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Abstract

With a given attribute reduction objective function, there are often multiple reductions in the de-
cision table. The final decision rule set is directly dependent on the obtained reductions. The con-
ciseness, comprehensibility, generality and accuracy of the decision rule set vary from one reduc-
tion to another, so it is expected to obtain some optimal result, i.e., the smallest reduction with the
shortest length. This will remove as many redundant attributes as possible, manage the storage
space of the decision table efficiently, and the performance of the decision rule set will become
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superior. Unfortunately, finding the minimum reduction has been shown to be an NP-hard problem
(Wong and Ziarko, 1985). Heuristic algorithms do not always yield the minimum reduction when
given a decision table. Therefore, in this paper, we propose a difference matrix-based shortest re-
duction algorithm for 0-1 programming under interval-valued decision system.
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Table 1. Positive regions reduction algorithm based on discernibility matrix (PRADM)
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Table 2. Positive region preserving minimum attribute reduction algorithm based on 0-1 programming under interval-valued

decision system (MPR-IVDS)
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Table 3. Dataset Information
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Figure 1. Comparison of reduction efficiency
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