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Abstract ; Feature selection, an important step in data mining, is a process that selects a subset from an original
feature set based on some criteria. Its purpose is to reduce the computational complexity of the learning algorithm
and to improve the performance of data mining by removing irrelevant and redundant features. To deal with the
problem of discrete values, a feature selection approach was proposed in this paper. It uses a particle swarm
optimization algorithm to search the optimal feature subset. Further, it employs relative classification information
entropy as a fitness function to measure the significance of the feature subset. Then, the proposed approach was
compared with other evolutionary algorithm-based methods of feature selection. The experimental results confirm that
the proposed approach outperforms genetic algorithm-based methods.
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Fig.2 The experimental results of data set Kr-vs-Kp
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