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Abstrak

Pengelasan kanser adalah kritikal kerana keperluan usaha yang gigih dalam rawatan
kanser dan peningkatan kadar kematian akibat kanser. Trend terkini dengan teknologi
pemprosesan yang tinggi telah membawa kepada ciptaan baharu iaitu biopenanda yang
berjaya menyumbang dalam penyelesaian isu berkaitan kanser. Pendekatan pengiraan
untuk pemilihan gen dalam pengelasan kanser menggunakan data tatasusunan mikro
telah diguna pakai dalam pelbagai masalah pengelasan kanser. Walau bagaimanapun,
pendekatan hibrid sedia ada dengan algoritma pengoptimuman metaheuristik dalam
pemilihan ciri (khususnya dalam pemilihan gen) tidak cukup umum untuk mengelas
kebanyakan data tatasusunan mikro kanser dengan cekap sambil mengekalkan set gen
yang kecil. Ini membawa kepada permasalahan ketepatan pengelasan dan saiz subset
gen. Oleh itu, kajian ini mencadangkan pengubahsuaian Algoritma Kunang-kunang
(FA) bersama penapis Pemilihan Ciri (CFS) yang berasaskan korelasi dalam tugas
pemilihan gen. Untuk mengatasi isu penumpuan perlahan yang dialami oleh FA, satu
algoritma FA yang ditambah baik melalui penghasilan penyelesaian yang mempunyai
saiz boleh ubah telah dicadangkan. Selanjutnya, satu strategi kemas kini kedudukan
secara komposit telah direka bentuk untuk penyelesaian saiz boleh ubah. Strategi ini
disasarkan untuk menangani masalah optimum tempatan dengan mengimbangi antara
penerokaan dan eksploitasi dalam FA. Algoritma hibrid yang dicadangkan dikenali
sebagai CFS-Algoritma Kunang-Kunang Boleh Ubah (CFS-MCFA) telah dinilai pada
data tatasusunan mikro kanser untuk pemilihan biopenanda bersama-sama dengan
penggunaan Mesin Sokongan Vektor (SVM) sebagai pengkelas. Penilaian dilakukan
berdasarkan dua metrik; ketepatan pengelasan dan saiz set ciri. Keputusan
menunjukkan bahawa algoritma CFS-MCFA-SVM menghasilkan prestasi yang baik
dari segi ketepatan klasifikasi dan saiz subset gen berbanding kaedah penanda aras.
Secara khususnya, ketepatan 100 peratus diperoleh pada keempat-empat set data dan
dengan beberapa biopenanda (antara satu hingga empat). Hasil seperti ini
menunjukkan algoritma yang dicadangkan ini adalah salah satu alternatif yang berdaya
saing dalam pemilihan ciri, yang kemudiannya menyumbang dalam analisis data
tatasusunan mikro.

Kata kunci: Pengelasan data, Algoritma Kunang-Kunang, Pemilihan gen, Data
Tatasusunan Mikro.
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Abstract

Cancer classification is critical due to the strenuous effort required in cancer treatment
and the rising cancer mortality rate. Recent trends with high throughput technologies
have led to discoveries in terms of biomarkers that successfully contributed to cancer-
related issues. A computational approach for gene selection based on microarray data
analysis has been applied in many cancer classification problems. However, the
existing hybrid approaches with metaheuristic optimization algorithms in feature
selection (specifically in gene selection) are not generalized enough to efficiently
classify most cancer microarray data while maintaining a small set of genes. This leads
to the classification accuracy and genes subset size problem. Hence, this study
proposed to modify the Firefly Algorithm (FA) along with the Correlation-based
Feature Selection (CFS) filter for the gene selection task. An improved FA was
proposed to overcome FA slow convergence by generating mutable size solutions for
the firefly population. In addition, a composite position update strategy was designed
for the mutable size solutions. The proposed strategy was to balance FA exploration
and exploitation in order to address the local optima problem. The proposed hybrid
algorithm known as CFS-Mutable Composite Firefly Algorithm (CFS-MCFA) was
evaluated on cancer microarray data for biomarker selection along with the
deployment of Support Vector Machine (SVM) as the classifier. Evaluation was
performed based on two metrics: classification accuracy and size of feature set. The
results showed that the CFS-MCFA-SVM algorithm outperforms benchmark methods
in terms of classification accuracy and genes subset size. In particular, 100 percent
accuracy was achieved on all four datasets and with only a few biomarkers (between
one and four). This result indicates that the proposed algorithm is one of the
competitive alternatives in feature selection, which later contributes to the analysis of
microarray data.

Keywords: Data classification, Firefly algorithm, Gene selection, Microarray data.
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CHAPTER ONE

INTRODUCTION

1.1 Background Study

Meta-heuristic optimization algorithms (Al-Betar et al., 2020; Almugren &
Alshamlan, 2019c; Alshamlan, 2018; Dash, 2018; Elyasigomari et al., 2017) have
shown competing performance in gene selection for cancer classification. Firefly
Algorithm (FA) is a popular meta-heuristic optimization algorithm with two special
properties: automatically subdivision and the ability for multimodality which makes
FA efficient in optimization and classification problems (Yang & He, 2013). Further
FA is capable of balancing between exploration and exploitation (Yang & He, 2013).
However, FA suffers from two major drawbacks: slow convergence and trapped into
local optimums (Dif & Elberrichi, 2019; Mazen et al., 2016; Sharma & Tyagi, 2022).
Hence, some modifications are required to overcome these issues prior to the
application in feature selection on big datasets such as cancer microarray. Thus, a new
variant of FA with mutable and composite properties is introduced in this study.
Mutable property represents the dynamic nature of the fireflies or solutions in the
population in contrast to fixed size solutions as reported in existing studies (Almugren
& Alshamlan, 2019¢; Emami & Pakzad, 2019; Peng et al., 2020). Further the term
composite denotes the composite strategy used for position update function in the

proposed study.

The convergence property of a swarm algorithm can be represented as the capability
of finding the global best solution quickly. For instance, assume there are two

algorithms: algorithm1 and algorithm2 and maximum iteration is equal to 100; and for
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Table A.1

Appendix A

Classification Results: SVM vs. CFS-SVM

Classification Results: SVM vs. CFS-SVM

Run SVM CFS-SVM
Colon Leukemia2 Leukemia3 SRBCT Colon Leukemia2 Leukemia3 SRBCT
Accuracy (%) Accuracy (%) Accuracy (%) Accuracy (%) Accuracy (%) Accuracy (%) Accuracy (%) Accuracy (%)

1 73.68 90.91 95.45 96 73.68 95.45 100 100
2 84.21 86.36 95.45 96 78.95 95.45 100 100
3 89.47 95.45 95.45 92 78.95 100 95.45 100
4 52.63 95.45 100 100 89.47 100 95.45 100
5 78.95 100 86.36 96 89.47 100 90.91 100
6 84.21 90.91 100 100 78.95 100 95.45 100
7 89.47 95.45 72 100 89.47 100 100 100
8 73.68 81.82 90.91 100 84.21 100 95.45 100
9 84.21 95.45 95.45 92 94.74 100 100 100
10 68.42 100 100 92 84.21 100 100 100
11 78.95 95.45 77.27 100 84.21 95.45 90.91 100
12 84.21 86.36 95.45 100 94.74 100 100 100
13 73.68 100 90.91 100 78.95 100 95.45 100
14 63.16 95.45 72.73 100 84.21 100 100 100
15 89.47 100 95.45 100 94.74 95.45 95.45 100
16 84.21 95.45 72.73 100 84.21 100 100 100
17 78.95 100 90.91 100 84.21 100 95.45 100
18 78.95 100 90.91 96 94.74 100 95.45 100
19 84.21 95.45 90.91 100 84.21 95.45 100 100
20 84.21 100 95.45 100 94.74 100 100 100
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Appendix B

Classification Results: FA-SVM

Table B.1
Classification Results: FA-SVM for Colon, Leukemia2, and Leukemia3 Datasets

Run Colon Leukemia2 Leukemia3
Subset=1 Subset=1 Subset=1 Subset=2 Subset=3 Subset=4 Subset=5 Subset=6
Accuracy (%) Accuracy (%) Accuracy (%) Accuracy (%) Accuracy (%) Accuracy (%) Accuracy (%) Accuracy (%)

1 52.63 90.91 81.82 90.91 86.36 86.36 90.91 86.36
2 78.95 95.45 81.82 77.27 81.82 81.82 86.36 90.91
3 57.89 95.45 81.82 90.91 90.91 90.91 95.45 86.36
4 63.16 100 90.91 77.27 95.45 95.45 95.45 100
5 89.47 77.27 86.36 86.36 81.82 95.45 86.36 72.73
6 52.63 90.91 90.91 81.82 90.91 95.45 81.82 90.91
7 84.21 90.91 90.91 72.73 90.91 90.91 81.82 86.36
8 68.42 81.82 90.91 72.73 90.91 95.45 86.36 100
9 63.16 90.91 86.36 95.45 90.91 90.91 90.91 86.36
10 84.21 86.36 90.91 90.91 86.36 90.91 95.45 95.45
11 63.16 100 90.91 86.36 86.36 90.91 72.73 81.82
12 78.95 95.45 86.36 86.36 86.36 86.36 81.82 90.91
13 57.89 59.09 90.91 86.36 77.27 81.82 86.36 90.91
14 68.42 59.09 77.27 72.73 95.45 95.45 77.27 86.36
15 63.16 90.91 86.36 86.36 81.82 86.36 81.82 100
16 73.68 72.73 86.36 95.45 86.36 90.91 90.91 77.27
17 100 95.45 86.36 90.91 72.73 95.45 86.36 77.27
18 63.16 90.91 86.36 95.45 81.82 86.36 95.45 90.91
19 52.63 50 45.45 81.82 90.91 95.45 95.45 90.91

20 52.63 59.09 81.82 95.45 90.91 77.27 86.36 95.45
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Table B.2

Classification Results: FA-SVM for SRBCT Dataset

Run SRBCT
Subset=1 Subset=2 Subset=3 Subset=4 Subset=5 Subset=6 Subset=7
Accuracy (%) Accuracy (%) Accuracy (%) Accuracy (%) Accuracy (%) Accuracy (%) Accuracy (%)

1 60 64 68 76 80 84 92
2 64 64 68 68 80 80 88
3 56 68 92 76 88 96 92
4 64 68 Vg 76 76 88 96
5 52 80 84 88 84 84 84
6 68 60 88 72 88 88 92
7 68 84 92 76 88 84 80
8 44 72 80 88 88 96 84
9 64 76 88 72 92 88 100
10 60 68 80 84 84 84 92
11 64 80 76 84 84 80 84
12 56 76 76 76 76 88 88
13 60 76 76 76 76 88 84
14 56 76 84 72 84 80 80
15 64 72 84 80 80 80 88
16 68 76 88 76 88 88 92
17 64 76 80 64 80 88 92
18 56 72 76 80 88 84 96
19 68 68 76 84 80 88 92
20 52 80 60 84 84 92 92
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Appendix C

Classification Results: CFS-FA-SVM

Table C.1
Classification Results: CFS-FA-SVM

Run Colon Leukemia2 Leukemia3 SRBCT
Subset=1 Subset=2 Subset=1 Subset=1 Subset=1 Subset=2 Subset=3 Subset=4
Accuracy (%) Accuracy (%) Accuracy (%) Accuracy (%) Accuracy (%) Accuracy (%) Accuracy (%) Accuracy (%)

1 89.47 84.21 86.36 100 48 80 76 100
2 84.21 94.74 95.45 86.36 56 84 84 100
3 73.68 94.74 95.45 81.82 68 92 38 92
4 68.42 94.74 90.91 90.91 64 84 84 100
5 73.68 89.47 81.82 90.91 64 84 80 96
6 73.68 78.94 86.36 95.45 68 88 76 100
7 73.68 94.74 90.91 86.36 56 88 92 88
8 78.95 89.47 100 90.91 60 76 80 88
9 89.47 94.74 95.45 86.36 60 80 92 96
10 89.47 84.21 95.45 90.91 64 84 92 92
11 63.16 89.47 90.91 86.36 72 88 80 92
12 84.21 100 95.45 81.82 68 72 88 96
13 84.21 89.47 86.36 81.82 64 72 96 96
14 57.89 89.47 81.82 90.91 72 80 38 96
15 78.95 94.74 81.82 95.45 56 84 38 92
16 94.74 84.21 86.36 77.27 52 68 92 96
17 84.21 84.21 77.27 90.91 52 76 64 96
18 73.68 84.21 81.82 90.91 60 84 92 100
19 73.68 94.74 81.82 77.27 52 76 92 92

20 73.68 84.21 90.91 86.36 60 76 80 96
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Table D.1

Appendix D

Classification Results: CFS-MCFA-SVM

Classification Results: CFS-MCFA-SVM with FF-SVM Parameters

Run Colon Leukemia2 Leukemia3 SRBCT
Accuracy (%) Subset Size Accuracy (%) Subset Size Accuracy (%) Subset Size Accuracy (%) Subset Size

1 100 4 100 2 100 6 100 6
2 89.4737 3 100 1 100 8 100 10
3 94.7368 3 100 2 100 7 100 9
4 100 9 100 5 100 10 100 8
5 89.4737 8 100 4 100 5 100 7
6 100 8 100 6 100 7 100 8
7 100 1 100 2 100 6 100 7
8 100 3 100 2 100 11 100 12
9 94.7368 4 100 4 100 4 100 9
10 89.4737 7 100 1 100 6 100 8
11 100 3 100 2 100 10 100 7
12 94.7368 8 100 5 100 9 100 8
13 100 5 100 4 100 16 100 7
14 100 9 100 6 100 8 100 9
15 89.4737 8 100 2 100 7 100 8
16 89.4737 4 100 2 100 10 100 7
17 94.7368 3 100 4 100 5 100 8
18 100 7 100 1 100 7 100 7
19 94.7368 7 100 4 100 6 100 12
20 84.2105 6 100 2 100 11 100 9
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Table D.2
Classification Results: CFS-MCFA-SVM with Co-ABC Parameters

Run Colon Leukemia2 Leukemia3 SRBCT
Accuracy (%) Subset Size Accuracy (%) Subset Size Accuracy (%) Subset Size Accuracy (%) Subset Size

1 100 4 100 2 100 5 100 4
2 100 9 100 1 100 5 100 10
3 100 1 100 1 100 8 100 6
4 100 3 100 2 100 9 100 5
5 100 3 100 1 100 2 100 11
6 100 9 100 3 100 6 100 8
7 100 9 100 1 100 9 100 6
8 100 5 100 2 100 2 100 10
9 94.7368 3 100 1 100 6 100 6
10 94.7368 2 100 ) 100 9 100 7
11 100 4 100 B 100 2 100 10
12 100 8 100 1 100 6 100 6
13 100 4 100 3 100 9 100 7
14 100 7 100 1 100 2 100 9
15 100 3 100 2 100 6 100 9
16 100 2 100 1 100 4 100 10
17 100 9 100 2 100 5 100 10
18 100 5 100 3 100 6 100 6
19 94.7368 3 100 3 100 4 100 10
20 94.7368 2 100 2 100 5 100 6
21 100 9 100 3 100 5 100 7
22 100 5 100 1 100 9 100 9
23 94.7368 3 100 3 100 2 100 9
24 94.7368 2 100 1 100 6 100 10
25 100 4 100 2 100 4 100 6
26 100 5 100 1 100 9 100 7
27 100 5 100 2 100 2 100 10
28 100 4 100 3 100 6 100 6
29 89.4737 5 100 3 100 4 100 7
30 100 9 100 1 100 5 100 9
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Table D.3

Classification Results: CFS-MCFA-SVM with FFF-SVM Parameters

Run  Colon Leukemia2 Leukemia3 SRBCT
Accuracy (%) Subset Size Accuracy (%) Subset Size Accuracy (%) Subset Size Accuracy (%) Subset Size

1 100 4 100 2 100 6 100 6
2 89.4737 3 100 1 100 8 100 10
3 94.7368 3 100 2 100 7 100 9
4 100 9 100 5 100 10 100 8
5 89.4737 8 100 4 100 5 100 7
6 100 8 100 6 100 7 100 8
7 100 1 100 2 100 6 100 7
8 100 3 100 D 100 11 100 12
9 94.7368 4 100 4 100 4 100 9
10 89.4737 7 100 1 100 6 100 8
11 100 3 100 2 100 10 100 7
12 94.7368 8 100 5 100 9 100 8
13 100 5 100 4 100 16 100 7
14 100 9 100 6 100 8 100 9
15 89.4737 8 100 2 100 7 100 8
16 89.4737 4 100 2 100 10 100 7
17 94.7368 3 100 4 100 5 100 8
18 100 7 100 1 100 7 100 7
19 94.7368 7 100 4 100 6 100 12
20 84.2105 6 100 2 100 11 100 9
21 100 8 100 2 100 4 100 8
22 89.4737 5 100 3 100 6 100 7
23 94.7368 5 100 2 100 6 100 5
24 100 6 100 2 100 5 100 8
25 84.2105 3 100 4 100 4 100 6
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Table D.4
Classification Results: CFS-MCFA-SVM with rMRMR-MBA Parameters

Run Colon Leukemia2 Leukemia3 SRBCT
Accuracy (%) Subset Size Accuracy (%) Subset Size Accuracy (%) Subset Size Accuracy (%) Subset Size

1 100 4 100 3 100 4 100 8
2 100 10 100 1 100 4 100 7
3 100 2 100 2 100 7 100 6
4 94.736 6 100 2 100 7 100 6
5 100 6 100 3 100 5 100 3
6 94.736 11 100 2 100 8 100 8
7 100 7 100 1 100 9 100 6
8 94.736 9 100 2 100 7 100 7
9 94.736 8 100 2 100 7 100 8
10 100 6 100 B 100 5 100 6
11 100 10 100 D 100 8 100 8
12 100 2 100 2 100 9 100 7
13 94.736 6 100 I 100 5 100 8
14 100 6 100 2 100 6 100 6
15 100 4 100 2 100 5 100 7
16 100 9 100 3 100 3 100 7
17 100 3 100 2 100 7 100 8
18 100 7 100 2 100 6 100 7
19 100 8 100 2 100 3 100 6
20 100 10 100 3 100 7 100 7
21 100 2 100 2 100 4 100 7
22 94.736 6 100 1 100 5 100 6
23 100 6 100 2 100 3 100 7
24 100 10 100 2 100 3 100 7
25 100 2 100 3 100 2 100 8
26 94.736 6 100 2 100 4 100 7
27 100 8 100 2 100 4 100 9
28 94.736 2 100 2 100 6 100 7
29 94.736 5 100 3 100 5 100 7
30 100 11 100 2 100 5 100 7
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Table D.5
Classification Results: CFS-MCFA-SVM with FFF-SVM Parameters using LOOCV

Run  Colon Leukemia2 Leukemia3 SRBCT
Accuracy (%) Subset Size Accuracy (%) Subset Size Accuracy (%) Subset Size Accuracy (%) Subset Size

1 100 22 100 3 100 4 100 10
2 100 12 100 3 100 4 100 8
3 100 18 100 3 100 6 100 7
4 100 24 100 3 100 11 100 7
5 100 15 100 2 100 5 100 10
6 100 14 100 5 100 6 100 8
7 100 26 100 4 100 5 100 8
8 100 26 100 3 100 5 100 7
9 100 7 100 » 100 4 100 8
10 100 26 100 6 100 5 100 15
11 100 7 100 3 100 4 100 7
12 100 23 100 3 100 5 100 10
13 100 26 100 8 100 7 100 8
14 100 7 100 3 100 6 100 8
15 100 14 100 3 100 6 100 7,
16 100 10 100 2 100 4 100 8
17 100 4 100 5 100 4 100 15
18 100 13 100 2 100 5 100 9
19 100 7 100 4 100 7 100 12
20 100 14 100 2 100 6 100 9
21 100 26 100 2 100 4 100 9
22 100 7 100 3 100 5 100 9
23 100 26 100 4 100 7 100 11
24 100 7 100 2 100 6 100 9
25 100 23 100 4 100 4 100 8
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Table E.1

Classification Results: Co-ABC-SVM

Appendix E

Classification Results: Co-ABC-SVM

Run  Colon Leukemia2 Leukemia3 SRBCT
Subset=1 Subset=1 Subset=1 Subset=2 Subset=1 Subset=2 Subset=3
Accuracy (%) Accuracy (%) Accuracy (%) Accuracy (%) Accuracy (%) Accuracy (%) Accuracy (%)

1 78.95 95.45 86.36 77.27 56 84 92
2 100 95.45 72.73 86.36 56 68 96
3 68.42 90.91 81.82 90.91 60 76 92
4 89.47 90.91 77.27 100 60 80 96
5 68.42 90.91 77.27 86.36 60 80 84
6 78.95 95.45 86.36 81.82 56 80 100
7 89.47 86.36 86.36 90.91 44 80 84
8 94.74 95.45 77.27 86.36 68 84 92
9 84.21 90.91 95.45 86.36 56 84 92
10 73.68 90.91 86.36 90.91 60 84 92
11 84.21 86.36 81.82 86.36 60 84 80
12 78.95 81.82 90.91 90.91 56 80 92
13 89.47 90.91 86.36 86.36 60 38 96
14 84.21 90.91 77.27 90.91 52 88 84
15 73.68 100 72.73 81.82 44 84 96
16 94.74 86.36 81.82 86.36 68 80 92
17 78.95 100 81.82 77.27 48 88 100
18 73.68 90.91 86.36 95.45 72 88 88
19 78.95 95.45 90.91 86.36 60 38 72
20 94.74 90.91 81.82 95.45 60 84 92
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Table E.1 continued

21
22
23
24
25
26
27
28
29
30

68.42
63.16
73.68
94.74
78.95
73.68
78.95
94.74
68.42
63.16

81.82
90.91
90.91
90.91
86.36
90.91
86.36
90.91
100

90.91

81.82
86.36
81.82
86.36
81.82
77.27
95.45
72.73
TR0
81.82

100

100

86.36
86.36
90.91
81.82
86.36
77.27
95.45
86.36

60
72
52
60
60
52
48
60
64
64

88
84
80
84
80
80
80
84
80
76

92
84
96
92
96
84
100
84
92
92
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Publications during the Study

Journals

1.

Fajila, F., & Yusof, Y. (2021, April 1). Incremental Search for Informative
Gene Selection in Cancer Classification. Annals of Emerging Technologies in
Computing (AETiC), 5(2), 15-21.

https://doi.org/10.33166/AETiC.2021.02.002

Indexed by Scopus

Fajila, M. N. F., & Yusof, Y. (in press). Hybrid gene selection with mutable
firefly algorithm for feature selection in cancer classification. International
Journal of Intelligent Engineering and Systems (IJIES)

Indexed by Scopus
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