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Abstract

This paper proposes a new approach that converts continuous-valued attributes to categorical-valued ones considering
the distribution of target attributes(classes). In this approach, it can be possible to get optimal interval boundaries by
considering the distribution of data itself without any requirements of parameters. For each attributes, the distribution
of target attributes is projected to one-dimensional space. And this space is clustered according to the criteria like as
the density value of each target attributes and the amount of overlapped areas among each density values of target
attributes. Clusters which are made in this ways are based on the probabilities that can predict a target attribute of
instances. Therefore it has an interval boundaries that minimize a loss of information of original data. An improved
performance of proposed discretization method can be validated using C4.5 algorithm and UCI Machine Learning Data
Repository data sets.
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Fig. 1. An Example of Discretization Process
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Fig. 2. An Example of Class Distribution
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