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Abstract  This paper presents the concept and property of inconsistency from the inconsistent
condition of decision system. It also presents the relationship between the positive region and in-
consistent records. A hash based algorithm calculating positive region has been presented and its
temporal complexity decreases to O(|U |). Based on the characteristics of inconsistency, a new
attribute measure has been introduced, then a corresponding reduction algorithm with twice-hash

is presented, and its temporal complexity is OC| C|? |U/C|), this paper also proves this algorithm
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is complete. The efficiency of the algorithms is proved by the experiments.
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This paper addresses the problem to design fast and easy
attribute reduction algorithm which is suit for the large data
set. Firstly, we propose the concept of inconsistency and also
present the properties of inconsistency, based on the incon-
sistency, we present a hash based quick positive region calcu-
lation method with linear temporal complexity. Based on the
characteristics of inconsistency, a new attribute measure for
attribute reduction has been introduced, then a corresponding
reduction algorithm with twice-hash is presented, and its
temporal complexity is OC|C|2|U/C|). Finally, comparable
experiments between our algorithm and other two fast reduc-
tion algorithms are carried out under UCI data set. The ex-
perimental results show the efficiency of our novel, fast hash
based attribute reduction algorithm.
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