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An efficient algorithm for mining maximal frequent
itemsets over data streams

Mao Yinmin™ ™, Yang Luming™ , Li Hong™ , Chen Zhigang™ , Liu Lixin~
(™ School of Information Science and Engineering, Central South University, Changsha 410083)
(™ Applied Science Institue of Jiangxi University of Science and Technology, Ganzhon 341000)
Abstract
The paper focuses attention on the study of mining of maximal frequent itemsets from data streams to solve the prob-
lem of data and pattern redundance in frequent itemset mining, and in consideration of the problem of bad performance in
operating time and memory space of the DSM-MFI, a typical algorithm for mining maximal frequent itemsets over data
sireams, presents an algorithm, called MMFI-DS. Firstly, the algorithm uses a new compressed tree, called the summary
extended frequent item tree (SEFI-tree) , to maintain the essential information about maximal frequent itemsets embedded
in the stream so far, at the same time, a lot of infrequent items are deleted by pruning the tree. Then, it employs a top-
bottom and bottom-top method to mine the set of all maximal frequent itemsets in landmark windows over the data stream.
The theoretical analysis and experimental results show that the algorithm performs much betier than the previous approach-
es.

Key words: data mining, data stream, landmark window, frequent itemsets, maximal frequent itemsets
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