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ABSTRACT

Cancer is a progressively common risk that endangers human health around the globe, and an early
diagnosis necessitates a positive prognosis. A substantial quota of the world population dies because of cancer, and
the research community is alarmed that by 2025 a probable increase of cancer cases will reach a staggering 25 million
cases. Several studies have already proven cancer genesis is mostly supported by an accretion of dangerous
mutations, amplifying the recognition of cancer based on genome information. Moreover, according to health
practitioners, cancer has been stated as one of the most lethal illnesses of the genome. It has been the pivot of research
by doctors, pathologists, biologists, data scientists, and other life science and health professionals as it is a need of
the hour to have an advanced automated method that can quickly identify cancer and its subtype, i.e., Acute
Lymphocytic Leukemia (ALL) and Acute Myelocytic Leukemia (AML). This research aims to identify leukemia
cancer subclasses using DNA Gene Expression. Much research can be found using gene expression data in the cancer
classification domain. All the research can be categorized into four major categories: traditional data mining methods,
Deep Learning (DL) methods, ML methods, and Classification using Deep Reinforcement Learning (RL); the most
famous datasets are The Cancer Genome Altus and The Gene Expression Dataset. However, most of the literature
utilized one type of model or some combination of different models. To the best of our knowledge, the optimal
compassion of Machine Learning (ML) models, DL. models, and Deep-RL models are still unknown or unavailable
in one place. This thesis aims to explore and implement the models based on ML, DL, and Deep-RL and provide a
comparative analysis. A comparative analysis of the three feature selection techniques was performed to show the
importance of feature selection in Leukemia cancer prediction. Based on the analysis result, Logistic Regression
(LR) gave the highest accuracy of 97% with the raw dataset, while with PCA version of the dataset Support Vector
Machine (SVM), Gaussian-NB, and LR obtained an accuracy of 91.%. Furthermore, with the Random Forest (RF)
importance dataset version, SVM achieved higher accuracy of 97% along with lasso regularization dataset version
of DNN performed well and obtained a higher accuracy of 97%. Out of six different Deep-RL models with PCA
dataset, model-3,5,6 achieved better accuracy of 88.24%. Although the PCA version of six Deep-RL configurations,
model-1 reached an AUROC value of 72, which is higher than any non-PCA (raw dataset) version of six Deep-RL
models. Moreover, with RF importance dataset out of six different configurations of Deep-RL model 6 obtained
higher accuracy of 88.24%, and with lasso regularization dataset version six different configurations of Deep-RL
model 1 achieved higher accuracy of 73.53%

Keywords: Deep Reinforcement Learning, Deep learning, Machine Learning, Gene Expression; Leukemia Cancer
Classification; PCA; Random Forest Importance, Lasso Regularization
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Kanser, diinya genelinde insan sagligini tehlikeye atan, giderek yayginlagan bir risktir ve erken teshis i¢in olumlu
bir prognoz (hastaligin sonucunu tahmini) gerektirmektedir. Diinya niifusunun 6nemli bir ¢ogunlugu kanserden
6lmektedir ve arastirma toplulugu, 2025 yilina kadar olasi bir kanser vakasi artisinin sasirtici bir sekilde 25 milyon
vakaya ulasacagl konusunda alarma ge¢mistir. Birka¢ calisma, kanser olusumunun cogunlukla tehlikeli
mutasyonlarin artmasiyla desteklendigini kanitlamistir ve bu da genom bilgisine dayali kanserin taninmasini
giiclendirmektedir. Ayrica, saglik pratisyenlerine gore kanser, genomun Oliimciil hastaliklarindan biri olarak
belirtilmistir. Doktorlar, patologlar, biyologlar, veri bilimcileri ve diger yasam bilimleri ve saglik profesyonelleri
tarafindan, kanseri ve alt tipini, yani Akut Lenfositik Losemi ve Akut Miyelositik Losemi hastaliklarin1 hizli bir
sekilde tanimlayabilen gelismis bir otomatik yonteme sahip olmak saatlik bir ihtiya¢ olmasi nedeniyle arastirmalarin
merkezi olmustur. Bu arastirma, DNA Gen Ekspresyonunu kullanarak 16semi kanseri alt siniflarini belirlemeyi
amagclamaktadir. Gen ifadeleri verileri kullanilarak kanser siniflandirma alaninda bir¢ok arastirma bulunabilir. Tim
arastirmalar dort ana kategoriye ayrilabilir: geleneksel veri madenciligi yontemleri, derin 6grenme yontemleri, ML
yontemleri ve Derin Takviyeli Ogrenme kullanilarak Siniflandirma; en iinlii veri kiimeleri The Cancer Genome Altus
ve The Gen Expression Dataset'tir. Bununla birlikte, literatiiriin ¢ogu, bir tiir model veya farkli modellerin bir
kombinasyonunu kullanmistir. Bildigimiz kadariyla, Makine Ogrenimi modellerinin, Derin Ogrenme modellerinin
ve Derin Takviyeli Ogrenme modellerinin optimal anlayist hala bilinmemektedir veya tek bir yerde mevcut degildir.

Bu tez, makine 6grenimi, derin 6grenme ve derin pekistirmeli 6grenme tabanli modelleri kesfetmeyi ve
uygulamayi ve tiim ¢aligmalara ve uygulamaya tek bir yerde yardimci olmak i¢in kapsamli bir karsilastirmali analiz
saglamay1 amaglamaktadir. Losemi kanseri tahmininde 6zellik se¢iminin dnemini gostermek i¢in 3 6zellik se¢im
tekniginin karsilastirmali analizi yapildi.

SVM, Gaussian-NB ve LR veri kiimesinin PCA siirimii %91, dogruluk elde etti. Ayrica, rasgele forest
importance veri seti versiyonu ile SVM, %97 gibi daha yiiksek dogruluk elde etti ve DNN'nin kement diizenlilestirme
veri seti versiyonu iyi performans gosterdi ve %97 gibi daha yiiksek bir dogruluk elde etti. PCA veri setine sahip alt1
farkli Deep-RL modelinden model-3,5,6, %88,24 oraninda daha iyi dogruluk elde etti. Altt Deep-RL
konfiglirasyonunun PCA versiyonu olmasina ragmen, model-1, alt1 Deep-RL modelinin herhangi bir PCA olmayan
(ham veri seti) versiyonundan daha yiiksek olan 72 AUROC degerine ulasti. Ayrica, Deep-RL model 6'nin alt1 farkli
konfiglirasyonundan forest importance veri seti ile %88,24 gibi daha yiiksek dogruluk elde etti ve Deep-RL model
1'in alt1 farkl1 konfigiirasyonu ile kement diizenlilestirme veri seti versiyonu ile %73,53 daha yiiksek dogruluk elde
ett1.

Anahtar Kelimeler: Derin Takviyeli Ogrenme, Derin &grenme, Makine 6grenme, Gen Ekspresyonu; Losemi
Kanseri Siniflandirmasi; PCA; Rastgele Orman Onemi, Lasso Diizenlilestirme
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GENISLETILMIS OZET

Depolama sunucularina giinliik olarak ¢ok fazla veri indiriliyor. Buradan, uygunlugunu
hafifletmek i¢in belirli bir agidan temsil edilen tek goreli verileri rafine etmek i¢in bir yontem
aramanin kacimlmazlhigr ortaya c¢ikiyor. Genellikle, veri madenciligi, stratejik analiz igin
veritabanindan ¢ikarilan giincellenmis verileri elde etmek igin kullanilir. Tip alaninda veri
madenciligi, muazzam kapasiteye sahip etkili bir teknolojidir ve hastalara, tibbi bakim
topluluklarina, arastirmacilara ve sigortacilara avantajlar sunar.

Makine Ogrenimi, acik programlama olmadan 6nceden kesfedilmemis icgoriileri ortaya
cikarmak i¢in Oriintii tanima tekniklerini kullanma yetenegine sahiptir. Bu yetenek onkoloji alaninda,
ozellikle genomik veriler kullanilarak cesitli kanser tiirlerinin siniflandirilmasinda uygulanmistir. Bu
yaklasim, geleneksel biyolojik metodolojilerden bir ayrilmay1 temsil eder.

Ayrica 16semi hiicreleri morfolojik goriiniimlerine gore siniflandirilmigtir. Yorucu, pahali ve
zaman alan bir prosediir olan tiimdr hiicreleri arasindaki farkliliklar1 tanimak i¢in son derece yetkin
kaynaklar gereklidir. Temel kaynaklara yeterli erisilebilirlik olsa bile, yontemin giivenli olmadigin
sOylemek oldukea tesvik edicidir. Geleneksel yontemin bu sinirlari, belki de hiicre siniflandirmast
i¢in bir temel olarak kullanilan diger parametrelerin siniflandirilmasi gerekliligi ile sonuglandi. Gen
Ekspresyonu verileri, alt siniflandirma ¢aligmalari i¢in degerli bilgiler sunabilir. Buna karsilik, DNA
mikrodizileri, bir siirii genin gen ekspresyonu verilerinin es zamanli olarak godzlemlenmesinde
o6nemli bir rol oynamistir. Anormal hiicrelere kiyasla normal hiicrelerde genlerin goreceli ekspresyon
seviyelerini yonetmesi muhtemeldir. ifade diizeylerinin incelenmesi, s6z konusu hiicrelerin gen
imzasina gore kategorizasyon kararlarinin olusturulmasinda degerli anlayislarla sonuglanabilir.

Bu ¢aligma, farkli modelleri egitmek icin ¢esitli veri parametrelerini kullanma yontemlerini
karsilastirdi. Kii¢iik gen setlerini sematik siniflandirma diizenlemelerinde kullanmanin dezavantaji,
kararin kii¢iik bir veri setine gore verilmesi ve yapinin tutarliligi hakkinda sorular sorulmasidir. Bu
arada, gen Ekspresyonu bir siirii gereksinime dayanir; bazilar1 tanimlanirken digerleri
tanimlanamiyor; Oldukca kiiclik bir gen ifadesi veri setine tabi bir karara varmak asla ihtiyath
degildir. Biiylik gen Ekspresyonu veri setlerinin kullaniminda, baska zorluklara da katlanirlar. Bir
karara dayandirmak i¢in yeterli verinin erisilebilir oldugunu garanti etse de, biiyiik veri kiimelerini
kullanmanin dezavantaji, makine 6grenimi algoritmalarinin artan karmasiklig1 ve sistemdeki yiiksek
sayisal istikrarsizlik olasiligidir.

Bu c¢aligmanin temel amaci, kanser siiflandirmasi igin bir kanser genomu veri seti
kullanarak  ¢oklu siniflandiricilarin = performansimi  degerlendirmektir.  Caligma, farkh
siniflandiricilarin performansini karsilastirmanin yani sira, boyut azaltma igin Rastgele Orman

Onemi, Lasso Diizenlilestirme ve PCA gibi tekniklerin kullanimini1 da incelemektedir.
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Caligmanin sonuglari, denetimli 6grenme algoritmalarmin bir kanser genomu veri setine
uygulandiginda kanser smiflandirmasi i¢in uygun oldugunu ve bu tekniklerin kullanilmasinin

hastalar igin gereksiz teshis testlerinden kaginmaya yardime1 olabilecegini diistindiirmektedir.
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1. INTRODUCTION

1.1. Preliminary Background

In recent times image processing approaches have been extensively utilized to identify
numerous medical diseases. Leukemia is an extremely intriguing research field since it relates to the
class of blood cancer, which might affect individuals of all ages and even children (Ratley et al.,
2020). The utilization of the image process, along with Computer-based algorithms, makes the
classification feasible. When the expert in the field performs leukemia disease detection, errors might
be exhibited because of a lack of information or inaccurate information in microscopic images.
Therefore, a Computer-Based algorithm might be a valuable area to increase detection accuracy
(Facts Spring, 2014). In human blood, there are two sorts of White Blood Cells (WBCs) present, and
once the affected cells are monocytes and granulocytes, leukemia should be classified as
myelogenous.

According to health practitioners, leukemia is a malignant (cancer) disease that damages
bone marrow and blood caused by blood clotting and uncontrolled blood cell accumulation (Facts
Spring, 2014). This disease destroys blood-producing cells within the bone marrow. Acute leukemia
cancer spreads more rapidly. In such circumstances, the cells of bone marrow do not develop

properly. Acute leukemia is classified into two types:

e Acute Myelocytic Leukemia activates within early myeloid cells. That type of cell
develops into WBC aside from red blood cells, lymphocytes, or platelet-producing cells.
This is the most familiar kind of leukemia among the elderly. For most cases, early
detection of this cancer might steer to effective treatment. In this sort of cancer, a person
might feel the issue with breathing, bleeding, etc. (Oostindjer et al., 2014).

e Acute Lymphocytic Leukemia (Deb & Raji Reddy, 2003) starts in the lymphocyte,
White Blood Cells. The WBC plays an essential role in the immune system. This kind

accounts for about 80% of all leukemia cases in childhood.

1.2. Acute Lymphoblastic Leukemia

The ALL affects children primarily. When DNA abnormalities are taken by stem cells of
bone marrow, that causes overproduction of cells (Pui, 2006). Consequently, immature stem cells,
known as lymphoblasts, overflow the body, causing bleeding from the nose or gums, infections,
weakness, enlarged lymph nodes, breath shortness, fever, bruising, and bone pain (O’Brien et al.,
2018). Even though ALL is curable, early discovery is essential for the survival of patients. Doctors
require several tests to confirm the findings in the laboratory. Some tests can be invasive, requiring
a lumbar puncture or biopsy of bone marrow. Other tests can be less invasive, requiring a single

peripheral blood sample. The minimally invasive test is known as a complete blood count. A blood



sample is run with the hematology analyzer, which develops quantitative findings during such a test

(Narayanan & Shami, 2012). Figure 1.1 depicts the thrombocytes.

Figure 1.1. The blueish-purple color of ALL (Rahman et al., 2021)

Furthermore, abnormal discoveries need additional inspection using a microscope. During
the inspection, a laboratorian examines the different kinds of cells & records qualitative observations
such as cell shape. The bloodstain is usually put to a peripheral blood smear to distinguish them
under the microscope. The Red Blood Cells (RBC) are more frequent than other parts and seem to
be the greyish-pink biconcave disk. The WBCs are classified into five kinds based on the dark blue-
purple staining nucleus: lymphocyte, neutrophil, basophil, eosinophil, and monocyte are all types of
WBCs. In ALL cases, lymphoblasts may be seen under the microscope. Lymphoblasts also have
a distinct morphology from normal lymphocytes. However, they differ in appearance. A typical
lymphocyte is about the size of an RBC & contains a spherical nucleus that stains blue and purple.
The nucleus is devoid of nucleoli, densely packed with closed chromatin, & has smooth borders. The
cytoplasm is typically light blue & sparse, although it might be copious depending on the cell's
responsiveness.

On the other hand, a lymphoblast could have a more prominent nucleus that dyes sparsely
red purple. A nucleus might have distinct nucleoli, open chromatin, & be indented by rough borders.
The cytoplasm could be vivid blue, but it is generally sparse. There is significant variance across
ALL the subtypes (Terwilliger & Abdul-Hay, 2017). It is challenging to identify normal lymphocytes
and aberrant lymphoblasts consistently and objectively. The precision of the findings is affected by

the observer's competence, dedication, and blood sample quality.

1.3. Acute Myelocytic Leukemia
AML can be described as abundant acute leukemia in adults, which worsens swiftly if left
untreated. AML is also named acute non-lymphocytic leukemia or acute myelogenous leukemia (Rai

et al., 1981). The bone marrow typically produces stem cells of blood known as immature cells,



which mature with time. The blood stem cell can be classified into lymphoid, myeloid, or stem cell
(Ablin, 1972). Typically, the lymphoid blood stem cell matures into a white blood cell. In the AML,
the Myeloid blood stem cells develop into a myeloblast, which can be explained as an immature
WBC. In AML, an odd number of stem cells might transform into aberrant RBCs or platelets
(McKenzie, 2005). These defective WBC, platelets, and RBCs are blasts and leukemia cells.
Leukemia cells may accumulate in bone marrow & blood, making space for healthy WBC, platelets,

and RBC. Infection, anemia, or superficial bleeding are the symptoms.
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Figure 1.2. The red-purple color of AML (MacCallum, 2022)

Leukemia cells can move outside the bloodstream to other parts of the nervous system like
the spinal cord, brain, gums, and skin. Leukemia cells may sometimes produce a solid tumor termed
myeloid sarcoma (Miyoshi et al., 2018). Most AML subgroups are determined by how
advanced cancer cells become during diagnosis time, depicted in Figure 1.2, and how they vary from
the normal cells. Furthermore, Acute promyelocytic leukemia is also a type of AML. This cancer
develops when chromosome 15 genes exchange places with chromosome 17 genes, resulting in an
irregular gene known as PML-RARA. This PML-RARA gene delivers a signal that inhibits
promyelocytes' maturation, which is a kind of WBC. Severe bleeding & blood clots are possible

complications (Gorin, 1998).

1.4. Initial Symptoms of Leukemia

Leukemia might present in numerous behaviors. Frequently, the symptoms are unspecific,
including fever, weight loss, and poor appetite. Infrequently, some symptoms are affiliated with Bone
Marrow (BM) deficiency, for instance, pallor and bruising. Figure 1.3 illustrates the usual acute and
chronic leukemia symptoms that could affect the skin, lungs, muscles, joints, bones, and bones
(Huang et al., 2014). These particular symptoms are generic for leukemia and frequently, when the
full constellation is not present, might be inaccurate for other benign disorders, for instance, viral

infection.
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Figure 1.3. Common Symptoms of Leukemia (MedicalStay Group, 2014)

1.5. Diagnosis of Acute Leukemia

Diagnosing acute leukemia needs numerous laboratory tests. The doctor goes through the
patient's medical history to confirm how long the symptoms have been present. After that, the patient
has to perform a routine physical examination to check abnormalities such as bleeding and enlarged
lymph nodes. A microscopic morphological examination will be requested if the doctor doubts acute
leukaemia. Based upon the microscopic morphological examination results, additional laboratory
tests such as BM aspirate morphological examination, cytogenetics analysis, and
immunophenotyping would be required (Childhood Leukemia Early Detection, Diagnosis, and
Types, 2022). Figure 1.4 and 1.5 depicts the crucial steps that are obligatory to be taken by a doctor

to diagnose a patient with acute leukaemia.
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1.5.1. Bone marrow exam Open pop-up dialog box
Additionally, doctors may detect persistent leukemia with a simple blood test before
symptoms appear. If this occurs or has early signs of leukemia, the patient may be subjected to the

following diagnostic tests.

1.5.2. A physical examination
Leukemia's physical indicators include pale skin anemia, lymph node swelling, and spleen

& liver enlargement.

1.5.3. Blood testing

The physician can determine if an individual has leukemia by analyzing a blood sample to
assess the presence of abnormal quantities of platelets or white or red blood cells. The blood test
could potentially reveal the leukemia cells' presence; however, not all kinds of leukemia produce

leukemia cells for circulation in blood. Leukemia cells may sometimes remain in the bone marrow.

1.5.4. Bone marrow examination

The doctor may advise you to have a bone marrow sample extracted from the hipbone. A
large, thin needle is used to remove bone marrow. The sample is then submitted to a lab for
examining leukemia cells. Explicit features of leukemia cells may be revealed by specialized testing,

which will be utilized to assess treatment choices.

1.6. ML

ML is a renowned branch of Artificial Intelligence (Al), including mathematical relations
and algorithms that were swiftly familiarized with clinical research. ML empowers computers to be
programmed deprived of unambiguous experience and learn based on that experience. The aftermath
of using these approaches in medical data processing has been astonishing and made noteworthy
accomplishments in diagnosing disease (Ehrenstein et al., 2017; Wen et al., 2018). Research specifies
that ML approaches significantly support difficult medical decision-making procedures in medical
image processing by extracting and then examining the features of these images (J. Zhao et al., 2017).
Since the number of diagnostic tools has grown and a large volume of high-quality data has been
formed, the urge to have more advanced data analysis approaches.

Nevertheless, ML is appropriate for handling large amounts of complex data and might be
an influential tool in perception and incapacitating disease (Al-Jarrah et al., 2015; Rajkomar et al.,
2019). Recently ML algorithms have been presented to be comparable with experts in a diversity of
tasks, from the initial diagnosis to prognosis approximation, along with an estimate of treatment
difficulties. Though, many ML methods have continued to fail to establish their access to everyday

clinical exercise because of various barriers and drawbacks. Figure 1.6 depicts ML algorithms.



Furthermore, to automate the AML and ALL detection process, it is advisable to utilize the
power of modern ML algorithms. ML can be explained as an advanced version of the computer
program that can automatically recognize specific problems in the data; in this case, it can precisely
classify the ALL and AML. Consequently, ML uses an advanced computer algorithm to detect
patterns within structured data. The ML is divided into two categories: unsupervised & supervised

(X.-D. Zhang, 2020).

Classification
Support WVector
Machine. Maive Bayes,
Unsuperised KINM, Random Forest
Learming Decision Tree
Machine
Learning Regreszion
SVR, Linear
Supervised Regression, GPR,
Learning Decision Tree, Neural
Metwaorks
Clustering
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Means, K-Medoids,
HMM, Gaussian Mixture

Figure 1.6. ML Algorithms

In unsupervised learning, the model identifies the different underlying structures in data
without any instruction or user intervention. A typical unsupervised learning model is depicted in
Figure 1.6. In contrast, supervised learning creates a prediction model with the help of a labeled
dataset, completed with human help. A typical ML model is built in two phases. i.e., training and
testing. An ML model generalizes a prediction equation from labeled samples in the training phase.
The model's ability to correctly identify the unseen sample is tested during the testing phase. In
simple Scenarios, such a predictive approach can be hand-programmed using a sequence of the if-
then rules. Implementing these simple rules for every potential combination of variables in a
complicated task such as microscopy is challenging; the code would become complex and

untidy. Luckily, this complexity can be avoided by employing the ML algorithm, which can handle



the data with massive variables; meanwhile, writing rules for each possible variable's combination is

unnecessary.
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Figure 1.7. Typical cycles of Unsupervised Learning (Loon, 2018)

In supervised learning (Sammut & Webb, 2010), the proposed technique feeds each sample
to the model as an input vector, producing a prediction for the output vector. After that, it matches
the output to the label of the example. The label has often been called Ground Truth (GT). If a
resultant prediction differs from GT, the algorithm adjusts the model's parameters to generate better

forecasts in the following training step. A typical supervised learning model is depicted in Figure
1.7.
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Figure 1.8. Typical cycles of supervised Learning (Loon, 2018)

1.7. Deep-RL

The category of Al & ML in which intelligent machines could be trained from their acts, in
the same manner, people learn from their experiences, is known as Reinforcement Learning (RL).
The individual has been rewarded or punished depending on their activities, which is a basic idea in
this form of ML. Actions that lead to the desired results have been awarded (reinforced). A machine
learns via trial and error, making this technique appropriate for dynamic conditions that are
constantly changing. While RL is already present for years, it was later paired with DL, which
produced spectacular results. A "deep" part of RL relates to several artificial neural networks and
(deep) layers that replicate the human brain structure. DL needs vast training data and a substantial
computer capacity. Over the past several years, data quantities have risen while processing power
prices have decreased, allowing for an expansion of DL implementations. A well-known Go
grandmaster lost to DeepMind's AlphaGo (Gibney, 2016), which used Deep-RL. This issue made
many people think about how it could be used for other things. Go isn't the only application where
Deep-RL is performed well. It is also being utilized in IoT-based real-time automation applications

and performing excellently. Figure 1.9 depicts Deep-RL.
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Figure 1.9. Deep-RL (Koo et al., 2019)

1.8. Problem Statement

Cancer is labeled as one of the deadliest global problems by the World Cancer Report
because it destroys a significant portion of the world's population. According to (Mignogna et al.,
2004), by 2025, a projected increase of 25 million cases can be seen. Moreover, the World Health
Organization reported 14 million new cancer cases annually (Stewart & Wild, 2014). This ailment
can substantially cause 8.8 million deaths annually (Boyle et al., 2008). Health practitioners, cancer
has been testified as one of the lethal sicknesses of the genome. It has been the pivot of research by
doctors, pathologists, biologists, data scientists, and other life science and health professionals. It is
a need of the hour to have an advanced automated method that can quickly identify cancer and its
subtype, i.e., ALL and AML. This research aims to identify cancer subclasses using DNA Gene
Expression.

A plethora of research exists in the paradigm of cancer classification as many experiments
have used multiple methods; however, exploiting the gene expression and interpretation data is one
of the famous and advanced methodologies. In a cancer disease study, the essential aim is to find
genes that induce the cells to metamorphose into cancer diseases (Y. Zhang, 2019). One well-known
method that shows the extent of cancer in cells and molecules in technology is using Microarray-
based datasets. A typical microarray comprises roughly 30,000 genes, which are exposed to
examination for the detection and classification of cancer (Bolshakova et al., 2005). Such
Microarrays can be described as assorted samples of DNA, RNA, tissues, or protein (Golub et al.,

1999).

1.9. Contribution of The Thesis

Existing research can be divided into four major categories: work utilizing traditional data
mining methods (Bolshakova et al., 2005; Ozcan Simsek et al., 2019), work using DL methods
(Karim et al., 2019; Mostavi et al., 2020; Patel, 2021; Sharma & Rani, 2017; Sun et al., 2019). The

10



third is work utilizing ML methods (Bhuvaneswari & Therese, 2015; Y. Chen et al., 2015;
Hooshmand, 2020; Vanitha et al., 2015; Verda et al., 2019) and classification using deep
reinforcement (Ali et al., 2018; Balaprakash et al., 2019; Liu et al., 2019; Simin et al., 2020; Xu et
al.,2019; Y. Zhang, 2019). The Cancer Genome Altus Dataset (Tomczak et al., 2015) is a particularly
well-known dataset frequently used in these research studies. However, most of the literature utilized
one type of model or some combination of different models. Most of the available literature for
comparison is theoretical. To the best of our knowledge, the optimal compassion of ML models, DL
models, and RL models are still unknown or unavailable in one place. This thesis aims to explore
and implement the ML, DL, and Deep-RL-based models and provide a comprehensive comparative

analysis so a researcher or ML practitioner can find all the works and implementation in one place.

1.10. Research Questions

In this thesis, we will aim to provide answers to the following research questions:

e  What are the ML techniques that have been applied for the prediction of ALL and AML
using gene expression data?

e  What are the DL techniques that have been used for the prediction of ALL and AML
using gene expression data?

e  What are the RL techniques that have been applied for the prediction of ALL and AML
using gene expression data?

e Among the various ML techniques that have been applied for the prediction of ALL and
AML using gene expression data, which methods have been demonstrated to be fast to

deploy and easy to implement?

1.11. Thesis Outline

Chapter 1: Introduction
The purpose of this thesis is to review and analyze the various machine-learning techniques that have
been applied for the prediction of ALL and AML using gene expression data. This chapter presents

an overview of the research problem, the research questions, and the contributions of this study.

Chapter 2: Literature Review
This chapter reviews the existing literature on ML techniques for predicting ALL and AML using
gene expression data. The focus is on identifying the similarities, differences, limitations, and

potential directions for future research in this area.

11



Chapter 3: Research Methodology
This chapter outlines the research methodology and experimental design employed in this study. It

also discusses the databases used for this study, including their sources and characteristics.

Chapter 4: Results and Analysis
The study's results are presented and analyzed in detail in this chapter. The discussion includes

comparing the performance of different ML techniques and evaluating their strengths and limitations.
Chapter 5: Conclusion and Future Directions

This chapter summarizes the main findings of the study and discusses potential directions for future

research in the field of ALL and AML prediction using gene expression data.
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2. LITERATURE REVIEW

2.1. Data Mining Techniques

Research on data mining has significantly increased in recent years, particularly in the
field of big data analysis, industry, education, and technology.(Herland et al., 2014). Data
mining examines large datasets that can be employed for several gene expression data aimed at
recognizing diverse gene classifications. But the progress in data mining research is a
breakthrough in bioinformatics. Furthermore, data mining methods have been applied mostly
in experiments and research.

A general approach is presented by (Golub et al., 1999) for cancer classification
depending on the monitoring of Gene Expression through exploiting the DNA microarrays and
testing on humans for acute leukemias classification. They discussed a classification technique
that revealed the difference between AML and ALL without previous information on such
classes. They also expressed that artificially generated class predictors could classify new
leukemia cases. They provided 2 Gene Expression datasets for the research community to build
and classify the AML and ALL, respectively.

In a study by (Ozcan Simsek et al, 2019), authors suggested BM25
term and frequency weighting measures with relevance frequency and inverse document
frequency metrics to weight mutations-based genes. They observed that the more changes a
gene had in patients having a specific illness and the fewer variations it had in other people.
They evaluated the recommended representations on the classification of cancer type. They
used The Cancer Genome Atlas (TCGA) Dataset (Tomczak et al., 2015). They employed the
tf-IDF schemes and BM25 variants to apply several machine-learning approaches. Their
findings demonstrated that BM25-tf-rf representation improves f-score values along with
classification accuracy. They also acknowledged that data representation based on BM25-tf-rf
showed a maximum accuracy of 76.44 % and an f-score of 76.95 %.

A study based on Singular Value Decomposition (SVD) (Abdi, H. 2007) was conducted
to choose informative genes and decrease the redundant data. Information gain is also utilized
to ascertain valuable features and improve classification performance. The classification
method is employed for the chosen features in the final phase. They also conducted some
experiments on a subset of features from existing datasets. The experimental outcomes
demonstrate that the presented feature selection and dimension reduction improve classification
performance relating to the area under Receiver Operating Curve (ROC) and the accuracy.

The research work presented by (Tarek et al., 2017) provided a novel ensemble scheme
for Cancer classification based on gene expression. The methodology developed to lead to a
swift and appropriate scheme that surpasses the ensemble scheme proposed by (Okun, 2011).

Their work also addressed and prevailed over three drawbacks, i.e., screening more cancer

13



categories, improving result accuracy, and alleviating the influence of over-fitting, in this
research work. Furthermore, the authors utilized K-NN (K-NN) classifier as a base element of
the ensemble.

In a study (Bolshakova et al., 2005) provided a data mining framework that enabled
various cluster validity and clustering techniques on DNA microarray data. They expressed that
the Machaon CVE tool (K-Means Clusters) may help enhance the data analysis findings'
performance and forecast the number of meaningful clusters within microarray datasets using
Gene Expression Dataset (Golub et al., 1999). They presented that this systematic assessment
may significantly improve genomic expression analysis for knowledge extraction applications.
They concluded that their created software system might be utilized to verify and cluster
applications other than DNA microarray/expression analysis. Table 2.1 shows the comparison

of the different works.

Table 2.1. Comparison of different approaches based on data mining techniques

Reference Method Dataset
(Golub et al., 1999) K-means clustering Gene Expression dataset
(Golub et al., 1999)
(Ozcan SiMsek et al., 2019) BM25-tf-rf TCGA Dataset (Tomczak et
al., 2015)
(Tarek et al., 2017) Ensembler (KNN classifier) Colon dataset
(Alon et al., 1999)
(Bolshakova et al., 2005) K-means clusters Gene Expression Dataset
(Golub et al., 1999)

2.2. Classification Using DL

The authors presented numerous Convolution Neural Network (CNN) approaches that
use irregular inputs of gene expression to identify samples as normal or malignant (Mostavi et
al., 2020). They built three CNN architectures depending on various designs of convolution,
and gene embedding approaches 1D-CNN, the 2D-Hybrid-CNN, and the 2D-Vanilla-CNN.
They evaluated the algorithms on 10,340 samples from (TCGA) (Tomczak et al., 2015),
including 33 types of cancer & 731 matching normal tissues. Their models achieved good
prediction accuracies of 93.9 to 95.0 % across 34 categories.

In (Karim et al., 2019) presented OncoNetExplainer, a novel technique for making
understandable predictions of the cancer kinds using gene expression data. They utilized
genetic data from the TCGA dataset (Tomczak et al., 2015) on 9,074 cancer patients
representing 33 distinct cancer types for training VGG16 and CNN networks employing
guided-gradient class activation maps. They also created heat maps to highlight relevant
biomarkers and calculated feature relevance based on mean absolute effect to prioritize the top

genes among all types of cancer. Their experimental results showed that both models
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achieved a high degree of confidence in properly identifying cancer kinds, with an average
accuracy of 96.25 %.

Another study (Patel, 2021) introduced a tumor detection system that used CNN on
breast mammography images as an innovative way to improve training time and feature
extraction. Their suggested model was learned and assessed by utilizing Digital Database for
Mammography Screening (Bowyer, K., Kopans, D., Kegelmeyer, W.P., Moore, R., Sallam, M.,
Chang, K. and Woods, 1996) for saving training time. They randomly chose 1000 malignant
and benign cases for training, with an additional 450 malignant and benign cases employed for
validation. According to their experimental results, the CNN classifier was trained with the
most recent training scheme to yield an 11% error in 150 epochs, whereas the validation range
error was less than the 22%.

However, (Sun et al., 2019) presented deep genome learning, a Deep Neural Network
(DNN) based technique for studying the link between genetic variants and characteristics.
They examined 6,083 samples’ Whole Exon Sequencing mutation records across 12 cancer
types available from TCGA (Tomczak et al., 2015) and WES files from healthy examples
of 1,991 obtained from the one thousand Genomes project. They built twelve specific models
to discriminate between healthy and cancer cells, a clear strategy that could identify both cancer
and healthy tissues, and a mixed model, which could distinguish among all twelve cancer types
based on Genome Deep Learning (GDL). They showed that accuracy of mixture & total
specific models for cancer detection was 97.47 %, 70.08 %, and 94.70 %, respectively.

In their study (Sharma & Rani, 2017) presented an efficient framework for cancer
categorization using genetic algorithms and DL. They built a novel framework for scaled
computing on a previously developed ML-based method named H2o. Their suggested
technique had the critical benefit of scalable cancer categorizing utilizing a Gene
Expression Dataset (Golub et al., 1999) and automatic extraction of features employing DL.
They used their approach to categorize cancer kinds based on publicly accessible GE data. They
also used parameter tuning utilizing the genetic algorithm to increase classifier performance.
They claimed that their proposed method achieved an accuracy of 92%. Table 2.2 shows the

comparison of the different works along with their achieved accuracies.
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Table 2.2. Comparison of different approaches based on DL methods

Reference Method Dataset Results (%)
(Mostavi et al., 2020) 1D-CNN, 2D-Hybrid- TCGA Dataset (Tomczak et al., 93.9-95.0
CNN, and 2D-Vanilla- 2015)
CNN

(Karim et al., 2019) VGG 16 TCGA Dataset (Tomczak et al., 96.25
2015)

(Sun et al., 2019) Genome Deep TCGA Dataset (Tomczak et al., 97.47
Learning (GDL) 2015)

(Sharma & Rani, CNN GeneExpression Dataset (Golub 92.00

2017) et al., 1999)

2.3. Classification Using ML Methods

Currently, the prediction of leukemia in its early stages is quite demanding for
physicians, and it can be performed by applying computer-aided disease diagnosis tools in
medical areas (Mallick et al., 2020). A diverse range of ML methods was utilized for medical
datasets for preparing an intelligent diagnosis structure. As a result of the digital revolution and
progress in information technology, tremendous data is created out of medical sectors. The ML
methods are appropriate for analyzing such large data, and also numerous methods were
assumed for diagnosing diverse diseases (Mahmood et al., 2020). Different diagnosis data are
obtainable through medical records at multiple hospitals for effectively running any ML
algorithms; microarray technology generates a large quantity of DNA expression data from
such hospitals. Classification of these data are more indispensable for the diagnosis at an early
stage and is also responsible for any genetic disease. Research on gene expression data is
amongst the most famous regions in ML —based data analysis. Diverse ML algorithms were
used for data analysis.

A microarray gene expression-based technique is presented by (De Guia et al., 2019).
They used ML techniques named Gradient Boosting (GB) alongside SVM to identify cancer
genes. They provided the study of genetic factor expression data & categorized the findings
based on the dataset of Gene Expression. They claimed that GB had a greater precision of 64.71
%. Another study by (Alamgir Sarder et al., 2020) proposed five feature selection strategies to
discover the most important genes and six different algorithms to categorize & analyze cancer
diseases. They obtained data about leukemia cancer from the Kent Ridge Biomedical Data
Repository in the United States. As a t-test, they utilized five FSTs: RF, Boruta, Wilcoxon sign
rank-sum, least absolute shrinkage, and selection operator. They employed a simulated
dataset to test the validity of the suggested strategy. Their experimental results showed that
integration of FST based on LASSO and NB classifier yields a maximum of 99.95
% classification accuracy.

But, the study (Hooshmand, 2020) created an innovative ML model against

cancer approaches that provide excellent outcomes with perfect specificity and sensitivity.
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They employed complete genome sequence data from the next-generation RNA sequencing
methods in Genotype-Tissue Expression and TCGA studies for healthy and cancerous tissues.
Their suggested approach to data manipulation, along with generic algorithms,showed flawless
classification. They observed that precision, specificity, and sensitivity were equal to one for
most tumors, even with little data. They claimed that their suggested method showed 90 %
precision.

Another research work by (Verda et al., 2019) assessed the efficacy of a Logic Learning
Machine (LLM) in categorizing cancer patients utilizing a collection of eight publicly
accessible gene expression datasets collected from the GEO repository cancer diagnosis. They
determined LLM accuracy using a summary ROC curve assessment and area under a ROC
curve. They compared the proposed method with the typical supervised approaches such as
Decision Tree (DT), Artificial Neural Networks (ANN), SVM, and K-NN classifiers in cross-
validation. Their experimental results showed that LLM beat all other methods except SVM
with an accuracy of 99%.

Authors used t-Statistics to identify specific genes (S. Khan et al., 2019). They
differently expressed 746 genes & 186 genes for the 2000 colon dataset and 7128 of the
leukemia dataset (Gene Expression Dataset (Golub et al., 1999). They determined prediction
accuracy using 10-fold cross-validation & three distinct machine-learning algorithms. They
deployed the ML techniques 100 times to get average forecasting accuracy. In their work, the
authors also utilized a box plot for comparison. Their finding indicated that the three
approaches' patient estimation accuracy had more than 90% and 87% throughout the
examination of the Colon and Leukemia datasets, respectively, and RF showed superior
prediction accuracy.

Yet another work by (Chen et al. 2015) used SVM to investigate the 1,760,846 patterns
of somatic mutations detected from 230 255 patients with cancer and gene function info. They
employed the COSMIC dataset in their work. They ran a classifier experiment across 17 tumor
locations, utilizing the available gene route, gene symbol, somatic mutation, and chromosome
as indicators for 6,751 patients. They observed that baseline accuracy was 57% using gene
characteristics but improved to 62% after including chromosomal and mutation information.
They claimed that the forecast of 5 primary spots, such as the large intestine, pancreas, liver,
skin, and lung, had an F-measure higher than 70% amongst the predicted main tumor spots.
They showed that the big intestine model got first with an F-measure of 87%.

Nonetheless (Devi Arockia Vanitha et al., 2014) described an efficient technique for
gene categorization based on SVM. They expressed that SVM was the supervised learning
technique that could solve complex classification tasks. They employed mutual
information between the class and genes label f for finding informative genes. They

used chosen genes to train the SVM classifier, & its testing capacity was evaluated using the
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Cross-Validation technique. Their suggested technique performance was assessed using a
microarray Gene Expression Dataset (Golub et al., 1999). They stated that SVM beat other ML
algorithms with 67.74 % accuracy. Table 2.3 shows the comparison of the different works

along with their achieved accuracies.

Table 2.3. Comparison of different approaches based on ML methods

Reference Method Dataset Results (%)

(Mallick et al., 2020) DNN Gene Expression Dataset 98.20
(Golub et al., 1999)

(Mahmood et al., RM, GM, C5.0 DT (Pan et al., 2017) 87.40

2020)

(De Guia et al., 2019) GB and SVM Gene Expression Dataset 99.90
(Golub et al., 1999)

(Devi Arockia SVM Gene Expression Dataset 67.74
Vanitha et al., 2014) (Golub et al., 1999)

(Verda et al., 2019) ANN, SVM, and KNN GEO repository 99.00

(S. Khan et al., 2019) SVM, LDA, and RF Gene Expression (Golub et 90.00

al., 1999)

2.4. Classification Using Deep-RL

RL a peculiar class of ML, has also built applications in cancer and medical oncology
research regarding uncovering the optimal treatment strategies and a computer-aided diagnosis
of disease. In a typical RL model, an agent, for instance, uses the physician's interaction with
the environment to accomplish an objective based on the result that the physician desires to
improve (reward). The learning procedure of an agent in an RL is a continuous process.
However, the environmental interactions occur at a discrete time. Once an environment's
condition is acquired, the agent picks a specific action to interact with. Then the environment
responds to the action taken by the agent, and in return, the reward that the agent like or is
unlikely to obtain is finally settled (Sutton & Barto, 2015).

A combination of ANN and RL techniques is utilized to diagnose and classify
melanoma, squamous & basal-cell skin cancers (Simin et al., 2020). They pre-processed the
cancer photos from the ISIC site/archive and retrieved ten characteristics. After this, they
sent retrieved characteristics into Neural Network (NN) for classification. They used a well-
known deep-RL approach-solving methodology called the Q-learning technique to achieve this
goal. Their outcomes were compared with the test networks and revealed the preferable
performance of the RL method for selecting the optimum neurons within hidden layers. They
showed that the algorithm achieved 93.78 % accuracy using the RL technique.

The research work (Xu et al., 2019) described a unique Deep-RL strategy for breast
cancer categorization. They developed Recurrent Neural Network (RNN)to make
classification judgments and forecast the picture area's position to be discovered at the next

sampling interval. They used reinforcement techniques to improve the entire network to acquire
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an optimum strategy for classifying the region because the region selection procedure was non-
differentiable. They only needed to analyze a portion of pixels inside the raw picture using their
new look, organize, and investigate technique, resulting in considerable savings in computing
resources without losing speed. Their approach achieved 96% accuracy using the public
breast/cancer histopathology dataset.

Furthermore, (Balaprakash et al., 2019) created an architecture based on Deep-RL to
automate the prediction models based on DL for a relevant cancer data class using the NCI-
ALMANAC database. We provide bespoke building blocks that enable domain specialists to
comprise specific features of cancer data. They also validate that their technique
discovered DNN topologies with much lesser parameters, faster training times, and accuracy
comparable to or greater than manual architectures. They investigated their technique's
scalability on approximately 1,024 Intel-Knights-Landing units of Argonne Leadership
Computing Facility's Theta supercomputer. They claimed that their suggested method showed

an accuracy of 98.5%.

Table 2.4. Comparison of different approaches based on Deep-RL

Reference Method Dataset Results %

(Simin et al., 2020) | Deep-RL/ Q- ISIC site/archive 93.78
Learning

(Xu et al., 2019) Deep-RL / Q- Public breast/cancer histopathology database 96.00
Learning

(Balaprakash et al., | Deep-RL / Q- NCI-ALMANAC database 98.50
2019) Learning

(Ali et al., 2018) Deep-RL / Q- LUNA's LIDC/IDRI database [29] 64.40
Learning

(Y. Zhang, 2019) Deep-RL FCTM (Di Cataldo & Ficarra, 2017), EECO 86.69

(Im et al., 2016), and Thydeep (Jiang et al.,
2017)

Furthermore, authors (Ali et al., 2018) presented an ANN-based Deep-RL approach for
the timely identification of lung cancer using CT images. AlphaGo motivates the work. Their
DL method took the raw CT images as input, perceived it as the state's collection, and outputs
nodule presence classification. They trained their model by using LUNA's LIDC/IDRI database
(Armato et al.,, 2011). Their training results provided a 99.1% overall accuracy. The
experimental results of their test produced a 64.4% accuracy. Another research work by (Liu et
al., 2019) showed some exemplary Deep-RL techniques that might be used to identify lung
cancer. They described the most prevalent kinds of lung cancer and the essential features of
every type. They highlighted open obstacles and potential future research paths of using deep-
RL to identify lung cancer, which was predicted to support the development of smart healthcare

with the medical IoT.
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Although (Y. Zhang, 2019) offered a unique Deep-RL approach for thyroid cancer
identification and prediction to imitate the visual attention process. They discussed that the Sal-
deep network added the saliency map to the Deep-residual network, which increased the feature
recovered from various areas based on the mask map. They expressed the Sal-deep network
was a network paradigm that may operate successfully for the benchmark with multiple data
sets. They claimed that sal-deep networks enhanced network complexity while improving
network efficiency. They showed that their proposed technique showed a precision of 86.69 %,
susceptibility of 89.25 %, and specificity of 86.91 % on FCTM (Di Cataldo & Ficarra, 2017),
EECO (Im et al.,, 2016), and Thydeep (Jiang et al., 2017) datasets. Table 2.4 shows the

comparison of the different works along with their achieved accuracies.
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3. MATERIALS AND METHODS

3.1. Materials

The fast development of cancer genome data sets coincided with the rapid expansion
of analytical techniques for genome studies analysis of microarray. In classifying leukemia
cancer datasets, several researchers have tried a diverse range of classification functions that
have been presented. The data in our work is initiated from proof-of-concept presented by
(Golub et al., 1999). This proves that gene expression monitoring might be used to categorize
cancer and suggests a way to determine novel cancer classes and allocate them to previously
known cancer classes. We have utilized microarray data (Golub et al., 1999), and raw data is
obtained from scanning genomic microarrays out of 72 individuals. These individuals have one
of the cancer categories under consideration, such as (leukemia). This thesis corresponded to
7129 gene values for every patient that has contributed. In this study, ALL contributes 65%,
AML contributes 35% of the overall dataset, and gene description and accession number are
contained within this section. In this study, we used a gene expression dataset and applied
various classification techniques, including supervised ML methods such as LR (Joachims,
1999), SVM (Mukherjee, 2003), K-NN (Fix & Hodges, 1989), DT (Svetnik et al., 2003), RF
(Mallick et al., 2016), XGBoost (Kashef et al., 2020), Gaussian NB (Begum et al., 2016), and
NN (Kocatiirk et al., 2022). We also employed a Deep-RL method. The proposed methodology

for this study is illustrated in Figure 3.1.

Logistic Regression SVM Neural Network Random Forest
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Figure 3.1. Proposed approach diagram

3.2. Microarray Technology
Microarray technology has been extensively utilized in gene quantification technology
for two decades. Microarray technology is still considered better than RNA-seq technology

because of its low cost. Besides, the microarray is regarded as the first technology to measure
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expression levels of all genes simultaneously. The most utilized platforms for microarray are
[lumina and Affymetrix (Géhlmann & Talloen, 2017; Illumina, 2009). The expression values
are obtained through microscopic DNA spots connected to a solid surface and follow a
hybridization procedure. After the completion of this process, then, with a laser, the gene
expression values are measured (Tagman, 2009; Zahurak et al., 2007). Lastly, the quantification
levels are measured and then exported to a CEL file (Schena et al., 1995).

Furthermore, The DNA, RNA, and protein samples on the microarrays represent the
human genome (Cook et al., 2016). The sample will determine the type of microarray on the
slide, such as RNA, DNA, or protein combinations. The available cancer genomic data makes
it feasible to study cancer gene expression. Most data sets were provided for lung or breast
cancer, while others had sample sizes of less than a hundred people. A breakthrough in gene
expression profiling, microarray profiling, has been mostly employed to analyze gene
expression in cancer (Tarca et al., 2006). Methods of cancer classification, as well as their

assessment and accuracy.

3.3. Dataset

The dataset demonstrated how new cancer cases might be identified using gene
expression and offered a generic technique for finding novel cancer classes and classifying
tumors. These data were analyzed to determine the classification of individuals with ALL and
AML. The dataset that the system will run is defined. Then a series of actions to be performed
on the dataset is defined amongst loading and connecting to the dataset repository. In this work,
we used leukemia gene expression data which was collected by (Golub et al., 1999).

Additionally, the proposed framework has been tuned and tested against the Leukemia
cancer dataset to lift the assurance in utilizing the proposed system. The dataset contains 72
bone marrow samples, including 38 B-cells, 09 T-cell ALL, and 25 AML samples. In the
original study, the data from 37 patients were utilized for training, and the rest from 35 patients
was used for testing. But this study divided the testing dataset into two groups with initial 38
training samples and 34 test samples, along with measurements corresponding to ALL and
AML samples fetched from bone marrow and peripheral blood, respectively. The dataset shows
how new cancer cases could be classified by gene expression monitoring (via DNA
microarray). It provides a general approach for identifying new cancer classes and assigning
tumors to known classes. These data were used to classify patients with AML and ALL.
Besides, intensity values have been rescaled so that broad powers for every chip can be equal.

Moreover, corresponding to the dataset determined in the gene expression dataset, the
preprocessing module operates the dataset. The formulation comprises thresholding,
logarithmic transformation, filtering, and data normalization. Those measures are crucial to be

performed formerly to the actual classification occurring.
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3.4. Data Preprocessing
3.4.1. PCA-based feature selection

In the dataset, removed few columns features were form utilized datasets through
preprocessing technique because those deleted columns do not have any effect on the final
predicted outcomes of proposed models. Thus, features have to be reduced with important
features adept at discriminating classes to reduce the complication of classification, decrease
computational requirements, and enhance the prediction of classifiers. This sequentially
improves the accuracy of type, simplifies data visualization, and offers a better grasp of the
fundamental data by disclosing the interrelationship between features.

Since there are 38 patients’ rows in the training set and the other 34 rows in the testing
set, each dataset has 7129 gene expression features. But we haven't yet associated the target
labels with the right patients. We will recall that all the labels are stored in a single data frame.
Let's split the data so that the patients and labels match up across the training and testing data
frames. Undoubtedly, there is some variation in the scales across the different features. Many
ML models work much better with data on the same scale, so let's create a scaled version of the
dataset.

Moreover, there is a degree of variety in scales across numerous characteristics. This
work created a scaled version of the dataset as multiple ML models perform superiorly with
data using the same scale. Figure 3.2 presents the visualization of data before and after scaling.

After scaling, the data is clear, and the values line is easy to visualize.
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Figure 3.2. The visualization of data before and after scaling (PCA)

3.4.2. RF Importance
This work also utilized the RF importance feature selection. Since there are 72 patients,
combined training, and testing sets, each of whom is labeled either "ALL" or "AML,"

depending on the type of leukemia they have. So, the value of ALL is 47, and for AML, the
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value is set to 25. Also, each of those datasets has 7129 gene expression features. The setting

is like the PCA version, with 38 patients’ rows in the training set and the other 34 rows in the

testing set.

Moreover, the goal is to create a scaled version of the dataset as numerous ML models
perform superior with data using the same scale. Figure 3.3 illustrates the visualization of data

before and after scaling.
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Figure 3.3. Data before and after scaling (RF importance)

3.4.3. LASSO Regularization-based feature selection

The last version of the feature selection algorithm is Lasso Regularization to select the
important features. Similar to both previous feature selection algorithms. There are 72 patients,
combined training and testing sets, each labeled either ALL or AML, depending on their
leukemia type. The value of ALL is 47, and for AML, the value is set to 25; each dataset has
7129 gene expression features. The setting is similar to PCA and RF importance versions, with
38 patients’ rows in the training set and the other 34 rows in the testing set. Figure 3.4 shows

the visualization of data before and after scaling.
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Figure 3.4. Data before and after scaling (Lasso Regularization)

3.5. Feature Extraction

The significant object in feature extraction is to choose appropriate features, with
sufficient data regarding input to distinguish the different classes effortlessly. The most
advantageous solution is choosing relevant features by hand. Though, for this instance, it would
not be feasible to handle that. To reduce the dimensionality of the dataset, this study used
Principal Component Analysis (PCA) for the feature selection (Kocatiirk et al., 2022). This is
referred to as a data reduction strategy in most cases. The PCA can allow you to choose the
number of dimensions or primary components that appear in the converted outcome. It will be
used to determine the relative relevance of the features. We will break down the information
into two categories.

Furthermore, PCA is used for reducing the dimension of the data. The maximum no. of
PCA components is related to the rank of the covariance/correlation matrix. Having a data
frame with shape [n_rows, n_cols], the covariance/correlation matrix would be [n_cols, n_cols]
with a maximum rank equal to the minimum [n_rows, n_cols]. Thus, we can have substantial
PCA components at most minimum [n_rows, n_cols] due to the maximum
covariance/correlation matrix rank. Besides, in this work, the dataset has dimensions (38,
7129). So, the maximum no. of PCA components is 38. Figure 3.5 shows the dataset that applied
to the PCA and the PCA Graph.
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Figure 3.5. PCA Graph

Besides, we applied six options (For all our Algorithms), such as the minimum number
of Components (2), the maximum number of Components (38), and four other values between
minimum and maximum.

Moreover, in this work, we have utilized two other feature selection algorithms, Lasso
Regularization (Hamada et al., 2021) and RF Importance (Huljanah et al., 2019). The settings

of these algorithms are the same as the PCA version.

3.6. Classification Algorithms

Classification is one key method of data mining. One of the valuable features of these
methods is to find concealed information. Dataset classification is in two-steps practicability,
where a classification model is built up called a learning step and a classification step where

the model is used to foretell class naming for giving dataset (Han & Kamber, 2012).

3.7. Classification using ML Algorithms
3.7.1. Classification using LR

LR can be described as a statistical technique that uses a logistic function to epitomize
a variable (Wright, 1995). Similar to the original logistic model, a binary logistic model has a
dependent variable with binary values, denoted with the labels "0" and "/". For instance,
determining if a sample contains a specific class. Each detected type is assigned a probability
of “0” to “I1”, while the sum of the probability of both classes will be /.

The logistic model measures the probability of a given class or event, such as
healthy/sick. The logistic model's log chances for the value labeled "1" are a linear combination
of independent variables that can be binary or continuous. The log probabilities are called logit,

derived from the logistic unit in the literature. The equation of LR can be explained as follows:
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log (%) =aqay +a;X (3-5)

Where Q denotes the probability and % denotes the likelihood of the results. The

figure below shows the graphical representation of LR. However, the working technique of LR
is similar to the Linear Regression model. Still, the LR model uses a more complicated cost
function, which may be defined as the 'Sigmoid function' or the 'logistic function' rather than a
linear function (L. Zhao et al., 2001). Figure 3.6 illustrates curves of Linear Regression

compared to LR.

Logistic regression model
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Figure 3.6. Comparison of linear and logistic curves (Mehmood, Asad, 2019)
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3.7.2. Classification using a SVM

The SVM is a supervised learning method commonly employed in ML -based
applications (Joachims, 1999). The SVMs have supervised learning models related to learning
algorithms that examine data and identify patterns and are also utilized for regression analysis
and classification tasks. According to a group of training samples, every marked as an
association to one of two classes, an SVM training algorithm generates a model that allocates
new samples within one class or the other, which causes it to be a non-probabilistic binary linear
classifier. Moreover, new samples are mapped into that space and forecasted to pertain to a
class based on which part of the gap samples fall on. In short, SVM is a binary classification
process that distinguishes a group of data points from another. SVM is amongst the most often
applied techniques in classification. The SVM and its variation are currently one of the top
eminent classification methods with computational perks contrary to competition (Cristianini
& Shawe-Taylor, 2000). The SVM has demonstrated functional benefits in tumor classification
because of SVM provides fast computation, easy implementation, statistical proficiency along

with capability to perform gene selection. Furthermore, it utilized numerous categories of data
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in a large-scale dimension completely with a small number of examples and a substantial
number of genes.

Consider a situation as follows: dataset D contains a series of samples al,a2,ap € A
with corresponding labels y1,y2,yn € y. A separating hyperplane classifier is to train a
function f: M — n from D that is exploited to forecast the label for each sample a € A by
f(a) and characterized into corresponding categories as y € { —1,+ 1}. A1, + 1 using the
untying hyperplane classifier technique. In this case, the condition WTA + b > 0 foryi =
1 known as the separation hyperplane property (Chih & Chih, 2022). Figure 3.7 portrays an
illustration of SVM.
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Figure 3.7 SVM Classification curve (Awad & Khanna, 2015)

3.7.3. K-Nearest Neighbors (K-NN)

The K-NN can be described as a non-parametric classification technique developed by
Fix and Joseph Hodgesin in 1978 for applying classification issues (Saini et al., 2013). This
method imposts the data regarding its neighbor points for output label classification (Newman
& Sproull, 1974). This algorithm is extensively utilized for pattern recognition along with
classification applications. This algorithm can predict the target class more accurately and
unpretentiously. The K-NN is a lazy-learning algorithm with its function predicted only locally,
and the entire calculation is belated until the classification process (Mejdoub & Ben Amar,
2013).

The K-NN algorithm utilized in our work considers the output as a target class. The
value of K is engaged as a real-valued positive integer (Cunningham, 2007). The KNN
algorithm is subtle toward the local part of the input, which makes the algorithm further

exclusive to the classification issue. Further steps regarding the algorithm are as follows:

e Estimate Euclidean distance d(x, x;) where i = 1,2 ...n amongst the points.
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e  Sort above attained n distances in ascending way.

e Take k as areal-valued positive integer, and then the first k distances are obtained
from the above structure.

e  Use these k distances and calculate k points.

e For k > 0,k; is the number of points resembling the i*" the group within k points.

° Then check the state of k;, kj on the condition that the value of i is not equal to jJ,

keep x in the class i.

Here the value of k is taken about the input; k turn into a larger number, then it will
decrease irrelevant features' impact on the output category. The presence of irrelevant features
in the input dataset will decrease the K-NN algorithm's precision despite its elevated
classification efficiency (Frigui & Gader, 2009). Therefore, feature selection and pre-

processing are important for the proposed work. Figure 3.8 illustrates the K-NN classification.
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Figure 3.8. A representation of K-NN classification (de Carvalho Couto et al., 2022)

3.7.4. Classification using a DT

The decision-Tree algorithm is extensively utilized ML algorithm regarding issues of
both classification and regression. Mainly, the algorithm replicates similar to humans' thinking,
making it quite prevalent and simpler to construe the inputs with better consideration of the
issue (Olanow et al., 2001). In this algorithm, a DT represents a tree among its node denotes to
the characteristic while its association states to a decision rule along with its leaf node states to
an output category. The purpose is to yield a tree-like assembly for the input features and build
a distinctive output at each leaf (Pandya & Pandya, 2015).

Furthermore, the requirement of implementing the decision-tree algorithm in our work

is to create a training model that is supposed to be applied for the estimate of output category
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by supposing the decision rules are understood from the primary trained data. Figure 3.9

represents the structure of the algorithm.
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Figure 3.9. DT Representation, (Kutschenreiter-Praszkiewicz, 2017)

3.7.5. Classification using RF

A RF illustrated in Figure 3.10 can be described as a ML technique that may be used
to solve problems such as regression and classification (Breiman, 2001). This classifier is
extensively employed in various areas with motivating performances, predominantly in medical
imaging (Parmar et al., 2015).

RF takes advantage of ensemble methods, i.e., combining various classifiers. An RF
method is encompassed numerous DTs. The 'forest’ of the RF method is taught using bagging.
Bagging can be described as the meta-algorithm-based ensemble that enhances the results of
ML methods by increasing the number of algorithms in the ensemble. Because the DT provides
predictions, the RF algorithm may decide the outcome based on those predictions. It anticipates
by taking an average of the output of numerous trees simultaneously. Using a RF method
alleviates the limits of the DT technique. It reduces the amount of overfitting in the dataset and
increases accuracy.

The rule is to create a multitude (k) of independent trees that are made from an initial
sample that conforms to N patients with F features. The preliminary training sample might be
characterized through a matrix of size (N, F). After building, the forest is then applied for
classification making predictable labels such as label 0 as respondent and label 1 as non-
respondent. Subsequently, the final labeling of patients is performed with most of the votes
from the forest. Two arbitrary procedures are employed for constructing the forest. In the first
process, every tree of the forest is created out of a bootstrap sample of k patients, randomly
selected with a substitute. Hence that a bootstrap might have numerous times similar patient
info. In the second process, out of this sample, a binary tree is built out of the DT. For every

tree node, a subclass of f features selected arbitrarily between the F features is outlined. Here
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f is equal to the rounded VF (Genuer et al., 2010). Moreover, the cross-validation technique
is utilized for assessing the classifier according to a sampling method, signifying that the dataset
is split into K subsamples. K — 1 are applied to create training samples, whereas the last is
deemed the test sample. This process is comprehended K times with variation to employ each
subsample as an authentication set. Through comparing estimated labels and truth, capable of
estimating accuracy for every test sample. The model accuracy resembles the standard

deviation (SD) and the mean of K computed accuracies.
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Figure 3.10. RF depiction, (Ghorbanzadeh et al., 2020)

3.7.6. Classification using XGBoost

The initial development of XGBoost began as a research effort by Tianqi Chen (Chen
& Guestrin, 2016), who was working as a member of the Distributed ML Community. In its
early stages, it was only a terminal program that could be customized via the LIBSVM
configuration file (Chih & Chih, 2022). Afterward, it received massive recognition in the ML
competition community. This increased the number of developers who could use the library
and increased its popularity in several tournaments.

XGBoost, illustrated in Figure 3.11, has outstanding scalability and high running speed,
making this algorithm an effective machine-learning technique (Chen & Guestrin, 2016). In
this work, a tree booster is utilized for each iteration. Moreover, this classifier is prevalent since
it is consistent, effectual, predictable, and moderately slow in execution (Chen et al., 2015).

This course familiarizes me with numerous of Kaggle’s challenges.
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Figure 3.11 XG-Boost classification example (Ishan, Shah, 2020)

3.7.7. Classification using Gaussian Naive Bayes (Gaussian-NB)

Gaussian Naive Bayes is a variation of Naive Bayes that uses the Gaussian-based
normal distribution and works with continuous numbers. It is a basic categorization approach
with much power. When the dimensionality of the inputs is high, they are helpful. The Naive
Bayes Classifier may also be used to solve complex classification. The classification is
performed through the Bayes principle to measure the probability of class name C, given that
the case X; ... X, by the formula P(C =c | X; = X1, ... ... ,Xn = x,). The classifier can be
determined as Classify (B;...B,) = argmax P(C =c) [}, p(B; = bi|C =c¢) where
(Bq ... B;)= Attribute Variables and C = Class name (M. & P., 2016). Furthermore, training
data are divided through class and mean, and the standard deviation of each class is measured.

So, for calculating the probabilities of the dataset following equation can be applied

1 —G=w? (3.6)
P(X=xIC=C)=\/2_e 207
o

Where x= variable, c¢= class, o= standard deviation.

3.8. Classification using DNN

DL, a form of ML, is built on NN, which employs computer approaches that replicate
the workings of the human brain. NNs use training to comprehend the underlying structure of
the data they are given. Then the recognized patterns are used to produce predictions for fresh
data sets like the original. In this second wording, a NN depicted in Figure 3.12 is described as
the functional unit of DL. It is designed to replicate the human brain and recreate its mental

processes to tackle complicated data-driven challenges (Ngiam et al., 2011).
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Furthermore, NN has extensive uses in numerous areas, predicting medical applications
(Azar, 2013). Previously NN has been utilized for cancer classification (J. Khan et al., 2001)
and areas of bioinformatics [19-21]. Additional utilities of ANN models have been discussed
in [9-11, 22-24] and in citations.
In Figure, the hidden layer processes the inputs through a connection function described as

follows,

hyp(X) = F(WTX + b) (3.7)

Where W refers to weight and b to bias, all input layer neurons are active. In that case, every
input neuron will increase its corresponding weight matrix, and the output will be added with a

bias, then given to a nearby hidden layer.

L
Input Hidden Layer Output
Layer Layer

Figure 3.12. Neural Network structure (Tang et al., 2019)

Explicitly, the input of the activation function is a blend (WTX + b) Symbolized in
equation (3.7), function output is then given to an adjacent neuron as a new input. In the
connection formula, the previous input feature might be removed to the next layer; through this
way, the components might be properly extracted and refined. The overall feature extraction

performance relies considerably on the preference of the activation function.

3.9. Classification using Deep-RL

Deep-RL (Puzanov et al., 2020) is a branch of ML and AI that allows intelligent
computers to learn from their actions, like through experience. Incentives are given for actions
that lead to the desired outcome reinforced. A machine continues to learn via trial and error,
which makes this technique ideal for complex systems that are constantly evolving; At the same
time, RL has been known for decades; it has just recently been coupled with DL, with stunning
results. The "deep" component of RL refers to the layers of artificial neural networks that are

"deep" in comparison to the human brain's structure (Francois-Lavet et al., 2018). DL requires
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massive amounts of training data and considerable computer resources. The volume of data has
risen in recent years, while the cost of processing resources has decreased dramatically,
enabling DL applications to emerge (Liu et al. 2019). Clinical trials such as cancer dedication
and categorization, novel medication research and automated therapy, and Deep-RL promise to

enhance healthcare (Cohn et al., 2018). Figure 3.13 depicts Deep-RL.
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Figure 3.13. Deep-RL (Hatem & Abdessemed, 2009) (Foudil Abdessemed 2009)

3.10. Performance Assessments
In ML applications, recall and other specificity measures are extensively utilized
besides the common accuracy measure—formal definitions for these performance criteria are

labeled as shown below.

True Positive (TP) of positive samples correctly predicted to be positive.

e True Negative (TN) of negative samples correctly predicted to be negative.

e False Positive (FP) of negative samples erroneously predicted to be positive.
e False Negative (FN) of positive samples erroneously predicted to be negative.

e (N) number of sample instances.

3.11. Confusion Matrix

The confusion matrix is utilized for evaluating the classification model. This is
fundamentally an effective classification model that is proficient in summarizing the model's
efficiency at categorizing examples into diverse classes. Table 3.1 shows the confusion matrix

representation.
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Figure 3.14 Confusion matrix

e Accuracy: Itisa measure of the ratio of correctly predicted.

(TP +TN) 3.1

A =
CCUracy =rp+ TN + FP + FN)

e  Precision: The ratio of the true positive number of total numbers of forecasted

positive samples. Precision is TP / predicted positive.

TP 3.2)

Precision = m

e Recall or sensitivity: The ratio of positive samples was correctly stated in the total
number of positive samples, known as sensitivity analysis of the true positive ratio

(TPR).

TP (3.3)

Recall = m

e F-Measure: It is the average accuracy to recall. It is an important measure that

combines precision and recall.

(2 = Recall = Precision) (3.4)
(Recall + Precision)

F — score =

Receiver Operating Characteristic (ROC): Active part of approximating the
performance of diagnostic tests. ROC is the relationship between specificity and sensitivity for
a specific diagnosis. For the ROC curves, the y-axis denoted sensitivity, and the x-axis
represented specificity. TPR is plotted over the y-axis, and FP is plotted along the x-axis.

Furthermore, the ROC curve provides a graphical diagram of trade-offs between
sensitivity (TRP) and specificity (1- FPR). The Classifiers that imply more robust results lead

to curves closer to the top-left corner.
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3.12. Tools

This thesis utilized Google Collaboratory, a cloud-based service based on Jupiter
notebooks, to implement our task. Collab provides 12 GB of RAM and can be increased up to
25 GB. All the experiments are performed with Tensorflow and Keras framework on NVIDIA
Tesla K80 GPU using Google Collab.
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4. EXPERIMENTAL RESULTS

4.1. Framework

This thesis aims to outline possibilities to explore disease through ML algorithms on
datasets in medical care. The dataset comprises clinical data taken from both diseased and
healthy tissues. The first step for applying the ML techniques is to prepare the cancer dataset,
and the next step states which algorithm perfume better.

This thesis work utilized supervised ML techniques and Deep-RL to improve the
process of classifying cancer genes based on microarray gene expression. Associating both
methods to improve cancer classifying personalized to a particular cancer genome. The gene
expression dataset aids in recognizing new cancer cases and provides a more standard approach
to help find new classes of cancer and tumor classification. The data was further analyzed to

determine the classification of ALL and AML.

4.2. Performance Characteristics

Aiming to evaluate the performance of utilized models for classifying the dataset, it’s
logical to integrate performance characteristics, for example, classification accuracy or
true/false positive rate, used for evaluating and comparing the outcomes obtained throughout
runs by different models. The performance measures of the ROC are presented to address
additional characteristics of the results achieved.

This thesis utilized eight supervised ML models and compared the performance of each
model using three different feature selection techniques and compared them with the non-PCA
(raw dataset). Since PCA permits a selection of primary components appearing in converted
outcomes (Abdi & Williams, 2010). PCA has recently been utilized in many healthcare-related
studies (Reddy et al., 2020; Shakil et al., 2020). Also, PCA is utilized to regulate the
comparative relevance of features. Further, we also tested our models without utilizing PCA
and compared the results. By utilizing the PCA pre-processing technique, we drastically
reduced the dataset's dimensionality. Additionally, six different PCA Components are applied
(PCA 2, 10, 14, 20, 30, 38), but only the PCA 2 component is utilized in the results because it
achieved better results than the rest.

Nevertheless, Lasso regularization is an embedding feature selection technique based
on a linear regression model. Its high efficacy has fascinated widespread consideration in the
feature selection field. Lasso decreases the original feature space's dimensions by compressing
and selecting variables. When creating a linear regression model, under the limitation that the
sum of absolute values of the regression coefficients is much less than an actual threshold, then

the regression coefficients with less absolute values are automatically compressed to 0 value
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(Wang et al., 2022). After these feature variables are removed, the purpose of reducing the
dimension of feature space is accomplished.

Moreover, in this trained network thesis with 50 epochs, the training loss is 1.95%.
Further, an early stopping mechanism was employed to stop training on the 12th epoch since

the training accuracy reached 100%; however, training loss was still high and overfitted.

4.3. Results of ML-based Classifiers
4.3.1. Results of LR Classifier

We have tried Hyperparameter optimization for LR using scaled data with grid search
values of C-index from [1le — 03,1e — 2,1e — 1,1,10], with penalty values of 11 and 12. The
model achieved 91.17% accuracy, and the non-PCA version of the LR model achieved 91.17
accuracies.

Further, to improve the process of classifying cancer genes based upon microarray gene
expression, the achieved by utilized models, with the scaled data along with grid search to help
fine-tune the model. LR obtained similar results with and without PCA. The classification
results from the LR classifier are tabulated in Table 4.1. Figure 4.1 shows the confusion metric
of the logistics regression and ROC curve. A confusion matrix, also known as an error matrix,
is a specific table that gives a visualization of performing an algorithm, typically supervised
learning. The classification results remain the same, concluding that there is no effect on the
results if we opted for PCA or used PCA.

Besides, the RF importance version also did not perform well enough, which has
achieved lower accuracy than the non-PCA and PCA model versions. Lastly, the Lasso
regularization-based model overfitted every expectation and performed worst. Figure 4.2
shows the confusion metric and ROC curve of the RF importance-based LR model, and 4.3

shows the confusion metric and ROC curve of the lasso regularization-based LR model.
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Table 4.1. Classification report of LR model

Methods Accuracy ROC Precision Recall F1-
% Value % (Avg.) % (Avg.)% | score(Avg.)%
LR (non-PCA) 97.00 97.05 96.05 97.05 97.00
LR (PCA) 91.17 91.42 91.00 91.50 91.00
LR (RF Importance) 85.00 86.42 85.00 86.00 85.00
LR (Lasso 100 100 100 100 100
Regularization)
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Figure 4.1. Confusion metric and ROC curve for LR model (Identicaly results in both PCA
and non-PCA versions)
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Figure 4.2. Confusion metric and ROC curve of LR model (RF importance)
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Figure 4.3. Confusion metric and ROC curve of LR model (lasso regularization)

4.3.2. Results of SVM Classifier

Afterward, another classifier, the SVM classifier. The SVM also used the PCA version
of the dataset along with the original dataset without PCA. Again, like LR, grid search cross-
validation was used to tune the model.

svm_param_grid = {'C":[0.1,1,10,100],

gamma = [1,0.1,0.01,0.001,0.00001,10] , kernel = ["linear","rbf","poly"],

nmon

decision_function_shape = ["ovo","ovr"] Best Parameters in this model
{'C": 0.1, 'decision_function_shape': 'ovo’,'gamma’: 1, kernel”: 'linear'}.

SVM provided an accuracy of 91.20% with a ROC value of 91.40 with PCA utilization.
But with the non-PCA, the accuracy of SVM improved to 97.00% with the same ROC curve
value of 99.46 illustrated in Figure 4.4. Furthermore, the classification results from the SVM
classifier are tabulated in Table 4.2. Figure 4.5 shows the confusion metric of the SVM and
ROC curve for the PCA version.

Furthermore, the RF importance version achieved an accuracy of 97% and a ROC value
of 97.50, which is on par with the non-PCA model. On the other hand, this configuration
achieved better accuracy than the PCA-based model. Figure 4.6 shows the confusion metric of
the SVM and ROC curve for the RF importance-based model. However, the lasso regularization
version is overfitted, similar to the LR model. Figure 4.7 confusion metric of the SVM and

ROC curve for the lasso regularization-based model.
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Table 4.2. Classification report of the SVM model

Methods Accuracy ROC Precision Recall F1-score
% Value % (Avg.) % (Avg.) % (Avg.) %
SVM (non-PCA) 94.12 99.46 0.97 0.97 0.97
SVM (PCA) 91.20 91.40 91.00 91.50 91.00
SVM (RF Importance) 97.00 97.50 97.00 97.00 97.00
SVM (Lasso 100 100 100 100 100
Regularization)
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Figure 4.4. Confusion Metric and ROC curve for SVM model (non-PCA)
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Figure 4.5. Confusion Metric and ROC curve for SVM model (PCA)
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Figure 4.6. Confusion metric and ROC curve of SVM model (RF importance)
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Figure 4.7. Confusion metric and ROC curve of SVM model (lasso regularization)

4.3.3. Results of K-NN Classifier

The next classifier is K-NN with n_neighbors = [i for i inrange (1,30,5)], with
uniform weights, algorithms from ["ball_tree", "kd_tree","brute"] the leaf from [1, 10, 30],
and the p = [1,2]. The non-PCA of the K-NN classifier achieved an accuracy of 82.35% with
a ROC value of 80.71. on the contrary, the PCA version obtained an accuracy of 85.29%.
Besides, the classification results on both PCA and non-PCA obtained from the K-NN classifier
are tabulated in Table 4.3. Figure 4.8 shows the confusion metric of the non-PCA version of K-
NN and ROC curve values, whereas Figure 4.9 shows the PCA version, respectively. As a
result, the PCA version has achieved higher accuracy and ROC value than the non-PCA.

Furthermore, the dataset based on RF importance achieved an accuracy of 94% with a
ROC value of 93.92, which is higher than the non-PCA and PCA versions. Figure 4.10 shows
the confusion metric of K-NN and ROC curve values for the RF importance-based model.

Besides, the Lasso Regularization-based K-NN model achieved an accuracy of 91%, which is
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also higher than the non-PCA and PCA versions of the K-NN model. In this configuration, the
RF importance-based dataset utilized in the K-NN model performed better in every aspect.
Figure 4.11 shows the confusion metric of K-NN and ROC curve values for the lasso

regularization-based model.

Table 4.3. Classification report of the K-NN model

Methods Accuracy ROC Precision Recall F1-score
% Value % (Avg.) % (Avg.) % (Avg.) %
K-NN (non-PCA) 82.35 80.71 83.00 81.00 81.00
K-NN (PCA) 85.29 85.35 84.50 85.50 85.00
K-NN (RF Importance) 94.00 93.92 94.00 94.00 94.00
K-NN (Lasso 91.00 89.28 93.00 89.00 91.00
Regularization)
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Figure 4.8. Confusion Metric and ROC curve for K-NN model (non-PCA)
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Figure 4.9. Confusion Metric and ROC curve for K-NN model (PCA)
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Figure 4.10. Confusion metric and ROC curve of K-NN model (RF importance)
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Figure 4.11. Confusion metric and ROC curve of K-NN model (lasso regularization)

4.3.4. Results of DT Classifier

In this thesis, another classified applied, which is a DT with the following parameters.

params =

{'max _leaf_nodes'": list (range (2,100)), 'min_samples_split': [2,3,4,5,6],’

max_depth': [,4,5,6,7,8]. The DT model with non-PCA configuration obtained an accuracy of
91.18% with a ROC value of 91.42%. However, the PCA version of the DT model obtained
88.23% with a ROC value of 88.92; Table 4.6 shows the classification report for both non-PCA

and PCA versions of the DT classifier. As we can see, the non-PCA version of the model

performed better. The confusion matrix and ROC curve value of the non-PCA model are

illustrated in Figure 4.12. The ROC value and confusion matrix is shown in Figure 4.13 for the

PCA version.

Additionally, based on RF importance, the DT model achieved an accuracy of 91%

with a ROC value of 91.42, which is higher than the PCA version but achieved similar results

with non-PCA, a raw dataset model configuration. Figure 4.14 shows the confusion metric of




the DT model and ROC curve values for the RF importance-based model. Besides, the Lasso
Regularization-based DT model achieved an accuracy of 91%, which is also higher than the
PCA version of the DT model but achieved similar results as the non-PCA and RF importance-
based models, respectively. In this configuration, the RF importance-based dataset, non-PCA
version (raw dataset), and lasso regularization utilized in the DT model performed better except
for the PCA version of the model. Figure 4.15 shows the confusion metric of the DT model and

ROC curve values for the lasso regularization-based model.

Table 4.4. Classification report of DT model

Methods Accuracy % | ROC Value Precision Recall F1-score
(Avg.) % (Avg.) % (Avg.) % (Avg.) %
DT (non-PCA) 91.18 91.42 91.00 91.00 91.00
DT (PCA) 88.23 88.92 87.50 89.00 88.00
DT (RF Importance) 91.00 91.42 91.00 91.00 91.00
DT (Lasso 91.00 91.42 91.00 91.00 91.00
Regularization)
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Figure 4.12. Confusion Metric and ROC curve for DT model (non-PCA)
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Figure 4.13. Confusion Metric and ROC curve for DT model (PCA)
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Figure 4.14. Confusion metric and ROC curve of DT model (RF importance)
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Figure 4.15. Confusion metric and ROC curve of DT model (lasso regularization)

4.3.5. Results of RF Classifier

To evaluate the dataset, employed RF classifier with n_estimators =
[60,70,80,90,100] max_features = [0.6,0.65,0.7,0.75,0.8] with min_samples_leaf =
[8,10,12,14] along with min_samples_split = [3,5,7] . The best RF was with the
max_features = 0.6, min_samples_leaf = 8, min_samples_split =
3,and n_estimators = 70. Again, used grid search cross-validation to tune the model like
previous models. Like other models, the non-PCA obtained an accuracy of 91.17% with the
ROC value of 91.42, whereas the PCA version of RF obtained decreased accuracy of 88.23%.
The classification results obtained from the RF classifier are tabulated in Table 4.5. RF model
also results like the DT model where non-PCA (raw dataset) performed better than the PCA
utilized formation of the model. Figure 4.16 shows the confusion metric of the RF model along
with the ROC curve value for non-PCA, and Figure 4.17 illustrates the ROC value and

confusion matrix for the PCA version of the model.
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Also, based on RF importance, the RF model achieved an accuracy of 91% with ROC
value of 91.42, which is higher than the PCA version but achieved similar results with non-
PCA model configuration. Figure 4.18 shows the confusion metric of the DT model and ROC
curve values for the RF importance-based model. Besides, the Lasso Regularization-based RF
model achieved an accuracy of 91%, which is also higher than the PCA version of the RF model
but achieved similar results as non-PCA and RF importance-based models, respectively. In this
configuration, the RF importance-based dataset, non-PCA version (raw dataset), and lasso
regularization utilized in the RF model performed better except for the PCA version of the
model. Figure 4.19 shows the confusion metric of RF and ROC curve values for the lasso

regularization-based model.

Table 4.5. Classification report of RF model

Methods Accuracy % | ROC Value Precision Recall F1-score
(Avg.) % (Avg.) % (Avg.) % (Avg.) %
RF (non-PCA) 91.17 91.42 91.00 91.00 91.00
RF (PCA) 88.23 87.85 90.00 90.00 90.00
RF (RF Importance) 91.00 91.42 91.00 91.00 91.00
RF (Lasso 91.00 91.42 91.00 91.00 91.00
Regularization)
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Figure 4.16. Confusion Metric and ROC curve for RF model (non-PCA)

47




CONFUSION MATRIX

- 18
- 16
o 2 -14
-12
- 10
-8
— 2 -6
-4
T 0 -2
o 1

Tue Positive Rate

ROC - CURVE & AREA UNDER CURVE

10

0.8

0.6

0.4

0.z

0.0

# — [‘Area_under the curve :', 0. B785714285714286)

00 02 04 06 08 10
False Positive Rate

Figure 4.17. Confusion Metric and ROC curve for RF model (PCA)
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Figure 4.18. Confusion metric and ROC curve of RF model (RF importance)
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Figure 4.19. Confusion metric and ROC curve of RF model (lasso regularization)
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4.3.6. Results of XG-Boost Classifier

Table 4.6 shows classification results obtained from the XG-Boost classifier for the
non-PCA and PCA model versions. The validation accuracy of the non-PCA version is 91.17%
which is identical to both DT and RF models, along with ROC curve value of 91.42. Figure
4.20 shows the confusion metric and ROC curve value for the non-PCA version of the XG-
Boost model.

Moreover, the XG-Boost model is also seen as decreased performance with PCA
utilization, which is similar to the previous two models: DT and RF. Figure 4.21 shows the
ROC and confusion matrix.

Similarly, based on RF importance, the XG-Boost model achieved an accuracy of 91%
with ROC value of 91.42, which is higher than the PCA version but achieved similar results
with non-PCA model configuration and lasso regularization. Figure 4.22 shows the confusion
metric of the XG-Boost model and ROC curve values for the RF importance-based model.
Besides, the Lasso Regularization-based XG-Boost model achieved an accuracy of 91%, which
is also higher than the PCA version of the XG-Boost model but achieved similar results as of
non-PCA and RF importance-based models, respectively. In this configuration, the RF
importance-based dataset, non-PCA version (raw dataset), and lasso regularization utilized in
the XG-Boost model performed better except for the PCA model version. Figure 4.23 shows
the confusion metric of XG-Boost and ROC curve values for the lasso regularization-based

XG-Boost model.

Table 4.6. Classification report of XG-Boost model

Methods Accuracy % | ROC Value Precision Recall F1-score
(Avg.) % (Avg.) % (Avg.) % (Avg.) %
XG-Boost (non-PCA) 91.17 91.42 91.00 91.00 91.00
XG-Boost (PCA) 88.24 87.85 90.00 90.00 90.00
XG-Boost (RF 91.00 91.42 91.00 91.00 91.00
Importance)
XG-Boost (Lasso 91.00 91.42 91.00 91.00 91.00
Regularization)
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Figure 4.20. Confusion Metric and ROC curve for XG-Boost model (non-PCA)
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Figure 4.21. Confusion Metric and ROC curve for XG-Boost model (PCA)
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Figure 4.22. Confusion metric and ROC curve of XG-Boost model (RF importance)
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Figure 4.23. Confusion metric and ROC curve of XG-Boost model (lasso regularization)

4.3.7. Results of Gaussian-NB Classifier

Table 4.7 shows classification results obtained from the Gaussian-NB classifier of both
non-PCA and PCA versions. The validation accuracy of both PCA and non-PCA versions also
obtained 91.17% with ROC curve value of 91.42%. Compared to the three previous models,
Gaussian-NB, RF, and DT obtained identical results whether PCA employed or not in the
original dataset. But Gaussian-NB performed identically in both versions. Moreover, Figure
4.24 shows the confusion metric of and ROC value of the non-PCA XG-Boost model along
with the ROC curve value and confusion matrix of the PCA version illustrated in Figure 4.25.

Moreover, with RF importance, the Gaussian-NB classifier model achieved an
accuracy of 76% with a ROC value of 77.85, which is lower than the non-PCA and PCA
versions. Figure 4.26 shows the confusion metric of the Gaussian-NB model and ROC curve
values with RF importance. Besides, the Lasso Regularization-based Gaussian-NB model is
overfitted. In this configuration, models with non-PCA versions (raw dataset) and PCA
performed better and achieved similar accuracy. Still, the RF importance-based dataset
achieved lower accuracy alongside lasso regularization utilized in the Gaussian-NB model
overfitted. Figure 4.27 shows the confusion metric of Gaussian-NB and ROC curve values for

the lasso regularization-based Gaussian-NB model.

Table 4.7. Classification report of Gaussian-NB model

Methods Accuracy % | ROC Value Precision Recall F1-score
(Avg.) % (Avg.) % (Avg.) % (Avg.) %
Gaussian-NB (non- 91.17 91.42 91.00 91.00 91.00
PCA)
Gaussian-NB (PCA) 91.17 91.42 91.00 91.50 91.00
Gaussian-NB (RF 76.00 77.85 77.00 78.00 76.00
Importance)
Gaussian-NB (Lasso 100 100 100 100 100
Regularization)
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Figure 4.24. Confusion Metric and ROC curve for Gaussian-NB model (non-PCA)
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Figure 4.25. Confusion Metric and ROC curve for Gaussian-NB model (PCA)
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Figure 4.26. Confusion metric and ROC curve of Gaussian-NB model (RF importance)
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Figure 4.27. Confusion metric and ROC curve of Gaussian-NB model (lasso regularization)

4.4. Results of DL-based Classifier
4.4.1. Results of DNN Classifier

The NN model is utilized and trained with 50epocs with early stopping at epoch 12
because it already obtained 100% accuracy, though the training loss was still high, indicating
overfitting. Table 4.8 tabulated the classification results obtained from the DNN model. The
DNN model with non-PCA (raw dataset) achieved an accuracy of 58.50% with a ROC curve
value of 90, and with PCA, obtained an accuracy of 88.20%, which is better than the non-PCA
version. Moreover, Figures 4.28-4.29 shows the confusion metric of the DNN model along with
ROC curve value with and non-PCA and PCA versions. Besides, the initial version of the DNN
does not seem reasonable as it stated overfitting on the dataset. At the same time, it misclassified
many labels.

Similarly, the DNN model, with RF importance, achieved an accuracy of 85% with a
ROC value of 84.28. Figure 4.30 shows the confusion metric of the DNN model and ROC curve
values for the RF importance-based model. Besides, Lasso Regularization-based DNN model
achieved an accuracy of 97%, which is higher than the PCA, non-PCA, and RF importance
versions utilized for the DNN model. In this configuration, the DNN model with lasso
regularization performed better than the rest. Figure 4.31 shows the confusion metric of DNN

and ROC curve values for lasso regularization-based DNN.
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Table 4.8. Classification report of NN model

Methods Accuracy % | ROC Value Precision Recall F1-score
(Avg.) % (Avg.) % (Avg.) % (Avg.) %
DNN (non- PCA) 58.50 90.00 85.70 29.00 50.00
DNN (PCA) 88.20 87.85 87.85 88.00 88.00
DNN (RF Importance) 85.00 84.28 85.00 84.00 85.00
DNN (Lasso 97.00 96.42 98.00 96.00 97.00
Regularization)
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Figure 4.28 Confusion Metric and ROC curve for DNN model (PCA)
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Figure 4.29. Confusion Metric and ROC curve for DNN model (non-PCA)
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Figure 4.30. Confusion metric and ROC curve of DNN model (RF importance)
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Figure 4.31. Confusion metric and ROC curve of DNN model (lasso regularization)

4.5. Results of Deep-RL Classifier

Deep-RL was also used with six different models with and without utilizing the PCA
pre-processing technique. The Learning rate throughout training is set to 0.00025. Moreover,
in this formation, both the PCA and non-PCA versions of all models did not perform well; the
achieved performance is not on par with other models, but training results were quite good also,
and most of the models were overfitted. Figure 4.32 shows the ROC curve values of models 1-
6 non-PCA. Lastly, Figure 4.33 shows all six models' confusion metrics. The outcome of the
non-PCA version of all six Deep-RL models was not impressive compared to traditional ML
classifiers such as LR and SVM performed better.

Furthermore, the non-PCA version of all six Deep-RL model results stated that out of
six non-PCA versions of Deep-RL models, model-6 performed better and achieved a test-ROC
value of 61. Likewise, the results of the PCA version of six Deep-RL models stated that out of
six PCA version of Deep-RL models, models 3, 5, and 6 achieved a test-ROC value of 87.
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Figure 4.34 shows the ROC curve values of six models with PCA, and Figure 4.35 illustrates

the confusion metric of all six models with PCA.
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Figure 4.33. Confusion metric of Deep-RL models 1-6 (non-PCA)
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Figure 4.34. ROC curve for Deep-RL models 1-6 (PCA)
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Figure 4.35. Confusion metric of Deep-RL models 1-6 (PCA)

Besides, for the RF importance, picked the model that achieved higher accuracy out of

84.24%, which is higher than the rest of the five other configurations. Figure 4.36 shows the
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confusion metric of the Deep-RL model and ROC curve values with RF importance. Figure
4.37 shows the confusion metric of the Deep-RL model and ROC curve values with lasso

regularization.

Fatse Positive Rate

Figure 4.36. Confusion metric and ROC curve for Deep-RL model-6 (RF importance)

However, the Deep-RL with lasso regularization model 1 achieved a higher accuracy

of 73.53% but lower accuracy as compared to the best model of Deep-RL with RF importance.
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Figure 4.37. Confusion metric and ROC curve for Deep-RL model-1 (lasso regularization)

4.6. Comparison of Classifiers

This thesis evaluated different models with three different configurations of the dataset,
and the raw dataset has been examined. Table 4.9 tabulated the accuracies of ML-based models
along with the ROC curve values after pre-processing technique (PCA) was applied to models
to improve the process of classifying cancer genes based upon microarray gene expression,
achieved by utilized models, with the scaled data along with grid search to help fine-tune the
model. The SVM models obtained higher accuracy of 91.20%, which is superior to other

classifiers. The rest of the model’s outcome is illustrated in Figure 4.38.
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Table 4.9. Accuracies and ROC values with best and worst percentage of the classifiers (PCA)

Model Accuracy % ROC Value %
SVM 91.20 94.30
LR 91.17 91.40
Gaussian-NB 91.17 91.42
DT 88.23 88.90
XG-Boost 88.24 87.90
RF 88.23 87.90
NN 88.20 87.90
K-NN 85.29 85.40
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Figure 4.38. ROC curve values of 8 models (PCA)

The non-PCA version of LR achieved higher accuracy of 97% and a ROC value of
97.5%. However, the second-best model, SVM, obtained 94.12% accuracy, but the ROC curve
value is better than the LR model. Table 4.10 shows the results of the classifiers. In this non-
PCA formation LR model obtained better accuracy as compared to other ML-based models.

The ROC curve values of all models except Deep-RL are illustrated in Figure 4.39.
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Table 4.10. Accuracies and ROC values with best and worst percentage of the classifiers (non-

PCA)

Model Model Accuracy % ROC Value %

LR 97.00 97.05

SVM 94.12 99.46

DT 91.18 91.42

RF 91.17 91.42

XG-Boost 91.17 91.42

Gaussian-NB 91.17 91.42

K-NN 82.35 80.71

DNN 58.08 85.07
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Figure 4.39. ROC curve of 8 models (non-PCA)

Furthermore, comparing the non-PCA versions of the ML-based classifier, the
outcomes provide no change in accuracy in any of the models, which means PCA did not affect
the outcomes of the models. Besides, the only change in the ROC value of the DNN model was
when the non-PCA version of the DNN model obtained a ROC value of 90 as compared to the
PCA version of the NN model obtained a ROC value of 88.

Moreover, comparing the results of six different models of Deep-RL that are key
purpose of this thesis. Thus, in this formation, both PCA and non-PCA version of six models
are examined to select the best. Table 4.12 shows the evaluation of the PCA version for models
1-6 ranked-wise. Figure 4.40 illustrates the classification report of the PCA version of Deep-
RL models 1-6. The models are ranked to show the best model out of six. Meanwhile, three

models (3,5,6) performed identically in every aspect and ranked best amongst other models.
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Table 4.11. Evaluation of Deep-RL models with PCA (1-6)

Models (PCA) Accuracy % Precision % Recall % F1 Score % ROC%
Deep-RL Model 3 88.24 85.71 85.71 85.71 87.00
Deep-RL Model 5 88.24 85.71 85.71 85.71 87.00
Deep-RL Model 6 88.24 85.71 85.71 85.71 87.00
Deep-RL Model 4 35.29 16.67 14.29 15.39 78.00
Deep-RL Model 2 82.35 83.33 71.43 76.92 79.00
Deep-RL Model 1 85.30 80.00 85.71 82.76 61.00

W Accuracy M Precision Recall F1Score mROC
8o R oo SRRRS SERR8  RRRRS
2383 ggggg B5848% 3 BL896 | 288485
8 N
o
529
I E\ ‘;; 3
DEEP-RL DEEP-RL DEEP-RL DEEP-RL DEEP-RL DEEP-RL
MODEL 1 MODEL 2 MODEL 3 MODEL 4 MODEL 5 MODEL 6

Figure 4.40. Evaluation metrics of Deep-RL 1-6 models (PCA)

Besides, the evaluation metrics of all six non-PCA versions of Deep-RL models are
illustrated in Figure 4.41. Meanwhile, three model-6 performed better, followed by model-1,
considered best among other models. Table 4.12 shows the classification report of the non-PCA
version for models 1-6, respectively. The models are ranked to show the best of the six models

in the non-PCA version.

Table 4.12. Evaluation of Deep-RL models non-PCA (1-6)

Models (PCA) Accuracy % Precision % Recall % F1 Score % ROC %
Deep-RL Model 3 88.24 50.00 71.42 12.05 44.00
Deep-RL Model 5 88.24 75.00 21.42 33.33 40.00
Deep-RL Model 6 88.24 60.00 21.42 31.57 61.00
Deep-RL Model 4 35.29 40.74 78.57 53.65 43.00
Deep-RL Model 2 82.35 100.00 14.28 25.00 37.00
Deep-RL Model 1 85.30 50.00 28.57 36.36 52.00
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Figure 4.41. Evaluation metrics of Deep-RL 1-6 models (non-PCA)
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Furthermore, with ML and DL-based models with the RF importance configuration,

compared the accuracies of models along with ROC values are tabulated in Table 4.13. in this

configuration, SVM models obtained higher accuracy of 97%, which is superior to other

classifiers. ROC values of all models are illustrated in Figure 4.42.

Table 4.13. Accuracies and ROC values of the classifiers (RF importance)

ue Postve Rate

False Postive Rate

Figure 4.42. ROC curve of 8 models (RF importance)

Model Accuracy % | Precision % | Recall % | F1 Score % | ROC %
LR 85.00 85.00 86.00 85.00 86.42
SVM 97.00 97.00 97.00 97.00 97.50
K-NN 94.00 94.00 94.00 94.00 93.92
DT 91.00 91.00 91.00 91.00 91.42
RF 91.00 91.00 91.00 91.00 91.42
XGBoost 91.00 91.00 91.00 91.00 91.42
Gaussian NB 76.00 77.00 78.00 76.00 77.85
DNN 85.00 85.00 84.00 85.00 84.28

/"/“‘/
P

Moreover, ML. and DL. models with lasso regularization compared the accuracies of

models with ROC values, tabulated in Table 4.14. Three models, LR, Gaussian-NB, and SVM

models overfitted. However, DNN achieved higher accuracy than the rest of the models. The

ROC curve values of all models except Deep-RL are illustrated in Figure 4.43.
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Table 4.14. Accuracies and ROC values of the classifiers (lasso regularization)

Model Accuracy % | Precision % | Recall % | F1 Score % | ROC %
LR 100.00 100.00 100.00 100.00 100.00
SVM 100.00 100.00 100.00 100.00 100.00
K-NN 91.00 93.00 89.00 91.00 89.28
DT 91.00 91.00 91.00 91.00 91.42
RF 91.00 91.00 91.00 91.00 91.42
XGBoost 91.00 91.00 91.00 91.00 91.42
Gaussian NB 100.00 100.00 100.00 100.00 100.00
DNN 97.00 98.00 96.00 97.00 96.42
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Figure 4.43. ROC curve of 8 models (lasso regularization)

Additionally, for the Deep-RL model dataset based on RF importance and lasso
regularization. In this formation, selected the best-performed configuration of 6 different
configurations. In that case, the Deep-RL model 6 with the RF importance dataset performed
better than the rest of the configurations, which obtained an accuracy of 84.24%. Besides the
Deep-RL model with the lasso regularization dataset, model 1 achieved the highest accuracy of
73.53%. Table 4.15 shows the results of both models with the highest achieved accuracies along
with other data. Also, Figure 4.44 shows the confusion metric and ROC curve value for Deep-
RL model 6 with the RF importance dataset, and Figure 4.45 shows the confusion metric and

ROC curve value for Deep-RL model 1 with the lasso regularization dataset.

Table 4.15. Deep-RL models with higher accuracy of both RF importance and lasso

regularization
Model Accuracy % | Precision% | Recall % F1 Score ROC %
%
Deep-RL Model 6 88.24 100.00 71.42 83.30 80.00
(RF importance)
Deep-RL Model 1 73.53 64.70 78.57 70.96 48.00
(lasso regularization)
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Figure 4.45. Confusion metric and ROC curve for Deep-RL model 1 with lasso regularization
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5. DISCUSSION

This study utilized different ML algorithms, such as LR, SVM, DT, RF, Gaussian-NB,
and XG-Boost, alongside DL-based algorithms, namely NN, and Deep-RL to identify leukemia
cancer subclasses using DNA Gene Expression dataset. Four configurations were utilized for
each model of the ML-based algorithm to carry out the experiments. The first one is the PCA
version, where PCA is used for dimensionality reduction. Second is every model's non-PCA
(raw dataset) version to compare whether PCA affects the outcomes. The third is a dataset with
a RF feature selection algorithm utilized with every ML-based classifier, DNN classifier, and
6 different configurations of the Deep-RL model. Fourth is the dataset with lasso
regularization—similarly, each ML classifier, DNN classifier, and Deep-RL model with six
different configurations. We compared six other formations for the Deep-RL with RF feature
selection and lasso regularization and selected one configuration that performed better than the
rest.

LR and SVM models performed better than ML-based models. SVM obtained an
accuracy of 91.20 % with PCA and 94.12% with the raw dataset, respectively, and LR obtained
97.17% with PCA and 97% with the non-PCA version. Table 5.1 shows the accuracy
comparison of all four dataset configurations for both ML and DL models except the Deep-RL

models.

Table 5.1. Accuracy comparison of ML and DL models

Models Non-PCA PCA RF importance Lasso

regularization

Accuracy% | Accuracy % Accuracy % Accuracy %

SVM 94.12 91.20 97.00 100
LR 97.00 91.17 85.00 100
Gaussian-NB 91.17 91.17 76.00 100
DT 91.18 88.23 91.00 91.00
XG-Boost 91.17 88.24 91.00 91.00
RF 91.17 88.23 91.00 91.00
DNN 58.50 88.20 85.00 97.00
K-NN 82.35 85.29 94.00 91.00

Additionally, three dataset versions of three ML-based models, DT, XGBoost, and RF,
obtained identical accuracy and ROC curve values. However, the PCA version of four ML-
based models, DT, XG-Boost, RF, and Gaussian-NB, obtained identical results. The lasso
regularization version of the DNN model obtained an accuracy of 97%, the highest accuracy
obtained in that formation, and the PCA version obtained 88.20%, which is lower than the
SVM, LR, and Gaussian-NB but on par with another ML-based model. The non-PCA version

obtained the worst accuracy among all the other utilized models.
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Similarly, for Deep-RL, six different models were used to compare the outcomes.
Moreover, all six models of Deep-RL are also utilized with both PCA and non-PCA versions.
In this formation, the PCA version of three models (3,5,6) obtained higher accuracy. However,
in the formation of non-PCA, add updated accuracies like PCA. Table 5.2 shows the accuracy
comparison of both PCA and non-PCA versions of Deep-RL models. Moreover, comparing
the results of both PCA and non-PCA versions, we can see that the PCA version got much

better and improved outcomes than the non-PCA version.

Table 5.2. Best models with PCA and non-PCA dataset

Models PCA Non-PCA
Accuracy % Accuracy %
Deep-RL Model 3 88.24 58.82
Deep-RL Model 5 88.24 64.7
Deep-RL Model 6 88.24 61.76

Furthermore, of the six Deep-RL models, model 6 utilizing the RF importance achieved
the highest accuracy. In the lasso regularization dataset version of 6 different Deep-RL models,
model 1 achieved a higher accuracy than the rest. The accuracy comparison of both formations

is tabulated in Table 5.3.

Table 5.3. The best model with RF importance and lasso regularization dataset

Deep-RL Accuracy % Features Selection Models
Model 6 88.24 Randon Forest Importance
Model 1 73.53 Lasso Regularization
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6. CONCLUSION

Numerous researchers worked on analyzing biological data and solutions related to
these problems. Different machine-learning methods have become more and more popular in
this area. Multiple DNA microarray data in practice are characterized by very high dimensional
vectors, which takes great obstacles in data mining and further processing. Besides increasing
the learning cost, high dimensionality also declines the learning performance, entitled the
“curse of dimensionality”. Consequently, dimensionality reduction has greatly benefited
numerous fields and their applications, such as microarray data analysis.

Under this framework, this thesis compares the performances of 8 different models and
six Deep-RL models by utilizing the gene expression dataset. In this proposed method, the
initial set of categorization options were 8 other ML-based models for leukemia cancer
classification based on gene expression.

This framework evaluated different models with PCA utilization to reduce the
dimensionality of the dataset along with non-PCA versions of the model that have been
examined. So far, LR and SVM models have proved to be effective methods for classifying
AML and ALL from the rest of the proposed ML-based methods, along with Deep-RL, which
also did not perform well. LR and SVM models obtained an accuracy of 97% in both PCA and
non-PCA formation, which is superior to other classifiers.

However, three models, K-NN, DT, and RF have identical model accuracy and ROC
curve values. Like those three mentioned models, the Gaussian-NB model also obtained
comparable results with no change in whether PCA was employed in the original dataset. The
validation accuracy of both PCA and non-PCA versions of all these four models, namely K-
NN, DT, and RF, Gaussian-NB, obtained 91.17% with a ROC curve of 91.42%. In contrast, the
NN model achieved an accuracy of 58.8% with a ROC curve value of 88.21 with PCA and
without PCA version only change in ROC curve value of 89.28 with the same model accuracy.
Surprisingly, NN did not perform quite well in classification tasks because it usually requires
much more data than traditional ML algorithms. That’s why Gaussian-NB performed better
because naive Bayes deals much better with little data.

In forming the RF importance dataset for ML and DL models, The SVM performed
better and achieved an accuracy of 97% with a ROC value of 97.50. The k-NN model obtained
the second-highest accuracy of 94% with a ROC value of 93.92. On the other hand, Gaussian-
NB received the lowest accuracy of 76%. In the case of Deep-RL 6 different configurations,
Model 6 obtained a higher accuracy of 84.24%.

In form, the lasso regularization dataset for ML and DL models, three ML models,

Gaussian-NB, LR, and SVM, overfitted. The DL-based model DNN achieved a higher accuracy
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of 97%. Alternatively, the lasso regularization dataset for six different Deep-RL configurations,
model 1, obtained a higher accuracy of 73.53%.

We can see that if we forecast that every patient has AML, we will often be accurate,
but all the models provided ineffective results for ALL predictions. A grid search using KNN
is also overfit. The only difference is the results of a randomized search are better to some
extent. The difficulty is that grid and random search employ the model that best matches the
training data without considering how well it will generalize to the test data. Overall, the model
is inaccurate, does not generalize to the test data, and has a significant variance issue. The Deep-
RL did not add anything regarding results, as all six tested models provided highly overfitted
results. The overall experiment showed that the data is inefficient for accurate prediction; GAN-

based or real data is needed to improve the results.
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