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1 Introduction

The recent advances of array technologies have made it possible to monitor huge amount of genes
expression data. Clustering, for example, hierarchical clustering, self-organizing maps (SOM), k-
means clustering, has become important analysis for such gene expression data. We have applied the
Fuzzy adaptive resonance theory (Fuzzy ART) [5] to the gene clustering of DNA microarray data
and the clustering result using this method was more suitable for biological knowledge than those of
the ordinary method including hierarchical clustering, SOM, and k-means clustering. In this study,
therefore, Fuzzy k-means [2, 3] clustering method was applied to this data, since this method also
have fuzziness as Fuzzy ART. We verified the clustering results using Fuzzy k-means clustering by
comparing with those of hierarchical clustering, k-mean clustering, Fuzzy ART and SOM.

2 Method

2.1 Fuzzy K-Means Clustering

The fuzzy k-means clustering (Fig. 1) is done with based on following equation (1).
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Figure 1: Fuzzy k-means clustering.

K and N are the number of clusters and genes in the data
sets, m is a parameter which relate to ‘fuzziness’ of result-
ing clusters, uki is the degree of membership of gene xi in
cluster k, d2(xi, ck) is the distance from gene xi to centroid
ck. The parameters in this equation are the cluster centroid
vector ck and the components of the membership vectors
uki. These unknown parameters can be optimized by La-
grange method. Calculated uki shows the belonging ratio
to a cluster k and centroid ck shows the representative gene
expression profile of a cluster k. In this study, a parameter
m was set to 2.0 and the number of clusters was set to 5. For the number of the clusters in the other
clustering method, we selected the same number as that of clusters using Fuzzy k-means clustering in
order to compare the clustering results.



Gene Expression Analysis Using Fuzzy K-Means Clustering 335

2.2 Data Preprocessing

In this study, we used expression data from a study of Chu et al. [1]. Saccharomyces cerevisiae was
synchronized by transferred them to sporulation medium (SPM) at t=0 to maximize the synchrony
of sporulation. RNA was harvested at time t=0, 0.5, 2, 5, 7, 9 and 11.5 hours after transfer to
SPM. Polyadenylated RNA was prepared by purification with oligo(dT) cellulose column. Each gene’s
mRNA expression level just before transfer to SPM was used as control. About 6100 genes of expression
profiles are included in this data [6]. Using them, we followed the same method [1] to extract the genes
that showed significant increase of mRNA levels during sporulation. Among them, we finally selected
45 genes, whose functions are biologically characterized by Kupiec et al. [4].

3 Results and Discussion

Figure 2: The result of Fuzzy k-means clustering.

The result of Fuzzy k-means clustering is shown
in Fig. 2. This figure shows the representative
time course data in each cluster and these values
come from the centroid. ‘Early’, ‘Middle’, ‘Mid-
Late’ and ‘Late’ genes, which were characterized
in Mitchell, were used as ‘index genes’. As the
result, the cluster 1, 2 and 3 have only ‘Early’
genes, cluster 4 have only ‘Mid-late’ genes and
cluster 5 have three ‘Late’ genes and two ‘Mid-
dle’ genes. In order to compare the result of clus-
tering methods, we defined the correctness ratio for the clustering result based on index genes. The
calculation for the correctness ratio was executed as follows. The majority of the index gene defined
the character of the cluster. The correctness ratio was calculated by division by the number of minor
genes in the total number of genes in the cluster. Table 1 shows the correctness ratios of five clustering
method.

Table 1: The correctness ratios five clustering algorithm.
Fuzzy k-means Fuzzy ART Hierarchical clustering k-means clustering SOM

0.90 0.90 0.81 0.86 0.86
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