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LI Yongping

Abstract: The large scale and the coarse classification granularity of resources in literature knowledge bases lead to
disorientation and overloading when learners retrieve and read papers. This paper proposes a mechanism of
knowledge clustering and knowledge statistics based on MapReduce. Firstly, this paper presents a Co-occurrence
Matrix building algorithm based on MapReduce (MR-CoMatrix). Secondly, it makes combination of the
co-occurrence matrix and similarity coefficient to build the similarity matrix. Thirdly, the similarity matrix is
standardized with Z scores. Finally, knowledge clusters are constructed with the Ward’s method. After knowledge
clustering, this paper introduces a knowledge Statistics algorithm based on MapReduce (MR-Statistics) to dig the
hidden information in each cluster. The experimental results show that the literature knowledge base with MR-

CoMatrix and MR-Statistics can realize the accurate and fine clustering, multi-dimension statistics, computational
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efficiency, and less cost of time.
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