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Forecast method of public opinion evolution based on graph attention network

PENG Si-Qi, ZHOU An-Min, LIAO Shan, ZHOU Yu-Ting, LIU De-Hui , WEN Ya
(College of Cybersecurity, Sichuan University, Chengdu 610064, China)

Abstract: The evolution prediction of network public opinion events is a key step in monitoring and man-
agement of the complicated network public opinion, as well as in preventing the sudden outbreak of pub-
lic opinion crisis; however, less attention is paid on the public opinion evolution prediction, especially in
the social network. In this paper, an evolution prediction model for public sentiment events on the social
network is proposed, in which the sentiment value of comment texts is termed as the object of evolution
prediction and the semantic similarity between sentiment words and comment texts concerning some
public events is used to construct a corresponding graph structure for each period of event development,
then a model for predicting the sentiment time series is constructed by combining gated recurrent unit
(GRU) and graph attention network (GAT). To further verify the effectiveness of the proposed model,
the text of comments on the Freud event in Twitter is selected as the dataset and the comparative experi-
ments are conducted with the prediction model based on graph convolutional network. The experimental
results show that the R2 coefficient of determination of the proposed model is 0. 569, the mean absolute
error (MAE), mean square error (MSE) and root mean square error (RMSE) are all smaller than those
of the graph convolutional network-based prediction model, which can demonstrate the better perform-

ance of the proposed model concerning the evolution prediction of the public sentiment events under the
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social network environment.
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Fig. 1 Architecture of the prediction model
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