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Abstract; The development of microarray technology will bring opportunities to bioinformatics and makes it possible
to diagnose cancer on the level of gene expression. But the high-dimensional characteristics and small number of
samples in microarray data sets also challenges the traditional machine learning methods. In this paper, we compare
the effect among the popular classification and dimensionality reduction methods in the diagnosis of cancer using the

real gene expression data, the result demonstrates that SVM based on the linear kernel can better classify tumor and

non-tumor gene expression, and thereby provide a reference for cancer diagonsis.
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Table 1  Detailed information of data set
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Table 2 Comparative table of the classification results

of the three algorithms on eight data sets
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Fig. 1 Comparison chart of the classification results of the three algorithms on eight data sets
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Table 3  Comparative table of the classification results of the three algorithms on eight data sets after PCA

_ e
k4 = 4 FR PCA J5UHFAFE PCA
BRI SRR Randomforest FibSVM LibLINEAR
Lung-Cancer 146 86 69.950 7% 94.088 7% 57.635 5%
DLBCL 56 98 80.519 0% 96.103 9% 66.233 8%
Brain-Tumorl 65 91 74.444 4% 86. 666 7% 50.000 0%
Brain-Tumor2 36 288 66.000 0% 70.000 0% 46.000 0%
Leukemial 59 90 66.666 7% 93.055 6% 63.888 9%
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Fig. 2 Comparison chart of the classification results of the three algorithms on eight data sets after PCA
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Table 4 Comparison table of correct rate of the various methods

R WERIE (PCA §) HERIE (PAC )

iR SV AN - . - . .
Randomforest LibSVM LibLINEAR RandomForest LibSVM LibLNEAR
Lung-Cancer 89.655 2% 68.472 9% 95.073 9% 69.950 7% 94.088 7% 57.635 5%
DLBCL 87.013 0% 75.324 7% 96.103 9% 80.519 5% 96.103 9% 66.233 8%
Brain-Tumorl 82.222 2% 66. 666 7% 86.666 7% 74.444 4% 86.666 7% 50.000 0%
Brain-Tumor2 70.000 0% 30.000 0% 38.000 0% 66.000 0% 70.000 0% 46.000 0%
Leukemial 88.888 9% 52.777 8% 93.055 6% 66. 666 7% 93.055 6% 63.888 9%
Leukemia2 93.055 6% 38.888 9% 98.611 1% 79.166 7% 94.444 4% 93.055 6%
9-Tumors 48.333 3% 13.333 3% 60.000 0% 53.333 3% 51.666 7% 46.666 7%
11-Tumors 84.482 8% 16.667 0% 95.402 3% 84.482 8% 87.356 3% 85.057 5%
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