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Word2Vec-based false information detection system of epidemic situation
QI Haoxiang, MA Liyuan, ZHU Yimin
(School of Electronic and Electrical Engineering, Shanghai University of Engineering Science, Shanghai 201620, China)

[ Abstract] The widespread dissemination of false information in the face of sudden large—scale public incidents will be extremely
destructive. The dissemination of false information will seriously interfere with the treatment of the epidemic. In response of the
problems of sparse features and low accuracy in traditional classification models in the past, this paper proposes a method for
detecting false information about the epidemic based on Word2Vec. This method uses the Word2Vec model to train word vectors,
then solves the feature sparse problem of the traditional vector space model, and introduces TFIDF to weight the word vectors,
finally inputs the processed data into the SVM model. Through the experimental verification on the data set crawled by the domestic
news platform, this method has more than 4% improvement in the accuracy of detecting false information compared with the

traditional method.
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LDA 0.743 0.667 0.759
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