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Abstract As the work of sequencing the genome of the human and many model organisms has been partially or fully finished

the ” postgenomic era” has begun. Scientists are turning their focus toward identifying gene function from sequencing. Clustering
technology as one of the important tools of analyzing gene expression data and identifying gene function has been used widely.
In this paper we discuss main clustering technology about gene expression data at present analyze their advantages and

disadvantages present the methods to solve the problems and give new approaches to study gene expression data.
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Fig. 1 Several results of hierarchical clustering
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Table 1 Time series of gene expression data
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