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Abstract: Outbreak prediction in social networks is a part of popularity dynamic analysis of social networks, and it is an active research
topic in the domain of social computing. This study proposes a social messages outbreak prediction model based on recurrent neural
network (SMOP) by modeling the message propagation process. Compared with the traditional models on machine learning, SMOP
directly models the arrival process of message without the need of tedious feature engineering in traditional methods. When it comes to
point process models, SMOP is able to automatically learn the rate functions of propagation process, making it adaptable to a variety of
scenarios. Moreover, time vector and user vector, which contain the periodicity of time and the user profile, are used as input to improve
the performance of outbreak prediction. Experimental results on real word data sets such as Twitter and Sina Weibo show that SMOP has
excellent data adaptability, and it is able to predict whether a message would outbreak with higher F1 score in the beginning of the
message spread (within 0.5h).

Key words: recurrent neural network; point stochastic process; outbreak prediction; machine learning; social network
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4.4.1
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1 lh, s )
Table 1 Performance evaluation on Twitter and Sina Weibo data
(observation time: 1h, input: time embedding)
1 Twitter ( :1h, : )
Twitter Weibo
Method Precision Recall Fl Precision Recall F1
LR 0.854 067 0.877 738 0.8659 0.542 373 0.941 176 0.688 172
MLR 0.978 947 0.717 224 0.827 893 0.964 286 0.786 408 0.866 310
MRBF 0.978 947 0.717 224 0.827 893 0.957 734 0.789 320 0.865 366
SEISMIC 0.518 024 0.997 429 0.681 898 - — -
OSLOR - - - 0.512 821 1.0 0.677 966
SMOP(GRU) 0.915 760 0.851 010 0.882 198 0.851 064 0.941 176 0.893 854
SMOP(LSTM) 0.839 673 0.930 722 0.882 857 0.895 833 0.86 0.877 551
1 ,SMOP . SMOP(RNN) ,
SMOP(GRU) SMOP(LSTM) R 1 .SMOP(GRU) SMOP(LSTM) s
: :LR Twitter ,
,MLR MRBF F1 0.8 R ;
SEISMIC, s > )
’ (logarithmic normal distribution), , SEISMIC
Twitter , [12] . ,SEISMIC F1
0.68, . OSLOR s , Twitter y
, F1 0.68, . , SEISMIC ,
R R ; OSLOR
2 1h,
Table 2 Performance evaluation on Sina Weibo data with user embedding
(observation time: 1h, input: time and user embedding)
2 ( :1h, : )
Weibo (time) Weibo (time+user)
Method Precision Recall Fl Precision Recall F1
SMOP(GRU) 0.851 064 0.941 176 0.893 854 0.904 255 0.876 288 0.890 052
SMOP(LSTM) 0.895 833 0.86 0.877 551 0.893 617 0.933 333 0.913 043
s ,SMOP(GRU) ,SMOP(LSTM)
R SMOP
9 , F1 , ,SMOP(G) SMOP(L)
SMOP(GRU) SMOP(LSTM) .Twitter ,Weibo
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(ridge regression, RR)
(autoregressive, AR) (autoregressive moving average, ARMA) SEHP!"

R (root mean square error, RMSE) N 3.

Table 3 Performance evaluation on next retweeting time prediciton

3
Method Twitter Weibo (time) Weibo (time+user)
AR(2) 30.47 3.72 -
MA(2) 94.00 31.70 -
ARMA(2,1) 28.80 5.61 -
SEHP 31.91 4.24 -
SMOP(GRU) 28.89 3.71 3.37
SMOP(LSTM) 28.04 3.70 3.37
3 LAR(2) 2 ,MA(2) 2 LARMA(2,1) 2 1
,SEHP Hawkes . ,SMOP(LSTM)
;SMOP(GRU)  Weibo ,  Twitter 3, ARMA(2,1) .AR(2)
ARMA(2,1) s s s
.SEHP .MA(2) >
,  SMOP >
> SMOP
5
5 , RNN SMOP : R
s ,SMOP
SMOP , 5 s
2 SMOP . Twitter Weibo , SMOP
, ; s (attention) (22]
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