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Abdtract: A novel clustering agorithm for high dimensional data is proposed in this paper. This algorithm first partitions in-

put document set into some clusters by constructing feature chains. Simultaneously it aso considers the effects of similar features in
similarity computation and weight adjustment to agglomerate documents with semantic similarities,and dynamicaly adjusts weights
of documents to make unbalanced documents well trained. Experiment results demonstrate that it can obtain relatively better cluster-
ing results with high intrercluster agglomeration and inter-cluster distinctness,and also has less iterative times.
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