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[Abstract] To solve the problem of traditional maximal frequent pattern mining that it can not find frequent pattern remaining more items than
traditional maximal frequent pattern with the same support threshold, this paper proposes the conception of Maximal Sub-Frequent Pattern(MSFP)
and relative mining algorithm MSFP-mining. The main contributions include: the conception of MSFP and analysis of MSFP character, the
MSFP-mining algorithms of MSFP, such as AFP-tree, CMP-tree, SFP-tree, SFP-growth, and MSFP-tree, the superset check method of candidate
MSFP and the pruning strategy of MSFP-tree, the efficiency of MSFP-tree based mining algorithms by extensive experiments. Experimental result
shows that MSFP can effectively expand the scale of maximal frequent pattern.
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