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Weighted Naive Bayes Classification Algorithm Based
on EM-Partial Least Squares

L1 Xue-lian

( College of Mathematics and Physics , Chongqing University , Chongqing 400044 , China)

Abstract. Naive Bayes algorithm is a simple and effective classification algorithm. However, its classification
performance is affected by its conditional attribute independence assumption and request of complete data. This
paper proposes a weighted Naive Bayes classification algorithm based on EM algorithm and partial least squares.
Experimental results show its validity.
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