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Rumor Detection on Potential Hot Topics with Bi-directional Graph Attention Network

LI Shao,JIANG Fangting, YANG Xinyan and LIANG Gang

School of Cyber Science and Engineering, Sichuan University,Chengdu 610211, China
Abstract Most of the existing methods for detecting rumors on social media networks typically focus on individual posts as the
target of detection,which leads to a cold start problem due to insufficient data,adversely affecting the detection performance. Mo-
reover, these methods do not filter out the vast amount of irrelevant information in social media networks,resulting in longer de-
tection latency and poorer performance. Additionally,current methods tend to emphasize static features during the spread of ru-
mors when analyzing the characteristics of rumor propagation.,making it difficult to fully leverage the dynamic relationships be-
tween nodes to model the complex propagation process. To address these issues,a rumor detection method based on potential hot
topics and graph attention neural networks is proposed. The method employs a neural topic model and a potential hot topic dis-
cover model for topic-level rumor detection to overcome the cold start problem. Furthermore,a detection model named TPC-Bi-
GAT is designed to analyze the dynamic features of rumor topic propagation for authenticity detection. Experiments on 3 public
datasets show that the proposed method achieves a significant improvement of 3% ~5% in accuracy compared with the existing

methods . which verifies the effectiveness of the proposed method.

Keywords Rumor detection, Social network, Potential hot topic, Graph neural network, Topic cluster
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Table 1  Statistics of datasets
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Table 2 Rumor detection results on Twitter datasets
R Twitterl5 Twitterl6
HE &I &
Acc TR-F1 FR-F1 URFl  NR-FI Acc TR-F1 FR-F1 UR-Fl  NRFI
DTC 0. 454 0.733 0.355 0.317 0.415 0.473 0.190 0.080 0.482 0.254
SVM-TS 0.544 0. 404 0.472 0.483 0.796 0.574 0.571 0.420 0.526 0.755
RNN+CNN 0.477 0. 300 0.507 0.640 0.359 0.564 0.394 0.543 0.674 0.591
RL-ERT 0.624 0.682 0.510 0.644 0.672 0.647 0.722 0656 0.571 0.603
SVM-TK 0.750 0.765 0.698 0.733 0.804 0.732 0.836 0.709 0.686 0.740
RvNN 0.723 0.821 0.758 0.654 0.682 0.737 0.835 0.743 0.708 0.662
PGNN 0.765 0.792 0.743 0.819 0.711 0.776 0.806 0.721 0.785 0.751
Bi-GCN 0.830 0.877 0.776 0.825 0.790 0.838 0.823 0.822 0.864 0.786
Dynamic-GCN 0.836 0.897 0.812 0.793 0.769 0.820 0.853 0.773 0.797 0.834
ClaHi-GAT 0.857 0.870 0.831 0.837 0.849 0.854 0.865 0.902 0.818 0.824
TPC-BiGAT 0. 885 0.906 0. 842 0.868 0.898 0.901 0.886 0.914 0.869 0.913
% 3 BEARD $¥E4 b 0% &5 K g5 BORTE BK AL T PGNN 7k, SRifM. A SCH 1Ay TPC-
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Table 4 Ablation study results on TPC-BiGAT model

— Twitterl5 Twitterl6 BEARD
Acc. Acc. Acc.

TPC-BIGAT 0. 885 0.901 0.872
BiGAT w/o gating 0. 859 0. 868 0. 855
BiGAT w/o root 0.822 0.849 0.842
GAT/UD 0.777 0.819 0.789
GAT/BU 0.762 0. 826 0. 764
GAT/TD 0.747 0. 806 0.773
GCN 0.739 0.778 0.751
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