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(Gene Expression Data Analysis Using Seed Clustering)
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Abstract

Cluster analysis of microarray data has been often used to find biologically relevant groups of genes based on their
expression levels, Since many functionally related genes tend to be co-expressed, by identifying groups of genes with
similar expression profiles, the functionalities of unknown genes can be inferred from those of known genes in the same
group. In this paper we address a novel clustering approach, called seed clustering, and investigate its applicability for
microarray data analysis. In the seed clustering method, seed genes are first extracted by computational analysis of their
expression profiles and then clusters are generated by taking the seed genes as prototype vectors for target clusters. Since
it has strong mathematical foundations, the seed clustering method produces the stable and consistent results in a
systematic way. Also, our empirical results indicate that the automatically extracted seed genes are well representative of
potential clusters hidden in the data, and that its performance is favorable compared to current approaches.
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o L Bomeoene L g B--ermmenm 0

Adjusted Rand index
°
tn

. \ L \ )
0.5 075 1 125 15 1.76 2
sigma

a8 2. 7Kt Hiole B4 AFolM JIRAlCH B =
H g o 2t walo] w2 SZAHY 2l
o ¥ist30| (k=52 €<)

Fig. 2. Sensitivity of clustering results to a control

parameter O in synthetic data.
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Table 1. Prediction accuracy of several clustering
algorithms regarding yeast cell cycles (when
k=5).

So2Hd dadE %
seed-based 74.7%
centroid-linkage 575%
complete-linkage 65.3%
single-linkage 38.2%

rand-kmeans 57.5-73.0%
hier-kmeans 63.2%
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