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Topic Model Based on MixtureLLDA in Microblog Platform

Wan Jiahua
(Institute of Information Engineering, Anhui Xinhua University , Hefei 230088, China)

Abstract ; Current studies on the topic model provide little discussion on time factor, but only focus on content factor.
In this paper,a comprehensive content-considered and time-considered topic model , mixtureLDA is presented. Through the
model one can obtain different kinds of user microblogs and time microblogs of topic probability distribution. The statistic
data derived from Sina Weibo are applied as a case study. The results show that the topic model based on mixtureLDA
provides more reliable topic probability distribution of user microblogs and time microblogs. Compared with MB-LDA and
user LDA methods, the perplexity value from mixtureLDA method is lower,which means that it is more effective.
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Table 1 Micro-blog generated step flow

(1) for each topic ¢c=1,2,---,C if5;=3
draw ¢~ Dir(B) draw 6" =6"~Dir(a")
(2)draw 7~ Beta(y) if 5, =4
(3)for each time point t=1,2,---,T draw 6" =60" ~Dir(a')
draw 8' ~ Dir( ) (5)for each microblog i=1,---,M
(4)for each user u=1,2,---,U draw y; ~ Bernoulli( )
ifs;=1 if y,=0 z; ~Multi(6")
draw 0" =6" ~Dir(a") if ;=1 z,~Multi(8")
if 5;=2 (6)for each word j=1,2,---,V
draw 6" =6° ~Dir(a*) draw w;~ Multi (%)
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Table 2 Comparative experimental results

AR MB-LDA userLDA mixtureLDA
50 29 670.442 3 24 505.700 1 23 992.471 4
100 29 670.438 6 24 544.874 5 24 003.452 6
150 29 670.212 9 24 525312 4 23 858.175 3
200 29 670.368 1 24 530.987 0 23 922.058 8
250 29 670.388 3 24 488.979 5 23 893.365 3
300 29 670.289 2 24 541.082 2 24 040.248 1
350 29 673.897 1 24 522.467 2 23 963.397 0
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Fig. 6 Comparison of model confusion
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