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Research on Chinese patent text classification based on

word2vec and logistic regression model
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Abstract: As the carrier of important information, patent text is of great research significance
for its automatic classification. In response to the immense amount of patent text, a machine
learning method was proposed on the basis of word2vec and logistic regression for Chinese
patent text classification model. This method harnessed the word vector generated by word2vec
to represent patent text, and then in combination with the logistic regression model,
implemented machine learning and training on the text corpus integrating the patent description
with the abstract, so as to realize automatic classification of patent text. The results show that
the proposed machine learning method can achieve sound classification effect, among which the

classification accuracy of individual categories reaches 84%. Moreover, compared with the A-
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nearest neighbor algorithm, it has significant improvements in precision, recall and F, value.
This method can provide reliable research basis for automatic classification of patent text.

Keywords: Chinese patent; text classification; word2vec; logistic regression; machine learning
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