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Abstract: Mining frequent itemsets is a basic task of the data stream mining. Recently many approximate al—
gorithms can mine frequent itemsets over data stream. However, these algorithms still can not efficiently re—
duce space and time cost. To improve the efficiency of mining frequent itemsets over data stream, matrix is
imported as the synopsis data structure and a new algorithm of mining frequent itemsets is presented. Finally,
experiments prove the efficiency of this algorithm.
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Fig.2 The comparison of time cost between Manku

and MISM when transaction number changes
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