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ABSTRACT

We introduce a efficient vertical mining algorithm that reduces searching complexity for
frequent k-itemsets significantly. This method includes sorting items by their LSI(Least
Support Itemsets) similarity and then searching frequent itemsets in tree-based manner. The
search tree structure provides several useful heuristics and therefore, reduces search space
significantly at early stages. Experimental results on various data sets shows that the proposed
algonithm improves searching performance compared to other algorithms, especially for a
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database having long pattern.
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