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Mining Association Rules Based on Interest Measure

LI Wei-dong, NI Zhi-wei, LIU Xiao
(School of Management, Hefei University of Technology, Hefei 230009, China)

Abstract: Mining of association rules is an important research topic among the various data mining problems. However the common ap-
proaches based on support — confidence framework maybe get a great number of redundant and wrong association rules. In order to solve
the problems, an interest measure is defined and added to the mining algorithm for association rules. According to the value of interest
measure, association rules are classified into positive and negative association rules. The new algorithm can find out the negative — item —
contained rules. The experimental result shows that introducing interest measure based on common approach to association rules mining
can reduce the scale of positive association rules, and mine a lot of interesting negative association rules.
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