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1 Introduction

Statistical analyses on DNA microarray expression data have made it possible to extract information
from tissue and cell samples. Recently, Support Vector Machines (SVMs)[3], one of the supervised
learning methods, have been employed to classify gene expression data and have shown greater perfor-
mance than other learning methods, especially in the case where the number of features is larger than
the number of samples[1]. However, the characteristics of SVMs are not clear. Thus, in this work,
we will study how the number of features and regulatable parameters on SVMs affect performance of
classification on DNA microarray. Gene expression profiles derive from various types of cancers using
Affymetrix GeneChip, including our institute sample data.

2 Methods

In order to study the sensitivity of SVMs on various kernel parameters and the gene expression data,
we have developed the Perl/Tk interface software based on svm-light[2](as shown in Fig.1(a)~ (c)).
The DNA microarray data set we use consists of two classes; 16 cancerous livers and 8 noncancerous
livers obtained from Affymetrix GeneChip. Before analysis, we normalize and filter the raw data. A
quantile normalization procedure was used in the probe intensity distribution across different chips.
We classify the data set by using SVMs with the polynomial kernel function: K(z,y) = (z -y + 1)<,
where x and y are the vectors of the gene expression data. Here parameter d is an integer.

3 Results and Discussion
Parameter d is varied from 1 to 3, and the number of feature genes from 1 to 987. We perform two
types of tests. In the first test, we select feature genes at random. In the second test, the feature
genes are selected with calculating S/N ratio:
S(o) = ) =)
o4 (i) + o (i)

where py_y is the mean of each class and o (_y is the standard deviation of each class. We sorted
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Figure 1: (a)(b)(c) The GUI interface, (d)(e) the accuracy of classification where the parameter d is
varied from 1 to 3, and the number of feature genes (horizontal axis) from 1 to 987. In the chart (d),

the feature genes are selected at random. In the chart (e), the feature genes are selected by calculating
S/N ratio.

the genes by the score and select the feature genes from the top. The accuracy of class prediction is
estimated by Leave-one-out method.

In Fig.1(d) and (e), the results where d equals to 1 perform the best. In the polynomial kernel
function, parameter d decides a rough shape of a separator; in case d equals to 1, a linear classifier
is generated, and in case d is equal to or more than 2, a nonlinear classifier is generated. In other
words, these results indicate that the linear classification outperforms the nonlinear classifications on
the data set. Overfitting causes the misclassification. If more samples are obtained (at least as many
as the features) and they are not separable linearly, nonlinear classification may perform well. As
far as the linear classification, increasing features do not adversely affect accuracy. This is because
critical genes are likely to have larger weight in classifier and non-critical genes are not. This fact also
suggests that SVMs can be used for feature selection in place of S/N ratio, with which the features
do not always perform better than the features selected randomly.

Now we investigate the possibility of applying SVMs to feature selection. In addition, we will
investigate about other kernel functions and other parameters on SVMs.
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