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Microblog Popular Information Detection Based on Hidden Semi-Markov Model

XIE Bai-lin, LI Qi and KUANG Jiang
School of Information Science and Technology,Guangdong University of Foreign Studies,Guangzhou 510006, China

School of Cyber Security, Guangdong University of Foreign Studies, Guangzhou 510006, China

Abstract In recent years,microblog has become great places for people to communicate with each other and share knowledge.
However, microblog has also become the main grounds for rumors’ transmission. If we can identify popular information in early
stage,then we can identify and quell rumors early.we can also identify hot topics early in microblog. Therefore, the research on
popular information detection is important. In this paper a new method is presented for identifying popular information based on
hidden semi-Markov model(HSMM) , from the perspective of the transmission processes of popular information in microblog. In
this method, the observation value is constructed based on the influence level of the information forwarder and the time interval
between two adjacent forwarders,and the influence level of the forwarder is automatically obtained by using the random forest
classification algorithm. The proposed method includes a training phase and an identification phase. In the identification phase,the
average log likelihood of every observation sequence is calculated,and the popularity of information is updated in real time. So this
method can identify the popular information in early stage. An experiment based on real datasets of Sina Weibo and Twitter is
conducted to evaluate this method. The experiment results validate the effectiveness of this method.

Keywords Microblog,Popular information, Hidden semi-Markov model, Popularity, Transmission process
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Fig. 1 Transmission model of microblog information
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Table 2 Modeling and testing time of classification algorithms
CHAT - s)
P 37 S A 3, B 1
RF 1.25 0.036
C4.5 0.17 0.029
NB 0.08 0.974
SVM 1.03 1.121
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Table 3 Comparison test under Sina Weibo dataset
A 20)
DR WS i E A EE
HSMM 99.5 99.2
Hong 86.3 85.1
Bandari 75.5 73.2
Naveed 81.2 80. 4
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