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Abstract

The microarray is a medical diagnostic tool with good
effect, and it was used for analyzing the behavior
characteristic between the gene and disease by the
extensive one at present. Microarray data are
characterized by a high dimension, which could be
analyze more than thousand of gene and diseases
simultaneously, but it will lead to need more calculate
time when implement classification. The genes (features )
selected can extraction genes which influence
classification accuracy effectively, to eliminate the
useless genes, and to improve the calculate performance

and the classification accuracy. In this study, we aimed
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for microarray used two-stage methods which are
information gain and genetic algorithm to select genes,
and wused K-nearest neighbor to calculate the
classification accuracy. Experimental results show that
the proposed methods can extraction smaller number of
genes which can influence classification accuracy

effectively.
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21 AP ergr 1l LA ML TR A B AN AFERER SR AT

S - HEEIGFEERER  (B)/(A) f; :an‘A
‘ FHEE  ATEEA)  HUE EESRREEE) e ol

9_Tumors 60 5726 9 165 2.88 % 52

11 Tumors 174 12533 1 3181 25.38 % 479
Brain_Tumorl 90 5920 5 1612 27.23 % 244

Leukemial 72 5327 3 848 15.92 % 82

Lung_Cancer 203 12600 5 9561 75.88 % 2101
SRBCT 83 2308 4 669 28.99 % 56

2 240% 2 AR S 2 0 B A R AL S TR e g1 FE S
=+ Non-SVM MC-SVM IG | IG-GA
DAG

~ KNN | NN PNN | OVR | OVO WW cs KNN | KNN
7o B SVM
9_Tumors 4390 | 19.38 | 34.00 | 6510 | 5857 | 60.24 | 6224 | 6533 | 66.67 | 85.00
11 Tumors 7851 | 5414 | 7724 | 9468 | 90.36 | 90.36 | 9468 | 9530 | 83.33 | 92.53
Brain Tumorl | 87.94 | 8472 | 7961 | 91.67 | 90.56 | 90.56 | 90.56 | 90.56 | 88.89 | 93.33
Leukemial 8357 | 76.61 | 8500 | 9750 | 97.32 | 96.07 | 9750 | 97.50 | 93.06 | 100.0
Lung Cancer | 89.64 | 87.80 | 8566 | 96.05 | 9559 | 9559 | 9555 | 9655 | 90.15 | 95.57
SRBCT 86.90 | 91.03 | 79.50 | 100.00 | 100.00 | 100.00 | 100.00 | 100.00 | 98.80 | 100.0
Average 78.41 | 68.95 | 7350 | 90.83 | 88.73 | 88.80 | 90.09 | 90.87 | 86.82 | 94.41

%43L: (1) Non-SVM: Tradition classification method. (2) MC-SVM: Multi-class support vector machines. (3) KNN:
K-Nearest Neighbors. (4) NN: Backpropagation Neural Networks. (5) PNN: Probabilistic Neural Networks. (6) OVR:
One-Versus-Rest. (7) OVO: One-Versus-One. (8) DAG: DAGSVM. (9) WW: Method by Weston and Watkins. (10) CS:
Method by Crammer and Singer. (11)IG: Information Gain. (12) IG-GA: Information Gain — Genetic Algorithm
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