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Research on text classification of K-nearest neighbor
algorithm based on relative entropy
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Abstract: To improve the effectiveness of processing text similarity, a KNN algorithm based on the relative
entropy measure of text feature differences was proposed in this paper. Firstly, the algorithm preprocessed the
text, including character separation and deletion of stop characters, and constructed a feature character diction-
ary. Then the probabilities of all the text feature characters in the training set were calculated, and the training
set (probability matrix of feature character) was formed. Finally, we calculated the probability vector of fea-
ture characters of the predicted text, and counted the number of text categories with the lowest relative entro-
py between the K predicted texts and the training set, and used the category with the highest number as the
category of the test sample. The experimental results show that the classification effect of this algorithm is not
only significantly better than that of the traditional KNN, SVM, Decision Tree, and Naive Bayes, but also
significantly better than that of RNN algorithm in the case of small sample data.
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