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Algorithms for Mining Frequent Episodes on the Event Sequences
DING Yong, WANG Yun, LI Cong ‘
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Abstract: Mining frequent episodes on the evel;t sequences is one of the hot areas of data mining. In this paper, support
based on non-overlapped ogcurrence is definited. We propose an algorithm called NONEPI++ for mining frequent
episodes, which ﬁrstly“generate candidate episodes by join episodes, then generate frequent episodes by pre-pruning and

timestamp calculating. The algorithm can improve the efficiency of mining episodes. Experiments show that NONEPI++

algorithm can effectively mine frequent episodes.
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