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Parallel FP_growth Association Rules Mining Method on Spark Platform
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2 School of Computer Science and Engineering, Beihang University,Beijing 100191, China
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Abstract In order to improve the efficiency of association rule mining,a parallel FP_growth association rule mining method suit-
able for spark platform is proposed. First, the Spark platform is used to complete the traversal scan operation in the memory RDD
of all nodes of the distributed system to obtain frequent sets in order to generate FP_Table and update FP_Tree. Then, the time
series is introduced to predict the itemsets to be mined,so that all nodes in the distributed system can share the mining tasks in a
balanced manner,so as to make full use of the traversal FP_Tree calculation function of each node to obtain the FP_growth asso-
ciation rule mining results. The experimental results show that compared to the single machine case, the parallelized FP_growth
association rule mining improves the efficiency by about 60%. After the load balancing process,the mining efficiency of the FP_
growth association rule is higher,increasing by about 14 % , which indicates that the traversal task allocation of each node is more
balanced and the degree of parallelism is higher.

Keywords Spark platform,FP_growth algorithm. Association rules mining.Frequent sets,lLoad balancing
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Fig.1 Frequent set generation
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Table 3 Acceleration performance of Spark platform
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