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A Survey of the Approach of Topic Evolution Model Based on
Topic Model

Zhao Yingguang Hong Na An Xinying
(Institute of Medical Information, Chinese Academy of Medical Sciences, Beijing 100020, China)

Abstract: [Objective] Organize and analyze the approachs of topic evolution model based on topic model, summary

the advantages and disadvantages of all models, then introduce this methods into the fields of information analysis.

[Coverage] The literatures are obtained from “Google Scholar” and “Web of Science” by the keywords/topics of

“Topic/Theme Evolution”, “Time Topic Model” and “Dynamic Topic Model” together with citation searching, and 25

literatures are used as references at last. [Methods] Explore the implementation mechanism, functional characteristics,

advantages and disadvantages and the fields of application by literature analysis. [Results] The current models focus on

researching the variable topic number, online processing and continuous time span, many models have one or two

functions and could meet most of the applications. [Limitations] Some specific implementations of the models are lack

of depth analysis. [Conclusions] The task about evolution analysis of various text source, granularity and time spans

should take account of the concrete requirement, so as to apply the appropriate model according to its features.

Keywords: Topic model

LDA Topic evolution

XIANDAI TUSHU QINGBAO JISHU &



