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A Negative Association Rules Mining Method
Oriented to Software Defect Data

WAN Lin,FAN Qiuling

(Academy of Armored Forces Engineering, Beijing 100072, China)

Abstract: Negative association rules describe the mutual exclusion of different items, which is also very important.
In this thesis, a novel negative association rules mining method called GMNAR is proposed by introducing
discernable matrixes concept and Genetic algorithm idea. And the experiment shows that it is effective and efficient.
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