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Logic-based Frequent Sequential Pattern Mining Algorithm

LIU Duan-yang FENG Jian LI Xiao-fen
(College of Computer Science and Technology, Zhejiang University of Technology, Hangzhou 310023, China)

Abstract Traditional Apriori-like sequential pattern mining algorithms are based on the theoretical framework of sup-
port, which need pre-set support threshold, but this often requires in-depth domain knowledge or a lot of practice. Con-
sequently, there is still no good way to set it. Meanwhile, the results of sequential patterns are too large to understand
and apply. To solve these problems, this paper presented a logic-based frequent sequential pattern mining algorithm LF-
SPM, and introduced the thought of logic into frequent pattern mining process for the first time. Through using logical

rules to filter, it optimizes the result sets greatly, Experiments show good performance of the proposed approach to solve
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these problems.
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