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Abstract: Web user’s online interacting behavior with others usually makes some user generated content (e.g. forum threads and Weibo
topics) popular. The modeling and prediction of the popularity of online content are of great research importance and practical value in
many different domains. To predict the popularity of forum threads, this paper discusses several dynamic factors that might affect the
popularity of online content based on the information of dynamic evolution at the early stage, and proposes a popularity prediction
algorithm which makes use of the locality property and combines multiple dynamic factors. The proposed algorithm is further evaluated
with the Douban group dataset. The experimental results show that, compared with the baseline methods, our method achieves relatively
better performance in predicting the popularity of forum threads.
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Table 3 Experimental results
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Table 5 Prediction results with varying t; (%)
F 5t AEAALIN (TR0 5 R (%)

t, 25 30 35 40 45 50
PR 2L 58 52 56 56 54 53

A ZHRH % | 60 54 54 54 55 54
i;bﬁl R 2 »ﬁ@ffﬁwﬁ ) 54 47 53 53 51 52
KNN 57352 SR SR | 57 49 54 53 54 54
MIEE%ERE%E | 61 53 54 55 55 53

FPHIEE 61 53 55 56 55 53

IPW 573 56 54 55 58 57 55

Table 6 Prediction results with varying At (%)
F6 At {HARALIN AT S (%)

At 15 20 25 30 35 40

are 57 55 56 54 56 55

RPN %%Epimﬂiﬂﬁ( 54 51 54 52 59 55
s 2 »Jza Mmjrﬁ 50 51 53 52 51 53
KNN 4732 Py 1 ripgfelcE | 54 53 53 49 55 55
Fl4 KGR | 56 55 55 53 54 51

T E 55 56 56 53 54 53

IPW $17% 56 53 58 57 60 57
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