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Rumor detection based on time series model
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[ Abstract] This paper mainly studies the application of GRU and LSTM model in rumor detection research, to judge whether a
microblogging text is rumor information or not. Considering the graph structure of sina microblogging, that is to say, a
microblogging text corresponds to a number of comments, and comments may contain attitude towards this text, such as favor,
opposition, doubt. This paper integrates comments information to rumor detection, regards comments as time nodes on a time line.
After unfold by time, every comment can be treated as the input of time series model at every time. The paper also proposes
attention mechanism, which weighs importance degree of every time node to final semantic representation. The experimental results
show that, after adding comment information and attention mechanism, result improves significantly, finally reaches 92.66%.
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Fig. 2 Comments representation learning based on attention model
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Tab. 1 The distribution of rumor detection dataset
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Tab. 3 Comment representation based on attention model
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