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Document Clustering Method Based on NMFgc
WANG Yong-Gui, GAO Yue
(College of Software Engineering, Liaoning Technical University, Huludao 125105, China)

Abstract: Through analyzing the characteristics of the text, a novel text clustering approach based on Non-negative
Matrix Factorization with* sp%rseness constraint (NMFSC) is presented. The method uses NMFSC decomposing
word-text matrix to r‘:cduce the dimension of the feature space, and better controls sparsity with sparseness constraint,
and then further refines clusters by using the similarity of documents in clusters. Compared with text clustering method
based on k-means and text clustering method based on NMF, the results of experiment show that the method has high
value of the normalized mutual information, thus it has good clustering performance.
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