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Abstract

priate similarity measure selection is an important task of clustering, which has great affection on the clustering results.

Text clustering is the key technology of text organization, information extraction and topic retrieval. Appro-

Classical similarity measures, such as distance function and the correlation coefficient,can only describe the linear rela-
tionship between documents, However, clustering results based on classical clustering methods are usually unsatisfacto-
ry due to the complicated relationship among text documents. Some complicated clustering methods have been studied.
But, with the growing scale of text data, the computational cost increases markedly with the increase of dataset size,
Classical clustering methods are out of work in dealing with large scale dataset clustering problems. In this paper,a dis-
tributed clustering method based on MapReduce was proposed to deal with large scale text clustering, Furthermore, we
proposed an improved version of k-means algorithm, which utilizes information loss as the similarity function. For im-
proving clustering speed, parallel PCA method based on MapReduce was used to reduce the document vector dimension.
The experimental results demonstrate that the proposed method is more efficient for text clustering than classic cluste-
ring methods.
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