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Parallel FP-Growth Algorithm Based on Load Balancing and Redundancy Pruning

Liu Xiangzhe'”, Liu Peiyu'*, Ren Min'’, Yi Jing"*, Gao Zhao'"*

(1. School of Information Science and Engineering, Shandong Normal University, Jinan, 250014, China; 2. Shandong Provincial
Key Laboratory for Distributed Computer Software Novel Technology, Jinan, 250014, China; 3. School of Mathematics and
Quantitative Economics, Shandong University of Finance and Economics, Jinan, 250014, China; 4. College of Computer Science

and Technology, Shandong Jiazhu University, Jinan, 250101, China)

Abstract: Focusing on the data redundancy and load-unbalancing problems in the existing parallel FP-
Growth algorithm, an improved algorithm for redundancy pruning and load balancing is proposed. First-
ly, the improved algorithm introduces group task estimation method when using high-frequency strategies
group. The longest path in the maximum pattern tree and the highest frequency are used as estimation.
The group task will be averaged to others again when the group estimated is much larger than the value of
other group. Then, the repetitive elements are removed in the list of different groups. Experimental re-
sults show that the improved algorithm avoides the data skew in the MapReduce and it is superior to the
original one due to its high execution efficiency and speedup.
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