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Topic Evolution and Prediction of Scientific Papers Based on Latent
Dirichlet Allocation Model

MAO Li-feng,ZHANG Wei
(School of Computer Science & Technology ,Nanjing University of Posts and Telecommunications
Nanjing 210023, China)

Abstract : According to the change of the topic of scientific papers in previous years,to analyze the evolution of scientific papers based on
Latent Dirichlet Allocation (LDA) is the current research focus. Through the aftereffect for topic evolution of scientific paper, Markov
Chain is used to predict the evolution information of topic. In this method, LDA is used first to obtain the topics in different time win-
dows, then some calculation method like similarity is used to associate with topics in neighboring time window. According to the intensity
of topics, these topics are divided into 3 states including popular,normal and cold. Finally, the state transition matrix which is gained by
the Markov Chain is used to analyze and forecast the trend of topic evolution. The experiment on proceedings of NIPS shows that after a
long period evolution, the state proportion of topics of scientific papers is stabilized , with hot 30% ,normal 60% and cold 10% remained,
which shows that this method can effectively predict the trend of topic evolution in the next few years according to the existing evolution-
ary information.
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