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Gene Expression Data Analysis of FAMC Algorithm Based on Pseudo F-statistics
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Abstract Gene chip technology not only brings the huge opportunity to the humanity but also brings some challenges
simultaneously. In view of gene expression data’s magnanimous, uncertainty about the gene class and so on, this article
proposed one kind fuzzy attribute c-means clustering algorithm based on Pseudo F-statistics,and proposed an effective

solution for defining the fuzzy parameter m. Finally carried on it in the standard gene expression data for testing analy-

sis,obtained superior cluster results.
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