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Blind Gene Classification — An Application of
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1 Introduction

Gene classification is one of important issues in gene expression data analysis because it is a basis
for prediction of the functions of unknown genes. Cluster analysis is one of the recognized means
of automatic gene classification. The present study shows that a new method based on ICA is a
promising approach to automatic gene classification.

ICA (independent component analysis) is a recently developed method of signal processing and is
mainly used for signal separation. It has been well established and successfully applied to analyze brain
signals (such as EEG, MEG and MRI) and speech signals. Although ICA is similar to PCA (principal
component analysis), ICA has some advantage to PCA because it exploits higher order statistics and
has no restriction to orthogonal transformations.

The framework of ICA is as follows. Consider zero-mean and independent source signals s(t) =
(s1(t),...,5n(t))! and assume that we observe the linear mixture of the source signals x(t) = As(t).
ICA attempts to find the de-mixing matrix W such that the de-mixed signals y(t) = Wx(t) are as close
to the source signals s(t) as possible (excepting some indeterminacy) without using any knowledge on
the mixing matrix A and the source signals s(¢). In our application of ICA to gene classification, x(t)
for each time point ¢ corresponds to each gene profile from gene expression data.

2 Method and Results

For illustration of the validity of our new method, we used a gene expression data of yeast sporulation
collected by Chu et al. [2] and available in public [4]. The data consists of expression data of 6118
genes in yeast genome which were sampled at seven different times during sporulation (namely 0.0,
0.5, 2.0, 5.0, 7.0, 9.0 and 11.5 hours). To classify yeast genes based on the gene expression data, Chu et
al. [2] hand-picked seven small subsets of representative genes using their domain knowledge on yeast
genome and defined seven model profiles by averaging profiles of these genes in each subset (Fig.1).
All the other yeast genes were classified into one of the seven groups whose model profile shows the
highest correlation coefficient to the profile of each gene.



256 Hori et al.

We applied ICA to the same gene expression data using the de-mixing model y(t) = Wx(t) where
x(t) is a 7-dimensional vector which represents each gene profile. We used the JADE algorithm[1] to
obtain the 7 x 7 de-mixing matrix W. Fig.2 gives the column plot of the inverse W ~! of the obtained
de-mixing matrix. We denote the columns of W1 by IC; (i = 1,2,...,7) and regard them as model
profiles. Notably, some model profiles in Fig.2 automatically generated by ICA are similar to those in
Fig.1 obtained manually using domain knowledge on yeast genome.

To compare the ICA-generated model profiles with the manually obtained model profiles, we used
only top three model profiles obtained by applying ICA to the pre-processed data reconstructed from
the first three principal components. See [3] for the detail of the procedure. First, we sorted all the
yeast genes according to their correlation coefficients and made a subset consists of the top 100 genes
for each model profile. The left half of Tablel shows the numbers of genes in the intersections between
these subsets. Second, we sorted all the genes according to the values of each separated component
yi(t) corresponded to each profile and made subsets consist of the top 100 genes. The right half of
TaE)Iel shows the numbers in the intersections between these subsets.
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Fig.1 Model profiles obtained by Chu et al. [2]. Fig.2 Column plot of W1,
3 Conclusion
Regarding the model profiles obtained by Chu correlation component
et al[2] as a benchmark, we conclude that ICy ‘ ICo ‘ 1C3 || IC ‘ 1Co ‘ I1C3
the classified groups by our ICA-based method Metabolic 0 ol 13 0 5 6
have a good match with the classified groups Early 1 0 7 0 0l 18 9
based on manually obtained model profiles. It Early 11 0 0 0 01l 10 0
is notable that our ICA-based method does not Early-Mid 19 0 0 10 1 0
require a domain knowledge on genome and au- Middle 54 0 0 19 1 0
tomatically classifies genes without any manual Mid-Late - 0 0 13 0 1
labor. Pr.0V1ded jd rapid m'cr?ase in use of mi- Lato 0 0 0 1 0 1
croarray in experiments, this is a strong advan-
tage. Tablel Numbers of genes in the intersections
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