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Finding Negative Association Rules in Implicit Knowledge

Domain
Yang-Jae Park#

Abstract

If is interested and create rule between it in item that association rules buys, by negative asso-
ciation rules is interested to item that do not buy, it is attempt to do data Maining more
effectively. It is difficult that existent methods to find negative association rules find one part of
rule, or negative association rules because use more complicated algorithm than algorithm that find
association rules. Therefore, this paper presents method to create negative association rules by sim-
pler process using Boolean Analyzer that use dependency between items. And as Boolean Analyzer
through an experiment, show that can find negative association rules and more various rule
through comparison with other algorithm.

Key Wrods: Boolean Analyzer
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