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Study on Evolution of Sentiment-Topic of Internet Reviews with Time in Emergencies
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2 School of Economics and Management, Huzhou University , Huzhou, Zhejiang 313000, China
Abstract The analysis of sentiment topic evolution is of great value to the control of network public opinion in emergencies. Ac-
cording to the dynamic characteristics of sentiment topics,this paper constructs a sentiment topic model based on LDA ,analyzes
the evolution of sentiment topics with time through the joint modeling of time, topic and sentiment, deduces the reasoning algo-

rithm based on Gibbs sampling process,and finally puts forward the analysis results of product reviews and microblog emergency

data sets.which shows that the joint model has good accuracy and good applicability in the process of time evolution.
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Fig. 1 Graphical model of time-aware sentiment-topic model (TST)
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