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Chinese Text Clustering Based on COSA Algorithm
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(1. Xchool of Computer & Information Technology , Shanxi University , Taiyuan, Shanxi 030006 , China;
2. Computer Center of Shanxi University, Taiyuan, Shanxi 030006 ,China)

Abstract : Most traditional clustering algorithms treat each attribute equally. However , COSA ™ (clustering on sub-
sets of attributes) algorithm believes that each separate attribute in different groups may have different weight , and
that objectsin different groups may cluster in different subsetsof attributes. A new distance definition is presented
inliterature [1] , which a 0 presented two COSA algorithms. COSA1 isapartitioning algorithm and COSA2 isa hi-
erarchica cluster algorithm. In thispaper , COSA and COSA1 were used for Chinese documentsin order to compare
the COSA distance and the Euclidean distance. The results show that COSA algorithms achieve better performance

and are more robust when the number of attributes changes.
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