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The Impact of Data Normalization to the Learning Algorithm Efficiency of Data Classifiers
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Abstract

This paper presents the impact of data
normalization to the learning algorithm efficiency of data
classifiers. Three basic: methods of data normalization
including min-max, z-score and decimal scaling are used to
test the efficiency of classification algorithms. The
classification techniques used in this research such as
decision tree, artificial neural network, naive bayes and
k-nearest neighbor are tested with four benchmark datasets.
The results show that data normalization especially min-max
method can improve the efficiency of the lazy learner like
naive bayes and KNN to achieve better result in term of the
classification accuracy.
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