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Prediction of Evolution Trend of Online Public Opinion Events Based on Attention Mechanism in
Social Networks
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Abstract Compared with traditional media,social networks play a prominent role in disseminating news,ideas,and opinions,and
are also the best way to spread negative information such as rumors and false news. Therefore,accurate prediction and effective
control of the evolution trend of online public opinion have become important research topics. At present, most studies predict the
evolution characteristics and development trends of online public opinion events from the perspective of theoretical modeling. The
modeling and analysis of information dissemination evolution trend prediction models based on user behavior characteristics need
to be further studied. Considering the interaction between users in the process of information dissemination, this paper proposes a
method based on the attention mechanism, which aims to explore the evolution trend prediction of information dissemination in
social networks. Firstly,a network architecture based on long shot-term memory (LSTM) is used to obtain the trajectory charac-
teristics of information propagation. Secondly,considering the complexity of information dissemination and user behavior, the at-
tention mechanism is used to mine the dependence between users to predict the real information dissemination process. Finally, we
comprehensively consider the driving factors that affect information dissemination,and obtain an attention diffusion neural net-
work (ADNN) based on the attention mechanism. The experimental results on the four comparative data sets show that the
ADNN model is better than the popular sequence model. This model can effectively use the influence of driving factors on infor-
mation dissemination,and more accurately predict the trend of information dissemination in social networks.

Keywords Information dissemination, Trend prediction, Attention mechanism,Deep learning
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Table 2 Performance of each model on real data
Memetracker Irvine Last. FM Weibo
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ADNN 0.4900 0.7350 0.5880 0.4638 0.6957 0.5565 0.5910 0.8864 0.7091 0.3777 0.5666 0.4533
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Table 3 AUC results of proposed model with different dimension

of Embedding on four datasets

Embedding
. . 25 20 15 10 5
dimension
Last. FM 0.8681 0.8708 0.8705 0.8701 0.8694
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Table 4 AUC results of proposed model with different Regularization
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