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W-PAM Restricted Clustering Algorithm in Data Mining
ZHANG Song ZHANG Lin

(College of Computer, Nanjing University of Posts and Telecommunications, Nanjing 210003, China)

Abstract In data mining, the effect of each data object on knowledge discovery is different. In order to distinguish these
differences, this paper gave a certain amount of value to each object.and put forward a W-PAM (Weight Partitioning A-
round Medoids) clustering algorithm which is based on the PAM algorithm. It can improve the accuracy of the algo-
rithm by adding weight to the data object in the cluster. Moreover, the effect of clustering algorithm can be improved by
using the association among the data objects. In this paper.a W-PAM restricted clustering algorithm was proposed,
which combines the W-PAM algorithm with the constraint clustering algorithm. The algorithm has advantages of the
W-PAM restricted clustering algorithm and relevance constraints. The experimental results show that the W-PAM re-
stricted clustering algorithm can effectively improve the clustering result and improve the accuracy of the algorithm.
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