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ABSTRACT

This paper represented comparing efficiency of model dimensionality reduction and classification between
PCA (Principal Components Analysis) and CFS (Correlation-based Feature Selection) combine Artificial Neural
Network (Multi-layer Perceptron : MLP) classifier comparing Support Vector Machine (SVM) using Ozone data set
, Ionosphere data set and Sonar data set from UCI Machine Learning Database Repository. The accuracy rate of
classification is used for evaluating efficiency. Moreover, the 5-fold cross validation is used to testing model. The
result of experiment shows CFS combine MLP for classification that high efficiency more than PCA combine MLP,

CFS combine SVM and PCA combine SVM.
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