NS NS NS NS NS N TN NS N N NS N N N N N N N N AN AN X

=X

it | o ek | S
@ ASUNET

et | i ekl | S
(o pSetel | (i ) G gl

@ ASUNET
HANAA ALY

oA DEAD DA ADEEADEDEAE AN EADE=

SN NN N NN NN NN AN N NN/

Y7
12

N AN AN A AN AN A AN AN NN NN EAEEANEENEAE N




BRSES CSED P EEo N EE0 N STON STON STON SEON SEON ST N STV SEONSEEN SEONSEONSEON SEON SEON SEON STV ST SE0 N

=X

it | o ek | S
@ ASUNET

et | i ekl | S
(o pSetel | (i ) G gl

“|

5
*

* &

Uy

df

| il gdugal

@ ASUNET
le

la

ds2
ol
.

(el
HANAA ALY
ceAEEAEEAEEAEEAEEAEEAEEATE AT AT A A AN

SN NN N NN NN NN AN N NN/

Y7
12

PR AR A A A A A A A A




BRSES CSED P EEo N EE0 N STON STON STON SEON SEON ST N STV SEONSEEN SEONSEONSEON SEON SEON SEON STV ST SE0 N

=X

il o ==
@ ASUNET

et | i ekl | S
(O el 1§ w3 G ol

Al

b

*

b ey

2al) Gal j3Y) sla Jadad

* ® o0

Al Bala) o aglial) Allly

s

19 ol § bl d| ot el
(o=t

»

@ ASUNET
N]
Loy daa

(ol
it

b ogd cane 28 daasal) (ol 31 oda o
HANAA ALY

»

)
A g
i
okl e
—

<

oA DEAD DA ADEEADEDEAE AN EADE=

SN NN N NN NN NN AN N NN/

Yo
12

N AN AN A AN AN A AN AN NN NN EAEEANEENEAE N




Ain Shams University
Faculty of computer & Information sciences

Computer science department

Applying Computational Intelligence Techniques For
Diagnoses of Breast Cancer

A thesis submitted as partial fulfillment of the requirements for the degree
of Master of Science in Computer and Information sciences

Submitted by
Muhammed Abd-elnaby Sadek Muhammed

Under supervision of

Prof. Dr. Mohamed Ismail Roushdy

P Professor of Computer Science,
/ Faculty of Computer& Information sciences, Ain-shams University
Dean of faculty of Computers & Information Technology, Future University in Egypt

Dr. Marco Alfonse

Lecturer
Computer Science Department,

Faculty of Computer& Information sciences, Ain-shams University



Acknowledgements

ol an N ] sy
v all el el i Tsde G ¥ G dde ¥ iz o
padanll il (3aa
In the name of the Allah, the most Gracious, the most Merciful.

“Exalted are You; we have no knowledge except what You have taught

us. Verily, the all-knower, the all-wise”

I would like to express my sincere gratitude to my supervisor, Prof. Dr. Mohamed
Roushdy for their presence, patience, dedication, and their powerful help. I again thank
him for their availability and readiness to read. Much thanks for their quick responses

whenever I consulted. I am deeply grateful for their willingness to work with me.
Special thanks for Dr. Marco Alfonse for his guidance

[ am also grateful to Dr. Ahmed Mohammed Alenany and Dr. Ahmed Mohamed Helmy

for their guidance, encouragement along the road.

I grateful to my sister, Hager Abd-elnaby student of medicine for their effort to form

biological background and understand the medical concepts.

I obliged to my master, my father Abd-elnaby Sadek, my brother Ahmed and all of my

family for everything they have done for me.



Dedication

Dedicated to my father, the soul of my mother, Allah’s grant who give hope and life to our

souls, my beloved daughter, my lovely wife, my brother, and my sisters.

(I am always proud of all of you, I hope that I have done made you proud.)

1



Publications

e “Classification of Breast Cancer Using Microarray Gene Expression Data: A Survey”,
Muhammed Abd-Elnaby, Marco Alfonse, Mohamed Roushdy, Journal of Biomedical
Informatics, 117 (2021) 103764. (Indexed in Scopus).

e "A Hybrid Mutual Information-LASSO-Genetic Algorithm Selection Approach for
Classifying Breast Cancer”’, Muhammed Abd-elnaby, Marco Alfonse, and Mohamed
Roushdy, “Digital Transformation Technology”, Proceedings of ITAF 2020 (Internet
of Things: Applications & Future 2020), Springer, Part of Lecture Notes in Networks
and Systems Volume 224, pp. 547-560. (Indexed in Scopus)

e “A Hybrid Mutual Information-LASSO-Particle swarm optimization Selection
Approach for Classifying Breast Cancer”, Muhammed Abd-elnaby, Marco alfonse,
Mohamed Ismail Roushdy, International Journal of Intelligent Computing and

Information Sciences, in press. (Accepted) / May 2021

i1



Abstract

Cancer, in particular breast cancer, is considered one of the most common causes of death
worldwide, according to the world health organization. For this reason, extensive research
efforts have been done in the area of accurate and early diagnosis of cancer in order to
increase the likelihood of cure. Among the available tools for diagnosing cancer,
microarray technology is commonly used in biological and medical science to study gene
expression in cells. When a healthy tissue becomes cancerous, gene expression levels
change. Tissues can be classified by looking for changes in gene expression. Although the
huge number of features or genes in the microarray data may seem advantageous, many of
these features are irrelevant or redundant, resulting in the deterioration of classification
accuracy. To overcome this challenge, feature selection techniques are a mandatory
preprocessing step before the classification process. Two hybrid feature selection
approaches are proposed and applied on five breast cancer datasets, namely, Van’t veer,
Chin, Chowdary, Gravier and West. First approach combined mutual information, Least
Absolute Shrinkage and Selection Operator and genetic algorithm (MI-LASSO-GA). The
second approach combined mutual information, Least Absolute Shrinkage and Selection
Operator and particle swarm optimization (MI-LASSO-PSO). The following classifiers
with 5-fold cross validation are used to assess the proposed approaches: Support Vector
Machine (SVM), k-Nearest Neighbor (KNN), Random Forest (RF), Logistic Regression
(LR), and extreme gradient boosting (XGBOOST). Statistical measures of accuracy,
precision, recall and f1 metrics are used for performance analysis. MI-LASSO-PSO could
produce subsets with fewer features than subsets produced by MI-LASSO-GA for all
datasets except Chin. The average performance of MI-LASSO-GA on Van’t veer and west
is better than MI-LASSO-PSO of 96.4% and 100% respectively. On the other hand, the
average of the performance of MI-LASSO-PSO on Gravier, Chowdary and Chin of 91.5%,
99.2% and 96.8% respectively. The proposed approaches outperformed state of art

techniques for all datasets.
Keywords

Microarray, Gene expression, Breast cancer, Classification.
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