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Study on Cost Sensitive Attribute Reduction for Fuzzy Decision Theoretic Rough Sets
LIU Cai QIN Liang-xi

(School of Computer, Electronics and Information, Guangxi University, Nanning 530004 , China)

Abstract Aiming at the cost problem that generally exists in desicion-making,on the basis of fuzzy theory and decision
theoretic rough sets,we studied the method of cost sensitive attribute reduction. We introduced the total cost including
misclassification cost and test cost into attribute reduction for fuzzy decision theoretic rough sets (FDTRS). Thus the
target of reduction is not only to considere the size of positive region, but also to find the optimal subset of attributes
with the minimum total cost. We proposed a cost sensitive attribute reduction (named as COSAR) algorithm for
FDTRS. The algorithm uses a heuristic method to search the optimal subset. We provided the procedure of the algo-
rithm and compared the performance of the algorithm with the existing FDTRS attribute reduction algorithm, called
QuickReduct. The experimental results show that COSAR algorithm has stronger attribute reduction capability, lower
total classification cost,shorter running time than QuickReduct algorithm, and with the increasing of test samples. the
difference of total classification cost between two methods is growing larger.

Keywords Fuzzy decision theoretic rough sets(FDTRS), Cost sensitive, Attribute reduction
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2 Cost sensitive Attribute reduction Algorithm for
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