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Rumor Detection Model on Social Media Based on Contrastive Learning with Edge-inference
Augmentation

LIU Nan,ZHANG Fengli, YIN Jiaqi, CHEN Xueqin and WANG Ruijin

School of Information and Software Engineering, University of Electronic Science and Technology of China,Chengdu 610054 ,China

Abstract In recent years,in order to deal with various social problems which are caused by the wide spreading of rumors, re-
searchers have developed many deep learning-based rumor detection methods. Although these methods improve detection per-
formance by learning the high-level representation of rumor from its propagation structure,they still suffer the problem of lower
reliability and cumulative errors effect.due to the ignoring of edges’ uncertainty when constructing the propagation network. To
address such a problem, this paper proposes the edge-inference contrastive learning(EIC) model. EICL first constructs a propaga-
tion graph based on timestamps of retweets(comments) for a given message. Then,it augments the event propagation graph to
capture the edge uncertainty of the propagation structure by a newly designed edge-weight adjustment strategy. Finally, it em-
ploys the contrastive learning technique to solve the sparsity problem of the original dataset and improve the model generaliza-
tion. Experimental results show that the accuracy of EICL is improved by 2. 0% and 3. 0% on Twitterl5 and Twitterl6,respec-
tively,compared with other state-of-the-art baselines, which demonstrate that it can significantly improve the performance of ru-
mor detection on social media.

Keywords Rumor detection,Contrastive learning,Data augmentation,Causal inference
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Fig. 1 Overall structure of the proposed model
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Table 3 Results on Twitterl5 dataset

methods Acc. o
NR FR UR TR

GRU-RNN 0.641 0.684 0.634 0.571 0.688
PPC 0.697 0.689 0.760 0.696 0. 645
RvNN 0.723 0.682 0.758 0.654 0.821
StA-PLAN 0.808 0.930 0.758 0.808 0.812
BiGCN 0. 836 0.791 0.842 0.801 0. 887
EBGCN 0. 855 0.831 0.857 0.903 0.816
EICL 0. 875 0.825 0. 885 0.871 0.918

WF 3 AT LUFE L EICL M A Twitterl5 Bd 4 L A9 o
WE N 0,875, AFE TR ZEF MM - RME A FL HAF
0.918, MF 4 W LA, EICL K #I7E Twitterl6 34 4 I
B MER A 0. 910, H7E FR 8% 5 KM LRI, FL A
iKF 0,937,

# 4 Twitterl6 B4 LAY 45 R

Table 4 Results on Twitterl6 dataset

methods Acc. L
NR FR UR TR

GRU-RNN 0.636 0.617 0.715 0.527 0.577
PPC 0.702 0.608 0.711 0. 664 0.816
RvNN 0.737 0.662 0.743 0.708 0.835
StA-PLAN 0.852 0. 840 0. 846 0. 837 0. 884
BIiGCN 0. 864 0.788 0. 859 0. 864 0.932
EBGCN 0. 880 0.823 0.878 0.937 0.875
EICL 0.910 0. 850 0.937 0.912 0.935
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