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Algorithm of Continuous Attribute Discretization Based on Binary Ant Colony and Rough Sets
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Abstract Discretization is an important process of data preprocessing and has been widely applied in the research fields
of rule extraction, knowledge discovery,and classification. A discretization algorithm of continuous attribute based on bi-
nary ant colony and rough sets was proposed in this paper. The algorithm constructs binary ant colony network on the
cut points set generated by multidimensional continuous attributes. Meanwhile, it searches global optimal discretization
cut points set by using fitness function constructed with the accuracy of approximation classification of rough sets. To
validate the effectiveness of the proposed discretization algorithm, it is applied to seven UCI data sets. And the experi-

mental results indicate that it has relative better performance.
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