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An algorithm for computation of a core for unbalanced
classification data
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Abstract : For the method based on discernibility matrix for computing a core, reducing the size of discernibility matrix
isthe key for improving the performance of computation of a core. Therefore, an algorithm (AMDMC) based on
multi-discernibility matrix isintroduced to computation of a corefor the case of unbalanced classification data. By the
decison attribute’ s value, the al objects are partitioned into some subsets. For any two different subsets, a sub-
discernibility matrix is created. Finaly, the multi-discernibility matrix is obtained and a core is acquired. Each sub-
discernibility matrix holds a small space because of unbalanced classfication data, so the AMDMC algorithmisin high
eficiency. Theoretical analysis and experiment results show the effectiveness of the agorithm.
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