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Abstract : DNA methylation is an important epigenetic modification, which has been found to be closely related to the
occurrence and development of disease. Clustering analysis of DNA methylation is expected to find novel subtype of
disease or novel method of prediction and prognosis. Fuzzy C-means (FCM) is one of the common clustering methods.
However it is more suitable in the condition that the feature space follows spherical or elliptical distribution, which
makes it lack in universality. [llumina Golden Gate platform describes the methylation level based on the methylation
percentage of each locus in each gene, and it is in (0,1), which follows beta mixture distribution. Thus we can not
adopt FCM for clustering directly. This paper introduces the KL-FCM clustering method, which calculates the K—-L
distance of samples as partition measure. The KL-FCM is used to cluster the IRIS test dataset and some DNA
methylation profile data. The validation results show that KL-FCM, with less computational load, can get better
clustering performance than k-means and traditional FCM clustering methods.
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Fig.1 Curve:fitting of DNA methylation level distribution
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Table 1 Comparison results of FCM and KL-FCM
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