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An Improved Naive Bayes Algorithm Based on TF-IDF

XU Tian-hua, WU Ming-li
(School of Informatics,North China University of Technology ,Beijing 100144, China)

Abstract: At present, the text classification algorithm represented by the naive Bayes algorithm generally has the same feature weights and
single index. In order to solve this problem,we propose an improved TF-IDF-based naive Bayes algorithm, TF-IDF-DL naive Bayes
algorithm. Based on TF-IDF,this algorithm introduces decentralized word frequency factor and feature word position factor to enhance
the accuracy of feature weights. In order to verify its effect, we use Sogou’ s Sogou news dataset to conduct experiments. The experiment
shows that the TF—IDF-DL algorithm is introduced into the naive Bayesian classification algorithm, which can make the algorithm
perform well in the accuracy, recall and F, value in text classification. Compared with the domestic similar research TF - IDF —dist
Bayesian scheme, the classification accuracy rate is increased by 8. 6% , the recall rate is increased by 11. 7% , and the F| value is
increased to 7.4% ,so the proposed algorithm can improve the classification performance better and achieve a great classification effect to
some extent for the indistinguishable categories.
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