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An Efficient Algorithm for NaiveBayes with Matrix Transposition
Jae Moon Lee’

ABSTRACT

This paper proposes an efficient algorithm of NaiveBayes without loss of its accuracy. The proposed method uses the transposition of
category vectors, and minimizes the computation of the probability of NaiveBayes. The proposed method was implemented on the existing
framework of the text categorization, so called, Al::Categorizer and it was compared with the conventional NaiveBayes with the well-known
data, Reuter-21578. The comparisons show that the proposed method outperforms NaiveBayes about two times with respect to the executing
time.
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£M ¥E(Document Vector)
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