13 s & A Y a an Yy k4 .
m‘si)1gmﬂmmmﬂmaﬂmﬂﬂﬂ%mﬂuﬂmiaﬂumay’amﬂ Chi-square

Classification for Leukemia Using Feature Selection based on Chi-square Technique
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Abstract

This research presented dimension reduction of genes with the Chi
Square technique.Test performance classification with Support Vector
Machine,Decision Tree, Naive-Bayes and K-Nearest Neighbor
algorithms. The experimental results showed that reducing the dimension
by Chi Square technique and process with machine learning algorithms.
The performance of accuracy found Support Vector Machin , Naive -
Bayes and K-Nearest Neighbor yielded a very high classification with the
accuracy equal to 98.61%. Followed by the Decision Tree yielded with
the accuracy 93.06 % respectively.

Keywords: dimension reduction, machine learning,classification
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Support Vector Machine
Dimension Correct Precision Recall F1
7130 98.61 98.60 98.60 98.60
6000 98.61 98.60 98.60 98.60
5000 98.61 98.60 98.60 98.60
4000 98.61 98.60 98.60 98.60
3000 98.61 98.60 98.60 98.60
2000 98.61 98.60 98.60 98.60
1000 98.61 98.60 98.60 98.60
500 98.61 98.60 98.60 98.60
300 98.61 98.60 98.60 98.60
100 97.22 97.20 97.20 97.20
50 97.22 97.20 97.20 97.20
10 93.06 93.20 93.10 92.90
5 93.06 93.20 93.10 92.90
1 79.17 84.20 79.20 76.10
Support Vector Machine
¢ 100.00
2 9500
E‘ 90.00
g 85.00
P" 80.00 I I SVM correct
; 7540 i ——SVMF1
g 70.00
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Number of Dimension
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gﬂc?fm (Accuracy) R 98.61 % uazf1 F-Measurement 11101 98.60
% uallonadevanliateyaaunde 300 ia Jinsldainnugndes
(Accuracy) WU 98.61 % uazfl F-Measurement 101 98.60 %
"oy v o Ao I\ aay aa 9 P
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Decision Tree

Dimension Correct Precision Recall F1
7130 81.94 83.40 81.90 82.30
6000 81.94 83.40 81.90 82.30
5000 81.94 83.40 81.90 82.30
4000 81.94 83.40 81.90 82.30
3000 83.33 85.10 83.30 83.70
2000 83.33 85.10 83.30 83.70
1000 83.33 85.10 83.30 83.70
500 86.11 87.10 86.10 86.30
300 87.50 88.10 87.50 87.60
100 87.50 88.80 87.50 87.70
50 86.11 87.10 86.10 86.30
10 88.89 89.80 88.90 89.10
87.50 88.10 87.50 87.60
1 93.06 93.10 93.10 93.00
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Decision Tree
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Naive-Bayes
Dimension Correct Precision Recall F1
7130 98.61 98.60 98.60 98.60
6000 98.61 98.70 98.60 98.60
5000 98.61 98.70 98.60 98.60
4000 98.61 98.70 98.60 98.60
3000 97.22 97.20 97.20 97.20
2000 97.22 97.20 97.20 97.20
1000 97.22 97.20 97.20 97.20
500 95.83 95.90 95.80 95.90
300 95.83 95.90 95.80 95.90
100 95.83 95.90 95.80 95.90
50 95.83 95.90 95.80 95.90
10 95.83 95.90 95.80 95.90
5 95.83 95.90 95.80 95.90
1 91.67 91.70 91.70 91.60
Naive-Bayes
¢ 100.00
8 9500 HTTT P
an 96.00 + — — — — — — = —
g 94.00 +H——————8-8& & 8§ —
P/' Q220 Tt s NB correct
; R B EEBEEEEEEEEEEE NBF1
E 88.00
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