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Algorithm to Determine Number of Clusters for Mixed Data Based on Prior Information
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Abstract In cluster analysis,one of the most challenging and difficult problem is the determination of the number of
clusters. The strategies for choosing initial prototypes randomly are used to determine the number of clusters in most of
the existing methods, resulting in weak stability of iterations in clustering process. So we proposed an prior information

based algorithm to determine the number of cluster for mixed data by using priori information which includes class la-

bels to optimize initial prototype. Experiments show that the algorithm is effective.
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