 72.57 80.46
SVM 86.66 98 73 83.8
MLP 78 77.3 78 77.6

GSE43580 28 FGS FC 98 98 97 98
DT 90 90.6 88.9 89.7

GNB 95 95.6 94.4 94.8
GSE14520 13425 No KNN 94 91 97.6 94

SVM 97 96.4 97.6 97
MLP 86.7 76.5 96.7 76.5

GSE14520 23 FGS DT 95 95.4 94.9 95
GNB 96.6 96 97 96.59
KNN 96.6 96 97 96.59
SVM 96.85 96 97.68 96.8
MLP 95.5 95.6 95.3 95.3

GSE14520 23 FGS FC 99 98 99 98
DT 95.7 94.6 97 95.8

GNB 95 95.6 94 95
GSE53757 23516 No KNN 95.7 95.6 95.7 95.6

SVM 95 94.8 96 95
MLP 93.7 98.5 89 93.3

GSE53757 78 FGS DT 95.8 93.7 98.5 95.9
GNB 97.8 97 98.5 97.8
KNN 97.8 97 98.5 97.8
SVM 97 96 98.5 97
MLP 96.5 96 97 96.5

GSE53757 78 FGS FC 100 100 100 100
DT 94.3 93.5 96 94.3

GNB 98 100 95.7 97.7
GSE10072 13298 No KNN 97 95.3 100 97.3

SVM 99 100 98 98.9
MLP 50 18 4 25

GSE10072 52 FGS DT 93.4 93.56 93.77 93
GNB 98 100 96 97.8
KNN 99 100 98 98.9
SVM 98 100 96 97.89
MLP 98 98 96 96.9

GSE10072 52 FGS FC 100 100 100 100
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Datasets N-Gene Gene Selection Classifiers Ac % Pre % Rec % F1 %
DT 33 20 23 19.7

GNB 24.7 28.5 24.4 20.6
GSE84437 48710 No KNN 35.3 19.7 23.7 19

SVM 32.3 18.3 24 18.6
MLP 27 10 23.4 12.6

GSE84437 105 FGS DT 35.3 22.4 24.5 21
GNB 31 34 42 29.4
KNN 36.96 28.5 28.3 25.6
SVM 37.89 33 29.7 26
MLP 35.3 32.3 32.4 29.46

GSE84437 105 FGS FC 92.8 95.6 81.4 85
DT 66 38.5 32 34.6

GNB 52.3 38 50 27.3
GSE66499 33298 No KNN 67.7 42.4 17.8 19.7

SVM 72.7 62 28.9 37
MLP 68 59.3 20.5 19.3

GSE66499 150 FGS DT 70.4 49.9 24.7 31.4
GNB 64.7 53.4 56.8 44.6
KNN 69 55 26.3 31.4
SVM 75 69 36.8 44.5
MLP 72 53.3 37.3 42.6

GSE66499 150 FGS FC 95 95 92.4 93.4
DT 83.7 83.4 80 81.3

GNB 77 77.6 77.7 77
TCGA2 20531 No KNN 73 76 64.5 66.3

SVM 82.7 82 82.5 82
MLP 84.4 84.4 83 82

TCGA2 116 FGS DT 80.7 76.5 74.3 74.8
GNB 81 76.4 80 77.56
KNN 82.98 84 75 77.68
SVM 86.3 87 82.6 84.3
MLP 86.3 86 84.88 85

TCGA2 116 FGS FC 97 98 97 97
DT 58 55.8 58.4 56.8

GNB 57.3 54.5 69 60.5
TCGA6 768 No KNN 59.8 56.8 68 61.3

SVM 62.8 63.3 56.3 59
MLP 62.8 63 57.5 59

TCGA6 28 FGS DT 58.34 55.9 59.8 56
GNB 66.48 61 84 70.56
KNN 63.94 59.87 75.73 66.46
SVM 67.48 64 75.67 68.8
MLP 65.44 63.8 64 63

TCGA6 28 FGS FC 98 99 98 98
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Fig. 5.17 FC vs classical classifiers
(GSE33630) employing FGS

Fig. 5.18 FC vs classical classifiers
(GSE45827) employing FGS

5.3.3 Discuss FC results

The results demonstrated that the developed FC method overcomes the other classifiers in
terms of accuracy and other evaluation metrics when applied to thyroid cancer (GSE33630)
as described in Table5.4. When using classical classifiers, SVM and KNN had the maximum
94 % accuracy, 96 %precision, 92.8 % recall, and 93 %, and f1-score. Whereas FC achieved
100% for all evaluation metrics. Comparing the accuracy of FC agonist classical classifier
with k=5 described in Fig 5.17.

Fig 5.18 depicts the lowest accuracy attained while using DT, which was 89.6%, and the
best accuracy achieved when using MLP, which was 98.6%. While the FC was achieved
with a 100% accuracy rating. As a consequence, when used to classify breast cancer datasets
(GSE45827), FC performed better than the other classifiers.

A comparison of five classifier algorithms against FC for classifying Gastric cancer
(GSE84437) in k=5 is shown in Fig 5.19. This dataset is regarded as a challenging dataset
because the accuracy obtained by the five applied classifiers, which ranged from 31% to
37.89% when classical classifiers with FGS used, was extremely low. FC method significantly
improved the accuracy by reaching 92.8%. FC demonstrates that enables accurate classifying
of cancer expression, even in the worst scenarios. A comparison of five classical classifiers
to FC that attempt to classify the lung cancer expression dataset (GSE66499) in k cross-
validation with k=5 is shown in Fig 5.20. The findings indicate that all of the classifier
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Fig. 5.19 FC vs classical classifiers
(GSE84437) employing FGS

Fig. 5.20 FC vs classical classifiers
(GSE66499) employing FGS

models used had poor accuracy. There is no classifier approach that was able to effectively
identify data even though FGS used. This dataset is also regarded as a challenging dataset to
classify. The accuracy of the preserved data ranged from 69.7% to 73.3% for the five classical
classifiers. FC produced promising results, scoring 95%, 95%, 92%, and 93% for accuracy,
precision, recall, and F1-score, respectively. FC demonstrated the capacity to handle some
datasets that can not be resolved when using classical classifiers with FGS.

Fig 5.22 illustrates the achieved accuracy scores of five classifier techniques and FC
for five cancer types (TCGA1) k=5 when FGS used. The acquired accuracy of the five-
classifier was near to each other, with the lowest DT being 91.7% and the highest MLP being
95%. Even though the accuracy is 95%, the precision, recall, and f1-score with MLP were
92.3%, 91.6%, and 91.6%, respectively. The developed model tried to increase not only
the accuracy but also the other factors used to assess a model. FC improved all evaluation
metrics, including 97% accuracy, 95% precision, recall, and f1-score. In short, the developed
model improved by 3 for accuracy, 4.2 for precision, 5.2 for recall, 5 for f1-score when
compared to MLP alone, and 9 when compared to DT classifier.

FGS and classical classifiers failed to accurately classify the lung cancer dataset (GSE43580).
Even though the FGS technique reduced the number of identifying genes used to train the
model, adequate accuracy was not reached. As a result, employing the FC approach to
deal with this data is critical. The best accuracy attained in the five classifier approaches
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Fig. 5.21 FC vs classical classifiers
(GSE19804) employing FGS

Fig. 5.22 FC vs classical classifiers (TCGA1)
employing FGS

was 86.6% when SVM was used, while FC achieved 98% accuracy as shown in Fig 5.23.
FC increased the accuracy by 11.4% when compared to the best accuracy achieved by the
five classical classifiers. Noteworthy, FC improved the recall from 73% when SVM was
used to 97% when FC was used. Good accuracy alone does not qualify a classifier as good,
other assessment measures, such as precision, recall, and f1-score, are required to give the
preferability for a classifier. Fig 5.24 compares five classifier techniques for classifying liver
cancer (GSE14520) k cross-validation with k=5. By averaging the accuracy scores across
k=5. The results revealed that FC achieved the highest average accuracy of 99%, followed by
SVM with 96.86%, KNN with 96.6%, GNB with 96.6%, MLP with 95.5%, and 95%. These
findings suggest that FC outperformed the other classifiers in terms of accuracy, highlighting
its potential as a promising choice for our classification task.

Fig 5.25 compares the accuracy scores of five classifiers against FC to classify kidney
cancer (GSE53757) with k=5 using FGS to select 78 out of 23516 genes. The achieved
accuracy scores for the five classifiers ranged from 95.8% to 97.8%, While FC achieved
an accuracy score of 100%. FC also showed effectiveness with this dataset which It is
outperforming the other classifiers. Five classical classifiers were compared to FC to classify
the lung cancer dataset (GSE10072) when FGS used. The average accuracy scores in k=5
were ranging from 93.4% as the lowest with DT and 99% as the highest accuracy when
KNN was used while FC achieved 100%. The findings indicate that FC overcomes the other
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Fig. 5.23 FC vs classical classifiers
(GSE43580) employing FGS

Fig. 5.24 FC vs classical classifiers
(GSE14520) employing FGS

classifiers as described in Fig 5.26. Even though, the results achieved by classical classifiers
were good, however, FC increase the accuracy. FC increased the accuracy by 1% compared
to KNN, and by 6.6% compared to DT.

Five classical classifiers and FC were compared to classify breast cancer subtypes
(TCGA2) with k=5 when FGS used. The results indicate that classical algorithms failed to
accurately classify the data. The highest accuracy scores were 86.3% when MLP and SVM
were used. FC demonstrated that outperformed other classifiers by reading 97% as described
in Fig 5.27.
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Fig. 5.25 FC vs classical classifiers
(GSE53757) employing FGS

Fig. 5.26 FC vs classical classifiers
(GSE10072) employing FGS

Fig. 5.27 FC vs classical classifiers (TCGA2)
employing FGS

Fig. 5.28 FC vs classical classifiers (TCGA6)
employing FGS
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FC was developed to address datasets with poor accuracy when using FGS with classical
classifiers used. Fig 5.28 compared the accuracy scores for five classifiers agonists FC in k=5
when FGS used to classify nine cancer types. The findings revealed that the accuracy of the
five classifiers, which ranged from 58% to 67%, was extremely low, but FC demonstrated its
efficiency by obtaining 98% accuracy. These results showed that FC performed much better
than other classifiers in this dataset.

5.4 Experimentation of applying FGSWP

FGSWP was developed to achieve two major goals: first, analysing the selected genes that
have been identified by the fuzzy gene selection method to determine whether or not these
genes have an influence on accuracy. Second, further reducing chosen genes can increase or
at least maintain accuracy as it was before removal. That is, obtaining fewer genes with no
influence on accuracy accomplishment. To assess the efficacy of developing this approach,
it was trained and tested using cancer expression datasets. It also used classical classifier
algorithms and the fuzzy classifier approach to demonstrate the impact of both.

5.4.1 The datasets used to examine FGSWP efficiency

To test and train the developed model (FGSWP), six datasets were employed (GSE53757,
GSE45827, GSE33630, TCGA2, GSE10072, and GSE43580). The datasets are smaller and
larger cohorts, as well as having binary and multiclass labels. Five distinct classifier models
were used to test and train the datasets.

5.4.2 FGSWP’s results with Classical Classifiers

As mentioned earlier, the main objective of developing this approach is to reduce the number
of genes selected by FGS without compromising accuracy. The experimental results demon-
strate that the FGSWP method substantially reduced the gene count while maintaining or even
improving the accuracy levels across the majority of the datasets analysed. It is noteworthy
that these outcomes were obtained through the use of classical classifiers. Notably, significant
reductions in the number of selected genes were observed in GSE33630, GSE45827, and
GSE10072 datasets, as indicated in Table5.5. By employing FGSWP on GSE33630, the
gene count decreased from 76 to 17, demonstrating a substantial improvement. Similarly, in
the case of GSE45827, the number of genes reduced from 68 to 30 upon applying FGSWPS.
It also GSE10072, the number of genes reduced from 52 to 5 upon applying FGSWP. Addi-
tionally, FGSWP led to increased accuracy scores with certain datasets, such as GSE43580
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and GSE45827. Table5.5 depicts the comparison of evaluation metrics for five classical
classifiers employing FGS and FGSWP is shown in the Table. Old AC refers to the accuracy
scores gained with FGS, whereas New AC represents the accuracy scores obtained with
FGSWP. Similarly, the other evaluation metrics.

Fig 5.29 presents a comparison between FGS and FGSWP across five classifiers for the
classification of lung cancer (GSE43580) using k cross-validation with k=5. The results
demonstrate that FGSWP reduced the number of genes from 28 to 8. Furthermore, it
significantly improved the accuracy scores for the employed classifiers. Specifically, when
using FGS and MLP, the accuracy, precision, recall, and f1-score were observed to be 78%,
77.3%, 78%, and 77.6% respectively. However, when FGSWP and MLP were used, these
metrics improved to 86.6%, 90.4%, 83.5%, and 86% respectively.

(a) Using FGS. (b) Using FGSWP

Fig. 5.29 A comparison of FGS vs FGSWP in five classifiers for (GSE43580)

The Fig. 5.30 illustrates a comparison of accuracy scores obtained from k cross-
validations with k=5 using two approaches: FGS and FGSWP. Among the five classifiers
tested, the DT model exhibited a slight increase in accuracy score, while the remaining classi-
fiers maintained a consistent performance. As mentioned previously, FGSWP aims to reduce
the number of selected genes identified by the FGS approach. In line with this objective, the
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Table 5.5 A comparison of FGS vs FGSWP across five classical classifiers.

Dataset FGS FGSWP Classifier
Old
AC
%

New
AC
%

Old
Pre
%

New
Pre
%

Old
Rec
%

New
Rec
%

Old
F1
%

New
F1
%

GSE53757 78 69 DT 95 96.4 92.4 94.6 98.5 98.5 95.3 96.5
GNB 97.8 96.5 97 97 98.5 95.7 97.8 96.3
KNN 97.8 97.8 97 97 98.5 98.5 97.8 97.8
SVM 97 97 96 96 98.5 98.5 97 97
MLP 97 97 97 97 97 97 97 97

GSE33630 76 17 DT 93.3 94 93.4 94.6 93.5 94 92.5 93.7
GNB 92.3 91.4 88.3 87.5 89.8 89 88.8 88
KNN 94 92.3 96 88.3 92.8 90 93 88.8
SVM 94 93.3 96 90 92.8 90.5 93 89.5
MLP 93.3 94 95.3 96 92 92.8 92.4 93

GSE45827 68 30 DT 89.6 92.9 90.9 94.8 89.6 92.3 88.8 92.8
GNB 91.6 92.9 94.5 94.4 92 94 92.8 94
KNN 95.4 98 96.5 98.3 96 98 96 98
SVM 98.7 98.7 99 99 98.8 98.8 98.9 99
MLP 98.7 99.3 99.3 99.4 98.8 99.4 98.9 99.4

TCGA1 25 18 DT 91.7 91 88 87.5 87 86.8 86.5 86
GNB 92.4 91.5 87.7 87 90.8 89.7 89 88
KNN 93.6 93.3 89.4 89.6 90 89.4 89.6 89
SVM 94 93.4 90.5 90 90.7 89.4 90.5 89.5
MLP 95.3 94.6 92.4 91 91.8 91 91.7 90.7

GSE10072 52 5 DT 93.4 95.3 93.5 93.5 93.7 98 93 95.3
GNB 98 96 100 96 96 96 97.8 96
KNN 95.3 97 94.8 98 96 96 95 96.9
SVM 98 97 100 98 96 96 97.8 97
MLP 97 96 100 94.8 94 98 96.7 96

GSE43580 28 8 DT 80 81.3 78.7 82 82 79.3 80 80.4
GNB 84.6 88 92.8 97 75 77 82.3 85.7
KNN 83.3 85.3 92 96.6 72.5 72.4 80.4 82.3
SVM 86.6 85.3 98 98 73.8 71 83.8 82
MLP 78 86.6 77.3 90.4 78 83.5 77.6 86
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developed FGSWP successfully reduced the gene count from 78 to 69, effectively excluding
nine irrelevant genes.

(a) Using FGS. (b) Using FGSWP

Fig. 5.30 A comparison of FGS vs FGSWP in five classifiers for (GSE53757)

Fig. 5.31 illustrates a minor gain in accuracy attained, notably in the MLP and DT
classifiers when FGSWP was used. This was accomplished by reducing the number of genes
in the data used to classify thyroid (GSE33630) from 76 to merely 17. In summary, this
approach demonstrated its effectiveness by eliminating 59 genes without affecting the degree
of accuracy in classifying thyroid cancer.
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(a) Using FGS. (b) Using FGSWP

Fig. 5.31 A comparison of FGS vs FGSWP in five classifiers for (GSE33630)

The use of FGSWP resulted in a reduction of genes from 68 to 30, indicating the removal
of 38 genes. Notably, Fig. 5.32 illustrates slight improvements in most of the classifiers used.
In the breast cancer subtype classification dataset (GSE45827), FGSWP not only reduced
the number of genes that were selected through using FGS with the same accuracy, which is
the primary objective of this technique but also surpassed it by improving accuracy across
different classifiers techniques. This suggests that FGSWP has the potential to enhance
accuracy by utilizing the smallest possible number of genes for training the classifier. In
conclusion, the FGSWP approach demonstrates the capability to either achieve comparable
accuracy with a smaller gene count than FGS or outperform FGS in terms of accuracy while
utilizing fewer genes. In either scenario, it offers a distinct advantage.
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(a) Using FGS. (b) Using FGSWP

Fig. 5.32 A comparison of FGS vs FGSWP in five classifiers for (GSE45827)

A comparison of the five classifiers when using FGS and FGSWP in k=5 was described
in Fig. 5.33. Although, the number of selected decreased from 25 to 18 genes when FGSWP
was used. However, the findings acquired from analysing five cancer types (TCGA1) revealed
that there is no substantial difference, either positive or negative, in the degree of accuracy
when FGSWP was employed. As a result, the developed FGSWP is efficient in attaining the
stated aim of reducing the number of genes while retaining classification accuracy. Based
on it, certain additional benefits were realised, including reduced training time, and less
classifier complexity.
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(a) Using FGS. (b) Using FGSWP

Fig. 5.33 A comparison of FGS vs FGSWP in five classifiers for (TCGA1)

Fig. 5.34 presents a comparison between FGS and FGSWP for classifying lung cancer
(GSE10072) using k=5. Despite a significant reduction in the number of genes from 52
with FGS to 5 with FGSWP, the accuracy of the majority of employed classifiers remained
unchanged. These results indicate that the developed FGSWP successfully achieved its
objective of reducing the number of genes while maintaining the same level of accuracy.
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(a) Using FGS. (b) Using FGSWP

Fig. 5.34 A comparison of FGS vs FGSWP in five classifiers for (GSE10072)

5.4.3 Results of FGSWP with FC

FGSW demonstrates that it is successful to meet the goal of its development when employing
the FC method. Using FGSWP led to keeping or improving the accuracy with less number
of genes compared to the FGS method in all employed datasets. This experiment illustrates
the effectiveness of using FGSWP with the FC method. The results indicate that FGSWP
highly reduces the number of genes for the majority of employed datasets. Particularly with
GSE33630 from 76 to 17, GSE33630 from 68 to 30, GSE66499 from 150 to 99, TCGA4
from 298 to 201 and GSE10072 from 52 to 5. While the rest of the other datasets, the number
of genes was reduced, but at a lower rate compared to mentioned datasets. In summary,
the developing FGSWP reduced the number of genes selected by FGS for all employed
datasets in different proportions while keeping the accuracy for the majority of datasets used.
Additionally, FGSWP improved the results with lung cancer (GSE43580) data. The results
were 91%, 94%, 89%, and 90 for accuracy, precision, recall, and f1-score, respectively
when FGS, while the results were 93%, 95%, 92%, 93% for accuracy, precision, recall, and
f1-score respectively when FGSWP used as described in Table5.6.
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Table 5.6 A comparison of FGS vs FGSWP using FC method.

Dataset FGS FGSWP Classifier
Old
AC
%

New
AC
%

Old
Pre
%

New
Pre
%

Old
Rec
%

New
Rec
%

Old
F1
%

New
F1
%

GSE53757 78 69 FC 100 100 100 100 100 100 100 100
GSE66499 150 99 FC 95 95 95 95 92.4 93 93.4 94
GSE84437 105 98 FC 92.8 93 95.6 95.7 81.4 83 85 86
GSE14520 23 17 FC 99 99 98 98 99 99 98 98
GSE19804 36 28 FC 100 100 100 100 100 100 100 100

TCGA2 116 101 FC 97 97.3 98 98 97 97 97 97.2
GSE33630 76 17 FC 100 100 100 100 100 100 100 100

TCGA6 28 22 FC 98 98 99 99 98 98 98 98
GSE45827 68 30 FC 100 100 100 100 100 100 100 100

TCGA1 25 18 FC 97 96 95 95 95 94 95 94
GSE10072 52 5 FC 100 100 100 100 100 100 100 100

TCGA4 298 201 FC 98.6 99 98 97 98 99 98 98
GSE43580 28 8 FC 91 93 94 95 89 92 90 93

TCGA7 11 8 FC 99 99 98.7 98.7 98.8 98.8 98.7 98.7
GSE77314 12 10 FC 99 99 98 98 100 100 99 99

TCGA5 15 10 FC 99 99 99 100 97 100 98.7 99

5.4.4 Comparison of Findings

The section describes the comparison of the developed Multidimensional Fuzzy Deep Learn-
ing (MDFDL) model against the other published works using the same cancer expression
data. The findings demonstrated that the developed model surpasses over other published
works using the same datasets in terms of evaluation metrics or the number of genes used to
train the models.

In summary , the developed model (MDFDL) shows that, when compared to other studies,
it is capable of significantly increasing the accuracy of cancer classification while reducing
the number of genes involved. According to the results, MDFDL performed much better than
earlier research that analysed these datasets using different classifier and feature selection
approaches. With all datasets used by previous research, the accuracy was between 70%
and 99%; however, the accuracy was between 95% and 100% for all datasets using the
developed MDFDL. Furthermore, the number of genes ranged from 33298 to 10 in previous
studies, while, from 150 to 7 with the developed model. In terms of accuracy achieved and
the number of chosen genes used to train the classifier algorithms, the developed model
provides advantages over earlier studies. Enhancing the accuracy, less classifier complexity,
saving training time, and reducing the overfitting issue are the considerable contributions of
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selecting an optimal subset of genes. The outcomes of comparing the developed model to
other published works are described in Table 5.7.

Table 5.7 Comparing the developed model against prior studies .

Dataset No.Genes Approaches Ac % Pre % Rec % F1% Reference

GSE66499
33298 CNN 81 88 78 74 [129]

150 MDFDL 95 95 92 93 The proposed work

GSE43580
43 MCSF +RF 88 82 97 89 [102]
8 MDFDL 95 95 92 93 The proposed work

GSE33630
17 mRMR+KNN 91.3 No No No [110]
No PCA + RF 92 92 89 No [167]
17 MDFDL 100 100 100 100 The proposed work

GSE19804
10 HLR+SVM 94 No No No [163]
11 MDFDL 100 100 100 100 The proposed work

GSE14520
1253 DRE-DNN 82 83.3 95 88.9 [137]

23 MDFDL 96 96 96 96 The proposed work

TCGA6
768 DRE-DNN 70 77.3 70.8 73.9 [137]
7 MDFDL 100 100 100 100 The proposed work

GSE10072
19 ReliefF+NB 95 No No No [100]
5 MDFDL 100 100 100 100 The proposed work

TCGA5

67 ReliefF +RF 83.6 No No No [114]
12 MI+RFE+SVM+RF 97.9 97.6 97.7 97.6 [168]
194 KL divergence+DNN 99 98 100 No [169]
10 MDFDL 99 100 97 98 The proposed work

TCGA2
No CNN 88.4 88.3 88.4 88.2 [140]
No gcForest 92 No No No [109]
116 MDFDL 97 98 97 97 The proposed work

TCGA1
971 BPSO-DT+CNN 96 94.96 95 95 [164]
18 MDFDL 96 95 94 94 The proposed work

GSE45827
20 CFS+NB 89.7 92 89.7 90 [165]
38 Rough set +SVM 96.86 96.9 97.34 97.8 [166]
30 MDFDL 100 100 100 100 The proposed work

TCGA7
49 GGA+ELM 98.8 No No No [170]
No Intersection+SVM 94.4 78 83.5 80.9 [171]
11 MDFDL 100 100 100 100 The proposed work

5.4.5 Synthesis of Findings

This chapter presented three experiments to evaluate the developed approaches (FGS, FGSWP,
and FC) and compared integrated all these methods in one model called MDFDL with the
previous studies. Additionally, this chapter involves the initial experiment of the thesis
that was done using FTFS. The findings demonstrated that these approaches have achieved
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promising results, both individually and in combination in one model. The accuracy scores
of employing FTFS with MLP were ranging from 95.5% to 100% for six cancer expressions
data 70% of the data for training and 30% of the data for testing. Additionally, the number of
selected genes were ranging from 99 to 31 for the six cancer expression data employed. Even
though FTFS achieved promising findings in terms of evaluation metrics and the number of
genes, however, it has some limitations that were identified previously (Chapter 3 section3.1).
To overcome these limitations, FGS was developed. FGS was evaluated by employing sixteen
cancer expression data using k cross-validation with k=5 rather than splitting the data into
training and testing randomly. Cross-validation provides a more realistic evaluation of how
well a model will perform on unseen data and assist ensure that the developed model is
capable of generalising beyond the training data. FGS reduced the number of genes in all
employed datasets as well as it successfully improved the results for twelve datasets when
used with classical classifiers. While the rest datasets were improved, however, the accuracy
is still poor. Even though FGS reduced the number of genes with these datasets. The average
results for the successfully improved datasets were 97%,97.3%, 96.5%, and 96.77% for
accuracy, precision, recall, and f1-score respectively.

Although, FGS reduced the number of genes successfully with all employed datasets and
improved the results for most data used. However, there are some datasets even though the
number of genes lowered and the accuracy increased, they are still under the level required
when FGS and classical classifiers were used. Additionally, there is no classifier that can
continuously achieve the highest accuracy in all employed datasets. To overcome these
challenges, the FC method was developed. To show the effectiveness of using FC, twelve
datasets were used including the datasets that were not successfully classified when FGS and
classical classifiers were used. FC demonstrated that it continuously achieved the highest
results in all employed datasets compared to classical classifiers. FC reached average results
were 98%, 98.2%, 96.5%, and 97% for accuracy, precision, recall, and f1-score respectively
for all employed datasets.

This chapter also includes the experiment of using FGSWP in six datasets to more
reducing the number of genes that were selected by FGS and keep the accuracy the same
or improve. The findings indicate that FGSWP greatly reduced the number of genes for all
employed datasets. FGSWP was evaluated using FC and classical classifiers. The results in
both demonstrated that FGSW kept the accuracy and other evaluation metrics the same when
FGS used with a lower number of genes for most employed datasets. Furthermore, it slightly
enhanced the accuracy of some datasets.

The final experiment was comparing the previously published works against the combina-
tion of all developed approaches ( FGSWP and FC) in one model namely multidimensional
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fuzzy deep learning (MDFDL). MDFDL was compared to prior studies using the same
datasets and different approaches. MDFDL demonstrated that outperformed previous studies
that used the same datasets in terms of selected genes and evaluation metrics.



Chapter 6

General Discussion and Future Directions

Cancer is a group of diseases with considerable morbidity and mortality and some tumour
types have increased dramatically in incidence due to smoking, drinking, poor diet, physical
inactivity, and air pollution all of which are risk factors [172]. Whilst treatment option has
improved somewhat, late-stage cancer patients have a particularly poor prognosis. For these
reasons, efforts are concentrated on developing effective novel therapies and developing new
technologies for accurate diagnosis. As a computer science thesis, the project focused on
approaches that have been developed for accurate diagnosis, which may assist scientists to
speed up their job. Based on this, machine learning techniques and statistical approaches
(Feature selection methods) were used to analyse data derived from different cancer, the
most notable of which are images (CT scan and MRI) and, more recently, gene expression
data. ML approaches have trained the model with retrospective data and then evaluated it
prospectively to see how well the model was trained. While feature selection approaches try
to choose an important subset of genes that are substantially informative for distinguishing
differences across classes (i.e. normal and cancer tissue).

In this study, cancer expression data were analysed to obtain reliable cancer classification
using a subset of genes and to mitigate the technical limitations that have occurred in prior
studies. Microarray and RNA-seq approaches are two commonly used technologies for mea-
suring the expression of each gene in tissue from normal and malignant diseases. Both tools
have the same purpose, which is to identify the extent of gene expression across thousands of
genes, but there is a technical difference between them. This thesis used both tools to evaluate
the developed approaches. The freely available gene expression data are distinguished by
a limited number of samples with a large number of genes, i.e., high dimensional datasets
[173]. As a result, the probability of overfitting, the complexity of a classifier, and the time
required throughout the training stage are all quite high. These limitations have a negative
impact on the performance of any classifier. It becomes necessary to handle these drawbacks
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by developing gene selection methods that reduce the dimensionality, the complexity of the
classifier, and the time required during the training stage. Furthermore, our experiments
indicate that no one classifier can continuously obtain the best accuracy for all provided
datasets. However, each classifier can achieve superior accuracy for specific types of data.

Cancer expression data is characterised by high dimensionality which is a small number
of samples and a high number of genes [174]. That leads to an overfitting issue, complex-
ity, and time-consuming for a classifier model and inaccurate cancer classification [175].
Accordingly, high dimensionality and inaccurate cancer classification are the challenges
that this thesis aims to overcome. To achieve that, four approaches were developed (FTFS,
FGS, FGSWP, and FC). FTFS method was developed to reduce the number of genes that are
used as identifiers for training a classifier. Even though it produced good results in terms of
reducing the number of genes and increasing the accuracy, however, it has some limitations
(explained in the methodology chapter section 3.1). To avoid these limitations, a novel FGS
method was developed to select informative genes.

The result indicates that the FGS method presented promising results in terms of reducing
the number of genes and improving the performance of the classifiers for the majority of
employed datasets. However, it achieved poor accuracy for some datasets when applied to
classical classifiers even though reduce the number of genes. Additionally, our experiment
indicated that no one classifier can achieve the highest results continuously. For example,
GNB had the highest results for kidney cancer data (GSE53757) while, MLP accomplished
the highest results for lung cancer (GSE19804), and five cancer types (TCGA1). Additionally,
GNB and KNN had the highest results for liver cancer (GSE14520) while SVM and KNN
achieved the highest results for thyroid cancer (GSE33630). The FGS method with classical
classifiers achieved poor results with these datasets (GSE84437, GSE43580, GSE66499, and
TCGA6). Consequently, an FC was developed to generalise the classifier so that it can achieve
the best accuracy across all provided datasets, and a fuzzy gene selection wrapper plus was
tested to reduce the number of genes without lowering the accuracy. Briefly, the thesis
developed the FTFS approach and evaluated it using classical classifiers as a preliminary
experiment. Then, the thesis developed three efficient methods (FGS+FGSWP+FC) and
combined them into a single model termed MDFDL.
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6.1 Summary of Findings

6.1.1 Implications of FTFS Findings

FTFS was developed to reduce the number of genes and enhance the performance of classi-
fiers. The results demonstrated that FTFS reduced the number of genes for the six datasets
employed. For the six cancer expression data used, the number of chosen genes varied from
99 to 31 rather than thousands of genes in the original data. Moreover, the results were
improved for most of the data used when compared to omitting using FTFS. Notably, when
FTFS and MLP were used together. The results ratings for six cancer expressions ranged
from (95.5% to 100%) accuracy, (94.4% to 100%) precision, (94% to 100%) recall, and
(95.7% to 100%) f1-score, with 70% of the data used for training and 30% used for testing
when FTFS and MLP were used. Despite having obtained encouraging results in terms of
evaluation metrics and the number of genes, FTFS has certain previously noted shortcomings
(Chapter 3 section3.1).

6.1.2 Implications of FGS Findings

FGS was developed to make cancer expression datasets less dimensional and to boost the
classifier’s performance. The development of FGS was evaluated using sixteen cancer
expression datasets with classical classifiers. The results indicated that FGS highly reduced
the number of genes (less dimensional ) across all employed datasets. Furthermore, FGS
greatly improved the evaluation metrics for twelve datasets, while the remaining datasets even
if the results improved, however, they are still poor. The average results for the successfully
improved datasets (twelve) were 97%,97.3%, 96.5%, and 96.77% for accuracy, precision,
recall, and f1-score respectively. Although, FGS reduced the number of genes successfully
with all employed datasets and improved the results for most data used. However, there are
some datasets even though the number of genes lowered and the accuracy increased, they
are still under the level required when FGS and classical classifiers were used. Additionally,
there is no classifier that can continuously achieve the highest accuracy in all employed
datasets. For example, GNB had the highest results for kidney cancer data (GSE53757) while,
MLP accomplished the highest results for lung cancer (GSE19804), and five cancer types
(TCGA1). Additionally, GNB and KNN had the highest results for liver cancer (GSE14520)
while SVM and KNN achieved the highest results for thyroid cancer (GSE33630). The
FGS method with classical classifiers achieved poor results with these datasets (GSE84437,
GSE43580, GSE66499, and TCGA6).
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6.1.3 Implications of FC Findings

FC was developed to accurately classify cancer expression data for different types of cancer
and continuously achieved the highest results for all given datasets. On the other hand, it aims
to generalise the classifier rather than each classifier accomplishing the best accuracy for a
particular dataset. It also aims to enhance the results for those datasets that were unable FGS
and classical classifiers to accurately classify them. FC demonstrated that it continuously
achieved the highest results in all (twelve) employed datasets compared to classical classifiers.
FC reached average results were 98%, 98.2%, 96.5%, and 97% for accuracy, precision, recall,
and f1-score respectively for all employed datasets. Notable improvements were with these
datasets ( GSE43580, GSE84437, GSE66499, TCGA1, and TCGA6) when FC was employed
compared to classical classifiers as described in Table5.4. Consequently, the findings indicate
that FC successfully achieved the goal of its development.

6.1.4 Implications of FGSWP Findings

FGSPW was developed to reduce the number of selected genes using FGS and maintains
the accuracy and other evaluation metrics as the same as previously or improve them. Six
cancer expression data were used to evaluate the FGSWP using classical classifiers and the
FC method. The findings indicate that FGSWP reduced the number of genes for all employed
datasets and kept the accuracy and other evaluation metrics when classical classifiers and FC
were used for most employed datasets. Furthermore, it slightly improved the achievement
results of some datasets such as. More importantly, the number of genes high decreased in
some datasets without impact on the results. For example, when the following datasets were
used, the number of genes selected using FGS was significantly higher than when FGSWP
was used GSE33630: 76 genes vs. 17 genes, GSE53757: 78 genes vs. 69 genes, GSE45827:
68 genes vs. 30 genes, TCGA1: 25 genes vs. 18 genes, GSE10072: 52 genes vs. 5 genes,
and GSE43580: 28 genes vs. 8 genes. The results showed that FGSWP was able to reduce
the number of genes selected by up to 82% without sacrificing accuracy and other evaluation
metrics.

6.1.5 Implications of MDFDL Findings

To ensure that the developed model produces better results when compared to earlier studies
that used the same datasets. In the thesis, all developed approaches (FGS, FGSWP, and
FC) were combined into the multidimensional fuzzy deep learning (MDFDL) model. When
MDFDL was compared to fourteen other published works that used the same datasets, it



6.2 Future Directions 110

showed that it had produced better results. It was demonstrated through comparison that
MDFDL improved in terms of reducing the number of genes used for training and evaluation
metrics as shown in Table5.7.

6.2 Future Directions

6.2.1 Integrating different inputs

The discriminate performance of current learning algorithms can be enhanced by adding
further input characteristics, such as DNA methylations and mutations. Indeed, the complete
influence of gene expression can not be represented by the genetic sequence alone [173].
Consequently, combining methylations and mutations with RNA-Seq data can result in
characteristics that help with tumour classification.

6.2.2 Advancements in cancer biomarkers

Developing advanced approaches to identify biomarkers for types of cancer is a key future
direction in the study of cancer-related biomarkers [176]. For instance, doing functional
pathway analysis of related genes for the various cancer types can be aided by the techniques
provided for IntPath [177] and others [178]. Focusing on genetic and transcriptome changes
may be helpful in distinguishing tumours that have similar clinical characteristics. The omics
data include specifics on several approaches for ovarian and other malignancies, as well as
renal cell carcinoma, for finding important genes and pathways that may help with prognostic
and diagnostic predictions. For a better understanding of the prognosis for different cancer
datasets, optical genome mapping and structural variant analysis (at a region of DNA known
as copy number variations, which might contain inversions, balanced translocations, or
genomic imbalances) may be used [176].

6.2.3 Interpretable ML

It is crucial to emphasise the development of interpretable machine learning models, which
aid in understanding the decision-making process by the used mathematical techniques and
offer reasons for instances in which the models may falter [176]. Increased focus in this area
should be placed on interpretable and explicable models that emphasise the local and global
features of ML models based on counterfactual or feature attribution.
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