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Simply Constructed Ensemble Qlassiﬁer Based on Naive Bayes Combination

SONG Cong-Wei g !
(School of Science, Zhijiang College of Zhejiang University of Technology, Shaoxing 312030, China)

Abstract: Naive Bayes classifier is a simple and effective machine learning tool. Based on the principle of naive Bayes
classifier, this study deduces the formula of “naive Bayes combination” and constructs the corresponding classifier. It is
found through testing that the classifier has superior classification performance and practicality as it overcomes the

shortcoming of poor accuracy of naive Bayes classifier and is faster than other classifiers without significant loss of

accuracy.
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