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Effective Mining of Top-k Negative Association Rules Based on Relevance Measures
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Positive association rules represent the co-occurrence relations of itemsets. In contrast, negative association rules
represent some relationships between presence and absence of itemsets. The negative association rule mining has
to deal with a huge amount of itemsets of absence. Therefore, negative rules mining is known as a quite difficult
task. [Ide 14] was proposed some perfect and effective mining techniques of negative association rules to compute in
the framework of support and confidence. The purpose of this study is to add new effective evaluation methods of
negative rules with statistical measures. Thereby, valid negative rules can be further filtered out. Also, we propose
a branch and bound mining of top-k rules and a filtering method using weak relevance to negative rules mining.
Thus, we realize efficient and effective negative rules mining. We also show some good results of experiments for

evaluating our proposed method.
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