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Early Rumor Detection
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Figure 2: Architecture of ERD.
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Statistics WEIBO TWITTER

User# 2,746,818 49,345
Posts# 3,805,656 103,212

Events# 4,664 5,802
Rumors# 2,313 1,972
Non-rumours 2,351 3,830
Avg. hours per event  2,460.7 334
Avg. # of posts per event 816 17
Max # of posts per event 59,318 346
Min # of posts per event 10 1

Table 1: Statistics of WEIBO and TWITTER.
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Method Accuracy Precision Recall  F1 Method  Accuracy Precision Recall F1
Baseline 0.724 0.673 0.746  0.707 Baseline 0.612 0.355 0.465 0.398
RNN 0.873 0.816 0964 0.884 RNN 0.785 0.707  0.659 0.682
LSTM  0.896 0846 0968 0913 LSTM  0.796 0.719  0.683 0701
GRU-1 0908 0871 0958 0913 GRU-1 0.800 0.735 0685 0.709
GRU-2 0910 0876 0956 0914 GRU-2  0.808 0.741  0.694 0.717
Cs1* 0.953 o 0954 CRF* — 0.667 0566 0.607
HMM* - - — 0524

RDM 0.957 0.950 0963 0957

ERD 0.933 0.929 0936 0932 RDM 0.873 0.817 0.823  0.820

ERD 0.858 0.843 0.735 0.785

Table 3: Detection accuracy on WEIBO. ‘** denotes

le 4: 1 T | v
values taken from the original publications. Table 4: Detection accuracy on TWITTER denotes

values taken from the original publications.
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Figure 6: Proportion of events classified by ERD over
time. Dashed line indicates the optimal checkpoint (12
hours) for GRU-2.
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Figure 7: Detection accuracy of ERD over time.

Dashed lines indicates GRU-2’s accuracies.
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Interval Salient Words Translation

18:41 — 18:44 KEE . FHYE, B hairy crabs, toxicity, hor-
) ’ %, BE, ZiH mone, harmful, amazed

KEE, BH, JH  hairy crabs, bursts, message,
B, R, kW amazed, on the market

18:51 — 18:59 FE, N, XEE, delicious food, why, so,
' ‘ 7, [z dizzy, one city club

18:59 — 19:09 BURZND  nZf8# . = dare to eat, afford to eat, like,
) ’ w, B, miserable, laughing

BWm%EE, EAE,  food safety, really, disap-

18:48 — 18:51

19:11 - 19:1
9:15 K, Y, NEE pointment, what, cannot
Rumour Detected
19:34 — 19:49 &, REE, 17 s it, hairy crabs, cannot eat,

AR, BEIA], FEWW doubt, look around

Table 5: Case study of a rumour on WEIBO.
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SIFTER: A Framework for Robust Rumor Detection

o TERHTIE S IEEIAR, St DR EE
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Probability]

need venfy" ‘I can't beheve it } Where did he gets
g o Tomibalievel ~ the gun?
g‘ =2
R e ane T N
g indeed!
§ ,,.»‘ not the ISIS ﬂag} ' 'bre'ak'ing'? ”
-
to t] t 3 t4 t5 t6 t7 Timel ine'

Figure 2: An illustration of prediction inconsistency. At differ-
ent time points, the model outputs different predictions for an
identical event. Sometimes, the prediction of the model even
changes at the nearest two timepoints. As a consequence, the
reliability of the model is not promised. Figure 4: Vacabulary overlap between domains.
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Actor Critic
| Environment I' T Rumor Classifier Value Network
] 1
Acti(ml l Advantage I v Reward 1 1 2
=N
=) . .
G =1 Multi-task Learning
‘ ~EE ‘ S ‘@ ‘ Propagation Modeling ‘ , :
A A S -— . Subjectivity Classifier |
______ ; =,
X, Xil__ Xp ! B S H o I I R T
1
------------ . Subjectivity Extracto |
‘ Sentence Reprcscntat]on‘ ‘ ubjectivity Extractor

L

1+ 4 A M

......

X0 X1 X Subjectivity Classification instances

(a) Th entire framework of the SIFTER (b) The architecture of the actor and the critic in the SIFTER

Fig. 3. The overview of the SIFTER framework. The SIFTER is a sequential training framework implemented by reinforcement learning and consists of an
environment, an actor, and a critic. The interaction among the environment, the actor, and the critic is shown on the left figure, and the architecture of the actor and

the critic is shown on the right figure.
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Models TWITTER WEIBO
Acc. Prec. Rec. Fl Acc. Prec. Rec. Fl

RNN 0.748 0.707 0.659 0.682|0.871 0.816 0.954 0.879
LSTM [0.795 0.719 0.683 0.701[0.907 0.846 0.958 (.899
GRU-2 [0.808 0.741 0.694 0.717 |0.914 0.876 0.956 0.914
RDM 0.873 0.817 0.823 0.820{0.957 0.950 0.963 0.957
ERD 0.858 0.843 0.811 0.826(0.933 0.929 0.936 0.932
SubRRD | 0.894 0.921 0.933 0.927 (0.971 0.958 0.962 0.960

Table 3: Test Accuracy on TWITTER and WEIBO Data
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Fig. 4. The precision of the early rumor detection. The y-axis represents the
precision score. The x-axis is the maximum number of repost comments in the
conversation, indicating how early the model to perform the prediction.
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Model |Charlie. Ferguson. German. Ottawa. Sydney. Average
RNN 71.99% 7127% 55.13% 52.36% 58.27% 61.78%
LSTM [76.63% 69.52% 61.70% 58.20% 62.36% 65.68%
GRU-2 [75.19% 70.22%  58.72% 54.83% 60.23% 63.84%
RDM  [78.35% 72.41% 61.88% 71.73% 70.64% 71.00%
ERD 76.66% 71.29%  60.62% 70.70% 68.54% 69.56%
SubRRD (82.94% 79.54% 71.21% 75.36% 75.72% 76.95%

Table 4: Cross Domain Accuracy on TWITTER dataset

Model Politics Health  Entertain Average
RNN 75.00% 81.84% 76.36%  77.73%
LSTM 80.71% 85.32% 79.39%  81.81%
GRU-2 | 80.71% 8557% 77.57%  81.28%
RDM 86.42% 8881% 8545%  86.89%
ERD 84.67% 8792% 86.66%  86.72%
SubRRD | 91.91% 92.38% 91.92%  92.07%

Table S: Cross Domain Accuracy on WEIBO dataset
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Figure 9: Alarming signal heatmap on TWITTER. In the figure, each row represents an event sequence, where the policy network
outputs its decision at each position. If its decision is to trigger a rumor alarm, the corresponding signal on the heatmap will be
marked as light color; Otherwise, the corresponding signal will be marked as dark color. Therefore, the inconsistency of color in each
row indicates prediction inconsistency of the models that its prediction of an event relies on the choice of the checkpoint.




Social Bot-Aware Graph Neural Network for Early
Rumor Detection
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*  Shao, 2018. The spread of low credibility content by social bots. Nature
communications, 9(1): 1-9.
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NR FR

Method Acc. Precision Recall F1 Precision Recall F1
DTR 0.732 0.726 0.749 0.737 0.738 0.715 0.726
DTC 0.831 0.815 0.847 0.830 0.847 0.815 0.831
RFC 0.849 0.947 0.739 0.830 0.786 0.959 0.864
SVM-RBF 0.818 0.815 0.824 0.819 0.822 0.812 0.817
SVM-TS 0.857 0.878 0.830 0.857 0.839 0.885 0.861
GRU 0.910 0.952 0.864 0.906 0.876 0.956 0914
PPC 0.921 0.949 0.889 00918 0.896 0.962 0.923
GLAN 0.946 0.949 0.943 0.946 0.943 0.948 0.945
SMAN 0.951 0.937 0.967 0.952 0.967 0.936 0.951
SBAG 0.957 0.967 0.947 0.957 0.947 0.967 0.957
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Figure 4: Relationship between rumors and users.
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