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Mining maximal frequent itemsets using the ordered FP-tree
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Abgtract : The ordered FP-tree and complete prefix path are proposed. A method of constructing the ordered FP-treeis
presented according to the level of nodes. The ordered FP-treeis used to compress the dataset. The maximal frequent
itemsets mining algorithm is presented. The complete prefix path is used to optimize the maximal frequent itemsets
mining. The experiment result shows that the algorithm has better performance for the long pattern mining in density
datasets.
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