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Abstract With the rapids development of the social network, more and more people obtain or share information on so-
cial network platforms. Unfortunately, the convenient environment of social network platforms has also provided a new
medium for the spread of rumors. The spread of rumor has become a significant challenge that seriously undermines the
credibility of information in social network and posts a threat to building a clear cyberspace environment. Automatic ru-
mor detection is essential for timely prevention of rumor spread and maintaining social stability. The existing deep learn-
ing-based rumor detection models have been developed based on content characteristics or propagation characteristics in-
cluding temporal features and structural features. However, most of these detection models either only model the temporal
information in rumor propagation or only focus on the structure features of rumor propagation to identify rumors. This
limitation cannot learn a comprehensive eigenvector representation well and hinders the performance of rumor detection.
To alleviate the above problem, in this paper, we propose a novel graph-based rumor detection model. It combines the
power of graph networks and sequence models to jointly model both structural features and temporal patterns in rumor
propagation. Specifically, based on the textual features extracted by embedding layer and propagation information, we
utilize a time-aware bidirectional gated recurrent unit to explore temporal features and a graph convolutional network to
learn structural features. Then, we combine them to make prediction. By doing so, the model can learn a comprehensive
representation of rumor characteristics, enabling it to detect rumors with greater accuracy. In addition, the model can effec-
tively alleviate the time mode distortion caused by pruning. To evaluate the performance of the proposed model, we con-
duct experiments on three real-world rumor detection benchmark datasets. The experimental results show that the pro-
posed method achieves 4.8% average absolute improvements in terms of the accuracy score across all three datasets. Ex-
tensive experiments demonstrate the effectiveness of the proposed model for rumor detection.

Key words rumor detection; temporal information; propagation structure learning; gated recurrent unit; graph convolu-
tional network; social network
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Figure 1 The architecture of the proposed rumor detection model
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(A %)
o fee NR F T U
Fl Fl Fl Fl
DTR 414 39.4 273 63.0 344
SVM-TS 57.4 75.5 420 571 526
SVM-TK 66.2 64.3 623 783 655
RVNN 73.7 66.2 743 835  70.8
StA-PLAN 86.8 82.6 833 927 888
Bi-GCN 88.5 82.9 89.9 932 882
g i 89.2 85.6 90.1 938  90.1
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5.2.2 PHEME #4545

# 4 & PHEME Hdlferh s g R, Hrp, %
T SCHER[36] M TR I H 192 BIGCN 15150 25
FLAdGT PUAR R (1 5 S 226 SRR [33]

F 4 HBIREESHANLEL RPHEME)
Table 4 Rumor detection results on PHEME dataset

(FAL: %)
Ji o) Acc Macro-F1 ~ Weighted-F1
RvNN 34.1 26.4
Hierarchical GCN-RNN 35.6 31.7
Bi-GCN 49.2 46.7 63.2
AR 62.0 52.1 67.9

(i BARRIRATTR AR T I g )

WSS g8 Wb, AR SCAR T R U
Kyl Bi-GCN. Hierarchical GCN-RNN, 7 3 4
RPRF T RNN R RVNN, %45 RAEse T &
R i K (R AE KR BE T

AR, A CREAYAE PHEME 23R4 5 2 /> Twitter
Hl IR TR AN . 138 1 A4, PHEME %3l
BB ISR D, T T I A 46 1 4 A A
ML, FTH B ZAE A F ORI ZE . AL
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53 HELSH
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Table 5 Rumor detection results (Accuracy)
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Figure 2 The variants of our model
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Table 6 Results of the variants (Accuracy)

(PR : %) (A2 %)
Y Twitter15 Twitter16 PHEME LY Twitterl5 Twitter16 PHEME
AR 88.0 89.2 62.0 AR 88.0 89.2 62.0
- w/o Att 87.5 88.7 59.6 A1 86.9 87.9 58.1
- w/o AGRU 87.1 88.0 56.3 ARAA 2 86.6 88.3 583
- w/o GCN 78.1 79.5 40.9
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Figure 3 Results of early rumor detection against the comment forwarding dimension
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Figure 4 Results of early rumor detection against time dimension
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