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Mixed Data Affinity Propagation Clustering Algorithm Based on Dimensional Attribute Distance

HUANG De-cai QIAN Chao-kai
(College of Computer Science and Technology, Zhejiang University of Technology, Hangzhou 310023, China)

Abstract A new distance measurement was raised because the affinity propagation cannot cluster mixed data sets. And
this distance measurement was successfully applied into affinity propagation clustering algorithm. This new algorithm
doesn’t need to calculate the virtual cluster center points,and also considers the effect of diversity of whole data set.

This algorithm was validated through two UCI data sets. And the clustering performance is better than K-Prototypes
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and K-Modes in both clustering entropy and execution efficiency.
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