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Abstract

Recently, the feature selection is an
pre-processing before solving classification
problems. In classification problems,
parameters of K-nearest neighbor and particle
swarm optimization affect the effect of algorithm.
Therefore, we utilized Meta-particle swarm
optimization to optimal, and explore better
feature subset, which are using K-NN with leave
one out cross-validation. In this paper we
analyzed five problems of UCI data and
compared with weka and simply particle swarm
optimization. Experimental results showed that
the proposed method had a higher accuracy than
the other tested methods for -classification
problems.

Keywords: feature selection, particle swarm
operation, Meta, K-nearest neighbor, leave one
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Average 87.30 | 87.50 | 86.52
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