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Abstract: Aiming at the deficiencies existing in clustering analysis methods of graph, based on the research of MapRe-
duce frame theory, MinHash algorithm and theories of data sampling and sparsification processing mechanism in graph cluste-
ring analysis, an efficient sparse processing algorithm of graph based on parallel computing is proposed. Based on the theory
of MapReduce frame, this algorithm applies Minhash algorithm to analyze data information of graphs parallelly. Several tasks
in the process of sparse processing of graphs clustering analysis are calculated, analyzed and processed efficiently by using
MapReduce frame structure. Some simulation studies in Hadoop calculating environment have been conducted to test the per-
formances of the proposed algorithm, and simulation results have demonstrated that the efficient sparse processing algorithm of
graph based on parallel computing is feasible, and it can realize fast sparsification processing of clustering data of graphs.
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