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Abstract: An efficient distributed incremental sequential pattern mining algorithm (Incremental Sequential

Pattern Mining, IncSPM) based on MapReduce architecture is proposed to solve the problem of updating

sequential patterns whenever data increases in big data environment. With this algorithm, the backward

mining algorithm is used to utilize effectively the sequence patterns generated by previous mining, and sim-

ultaneously design a Co-occurrence Reverse Map (CRMAP) data structure to deal with the combined ex-

plosion problem of candidate sequences. Finally, new candidate generation and early pruning mechanism

are designed to speed up the mining process. The proposed algorithm is evaluated on two real datasets, and

experiments show that compared with other methods, the algorithm proposed in this paper has a substan-

tial improvement in execution time, memory consumption and scalability.

Key words: big data mining; incremental sequential pattern; backward mining; co-occurrence reverse map

data structure
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