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Abstract

The gene expression data obtained from microarrays
have shown useful in cancer classification. DNA
microarray data have extremely high dimensionality
compared to the small number of available samples. In
this paper, we propose a novel system for selecting a set
of genes for cancer classification. This system is based on
a linear support vector machine and a genetic algorithm.
To overcome the problem of the small size of training
samples, bootstrap methods are combined into genetic
search. Two databases are considered: the colon cancer
database and the leukemia database. Our experimental
results show that the proposed method is capable of
finding genes that discriminate between normal cells and
cancer cells and generalizes well.

1. Introduction

The advent of DNA microarray technology has made it
possible to analyze thousands or tens of thousands of
genes simultaneously [1-3]. This hybridization based
technology revolutionizes the traditional ways in
molecular biology and has found applications in many
different areas such as gene discovery, disease diagnosis,
and drug discovery.

In this paper, we present a novel approach to select a
subset of genes from microarray data for cancer
classification using genetic algorithms (GA) [4] and
support vector machines (SVM) [5]. The proposed
bootstrapped GA/SVM algorithm is very efficient for
selecting sets of genes in very high dimensional feature
spaces for classification problems.

2. The proposed method

Our goal is to select a subset of predictive genes
whose expressions can distinguish samples from different
classes (e.g., tumor cells versus normal cells). The
proposed method is based on genetic algorithms and
support vector machines: the effectiveness of a subset of
expressed genes is evaluated in terms of its discrimination
power by SVMs; GA is applied to search in the
combinational space of feature subsets in parallel to

identify the best subsets; and bootstrapped data are
created to overcome the problem of small number of
training samples.

Consider a two-class classification problem, where the
training set is described as
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where y; are class labels. SVMs find an optimal

hyperplane w-Xx + b =0 that produces large margins
(where w is the n-dimensional vector perpendicular to the
hyperplane and b is the bias).

We first generate k groups of the bootstrapped
samples from original training set. The GA algorithm is
run on each bootstrapped data set. For each GA
procedure, the fitness function used to evaluate a
candidate solution is defined as
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which is related to the number of correctly classified
training samples using SVMs.

For microarray data sets, the number of training
samples is typically small. Thus, more than one subset of
genes that correctly classify training samples may exist.
With the bootstrapped GA/SVM methods, we can obtain
many such subsets. Similarly to the strategy used in Li et
al. [6], the frequency of each gene selected in these near-
optimal solutions is assesses and important genes are
expected to have a high frequency to be selected.

3. Experiment results

3.1. Identify genes: colon cancer dataset

The colon cancer dataset [7] contains gene expression
information extracted from DNA microarrays. This
microarray dataset is used to distinguish tumor and normal
colon tissues. There are 62 tissue samples, of which 22 are
normal and 40 are cancer tissues, each having 2000 genes
with highest minimal intensity across the 62 issues. The
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data set was divided into a training set with 32 samples
and a test set with 30 samples.

A total number of 5157 subsets of genes that correctly
classify all training samples are obtained using our
bootstrapped GA/SVM algorithms. Each subset consists
of five genes. Genes are then ordered based on the number
of occurrences with which genes are selected. Figure 1
shows the number of occurrences for each gene.

%
g

200 1

The number of occurences

o 500 1000 1500 2000
Gene index

Figure 1: Genes and the number of their
occurrences.

To test the discrimination ability of the genes selected,
we classify the test samples using the top 25 genes. For
comparison, we also includes results obtained with the
combined forward selection and k nearest neighbor
(FS/KNN) methods and the combined individual ranking
and k nearest neighbor (IR/KNN) methods. With the
IR/kNN-selected genes, six training samples are
misclassified and 20 out of 30 test samples are
misclassified. The FS/KNN algorithms produce better
results than IR/KNN for training data set: all training
samples are correctly classified. However, 20 out of 30
test samples are misclassified. Among the three
algorithms, the proposed bootstrapped GA/SVM
algorithm yields the best results: all training samples are
correctly classified and only six out of 30 test samples are
misclassified. This indicates that our bootstrapped
GA/SVM algorithm is able to identify regulated genes
that, when combined together, can discriminate cancer
cells from normal cells.

3.2. Identify genes: leukemia dataset

The Leukemia dataset [8] consists of 72 samples, of
which 47 are ALL and 25 are AML. The gene expression
levels of all samples were extracted from microarray
images. Each sample has 7129 features (i.e., 7129 genes).
A dataset of 1800 genes is available after preprocessing.
The data set was divided into a training set with 38
samples and a test set with 34 samples.

A total number of 2368 subsets of five genes that
correctly classify all training samples were obtained using
our GA/SVM algorithms. Similarly with colon cancer
database, some genes were selected significantly more
often than other genes. For classification, our results with
the top 25 genes show that features selected by individual
ranking methods perform poorly: six out of 38 training
samples and 14 out of 34 test samples are misclassified.
Forward selection performs better than individual ranking.
Features selected from our GA/SVMs correctly classify all
training samples and only misclassify one test sample.

4. Conclusions

The processing and exploitation of useful information
from microarray gene data sets pose a challenging
problem. In this paper, we propose a practical and
efficient feature selection algorithm to select informative
genes from very high-dimensional spaces. We perform the
bootstrapped GA based gene selection in the context of
SVMs. Thus, the selected genes are expected to generalize
well. Experiment results demonstrate that the proposed
bootstrapped GA/SVM algorithms are well suited for
feature selection problems.
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