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Rumor detection based on convolutional neural network
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Abstract: Manual rumor detection often consumes a lot of manpower andmaterial resources, and there will be a long
detection delay. At present, the existing rumor detection models construct featires manually according to the content, user
attributes, and pattern of the rumor transmission, which can not ayeid/oné-sided consideration, waste of human and other
phenomena. To solve this problem, a rumor detection model base¢dNoir’Convolutional Neural Network ( CNN) was presented.
The rumor events in microblog were vectorized. The deep featutes of text were mined through the learning and training in
hidden layer of CNN to avoid the problem of feature gohstruction, and those features that were not easily found could be found
to produce better results. The experimental results show that the proposed method can accurately identify rumor events, and it
is better than Support Vector Machine (SVM), Recurrent Neural Network ( RNN) and other contrast algorithms in accuracy
rate, precision rate and F1 score.
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Fig. 1 Microblog rumor detection framework

T8 S S B MG U0 2 B8 o

mmmmm

1 | |

i L { i |

n*kt i I B R

ERRE

Ut

2 ETHERMEMERIE SRR

Fig. 2 Rumor detection model based on convolutional neural network
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Tab. 2 Result comparison of CNN model with other models

L] accuracy  precision recall Fy
DT-Rank 0.732 0.738 0.715 0.726
SVM-TS 0.857 0.839 0. 885 0.861

tanh-RNN 0.873 0.816 0.964 0.884
LSTM-1 0.896 0.846 0.968 0.913
GRU-1 0.908 0.871 0.958 0.913
GRU-2 0.910 0.876 0.956 0.914

CNN(3:1) 0.966 0.978 0.951 0.964
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Tab.3 Rusult comparison of CNN models with different split ratios
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