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Optimization of Apriori Parallel Algorithm Based on Spark

WANG Qing', TAN Liang'?, YANG Xianhua’
(1. College of Computer Science, Sichuan Normal University, Chengdu 610101, China;
2. Institute of Computing Technology, Chinese Academy of Sciences, Betjing 100190, China;
3. Sichuan Institute of Computer Sciences, Chengdu 610041, China)

Abstract; In view of the bottleneck of traditional Apriori algorithm in processing speed and computing re-
sources, and that Map-Reduce on Hadoop could not handle node failures, friendly support iterative calcu-
lation, and calculate based on memory issues ,a parallel association rule optimization algorithm based on
Spark was proposed. The optimization algorithm only needed to scan the transaction database twice and it
took advantage of Spark’s RDD storage structure. By comparing with the traditional Apriori and Apriori
based on Hadoop, analysis showed that Apriori based on Spark more greatly reduced the number of scan
database than that of traditional Apriori, and it used less 1/0 overhead than Apriori based on Hadoop,
because it supported storing temporary results in memory and iterative calculation. Experimental results
showed that Apriori based on Spark performed effectively on big data for mining association rules.

Key words: Spark; parallel processing; data mining; association rule; Apriori
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