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Abstract

DNA microarrays (biochips) are a new tool that biologists can use to obtain
information about expression levels of thousands of genes simultaneously. Their
main advantages are: reproducibility and scalability of obtained data, short time
of one experiment and, of course, the large number of genes, the expression of
which is measured. The technique of producing DNA microarrays is improving
continuously.
In general, there are two di¤erent types of DNA microarrays: spotted microarrays and oligonucleotide microarrays. There are several important di¤erences between these two types of microarrays. One of them is the technology of
the production. While spotted microarrays are obtained by using special spotting
robots, oligonucleotide microarrays are synthetized, often using photolitographic
technology – the same as used during production of computer chips.
There are many ways of exploiting a data from microarrays. One of the most
frequently used is the classi…cation of samples belonging to di¤erent classes. Such
classi…cation can be applied for example in medical diagnosis and choosing proper
medical therapy. One of the …rst paper dealing with classi…cation was the article by Golub et al. (1999). In this paper samples of two types: acute myeloid
leukemia (AML) and acute lymphoblastic leukemia (ALL) were classi…ed and
clusterized. For classi…cation purposes the authors proposed so called weighted
voting (WV) algorithm. The AML/ALL data set (available via Internet) was
used by other scientists for testing di¤erent methods of analysis. For example,
the same data set has been used for testing a more traditional perceptron algorithm in (Fujarewicz et al., 2000, 2001). Obtained results were slightly better
than using WV algorithm. In (Furey et al., 2000) relatively new and promising
method of classi…cation and regression called support vector machines (Boser et
al., 1992; Vapnik, 1995; Christianini et al., 2000) has been applied to the same
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data set. In (Brown et al., 2000) the SVM technique has been tested on another
microarray data set. Moreover, in this work SVM have been compared to other
methods like: decision trees, Parzen windows, Fisher’s linear discriminant and
the conclusion was that SVM signi…cantly outperformed all other investigated
method. Therefore, the SVM technique can be regarded as a very promising
supervised learning tool dealing with microarray gene expression data.
Choosing proper learning and classi…cation method is a …nal and very important element in the recognition process when dealing with gene expression data.
However there are other earlier stages of data processing, which are also very
important because of their signi…cant in‡uence on classi…cation quality. One of
these elements is the gene selection. In (Golub et al., 1999) the method called
neighborhood analysis (NA) has been used while in (Fujarewicz et al., 2000, 2001)
the Sebestyen criterion (1962) modi…ed by Deuser (1971) has been applied. In
both methods a performance index evaluating discriminant ability is calculated
separately for each gene. After this, a set of n genes with the highest index
value is chosen for learning and classi…cation purposes. Such approach seems
reasonable. However, it may not be the best way of choosing a working gene
set. This is due to the fact that expression levels of di¤erent genes are strongly
correlated and univariate approach to the problem is not the best way. On the
other hand, in case of microarray gene expression data, a naive approach to the
problem by checking all subsets of thousands of genes is impossible due to the
high computational cost.
Recently several new multivariate methods of choosing optimal (or suboptimal) gene subset have been proposed. Szabo et al. (2002) proposed a method
that uses so called v-fold cross-validation combined with arbitrary chosen method
of feature selection. In an approach formulated in (Chilingaryan et al., 2002)
the Mahalanobis distance between vectors of gene expression is used to iterative improvement of actual gene subset. Another algorithm, combining genetic
algorithms with k-nearest neighbor, has been proposed by Li et al. (2001).
In (Fujarewicz et al., 2003) a new method, called recursive feature replacement (RFR) for gene selection has been proposed. The RFR method uses SVM
technique and iteratively optimizes the leave-one-out cross-validation error. The
comparison of the RFR method to other algorithms such as: NA algorithm and
proposed in papers (Szabo et al., 2002) and (Chilingaryan et al., 2002) showed a
supremacy of the RFR method.
Recently a new method for gene selection, also based on SVM, has been published in (Guyon et al., 2002). The method, called recursive feature elimination
(RFE), also outperformed other investigated methods.
One of benchmark data sets, frequently used for testing di¤erent methods
of gene expression data processing, is the tumor/normal colon data set. This
data set was presented and analyzed (clustered) in the paper (Alon et al., 1999).
Expression levels of about 6500 genes were measured for 62 samples: 40 tumor
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and 22 normal colon tissues. 2000 of them were selected by the authors for
clustering/classi…cation purposes. The main result of the paper (Alon et al.,
1999) was the clustering experiment of the data. The data was grouped into two
clusters with 8 wrong assignments: three normal tissues were assigned to the
”tumor” cluster and …ve tumor tissues were assigned to the ”normal” cluster. In
(Furey et al., 2000) the SVM technique was used to classify the same data set.
The classi…cation was performed twice: for whole data set (2000 genes) and for
top 1000 genes. In both cases the result of leave-one-out cross-validation was
six misclassi…cations (3 tumor and 3 normal). Nguyen et al. (2002) tested on
the colon data set two methods of data selection: principal component analysis
(PCA) and partial least squares (PLS) and two methods of classi…cation: logistic
discrimination (LD) and quadratic discriminant analysis (QDA). Best results were
obtained after applying LD classi…cation to …rst 50 and 100 components (linear
combinations of gene expression vectors) given by PLS method. Unfortunately
there were still four misclassi…cations obtained in leave-one-out cross-validation.
In our work we have compared RFR, RFE, NA and pure Sebestyen methods
to the tumor/normal colon and thyroid data sets. The comparison of obtained
results shows that RFR method …nds the smallest gene subset that gives no
misclassi…cations in leave-one-out cross-validation.
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