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Abstract

K-medoid clustering algorithm is a
simple and quick implementation, but the
unstable clustering result is a serious
drawback. In this paper, K-PCA-medoid
clustering algorithm (KPMCA) combines the
conception of the K-medoid -clustering
algorithm and principal component analysis
to slave the problem. In our experimental
result, KPMCA has as much as 95.2 percent
average rate in the correct grouping results, it
can effectively improve the drawback of
K-medoid clustering algorithm, and our
method doesn’t need to add any new
parameter. So, we believe that using KPMCA
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in bioinformatics can be very helpful for
research of gene.
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1. 3 (Introduction)
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