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Web Navigation Prediction Based on Markov Model—A Survey

LIN Wen-Long LIU Ye-Zheng JIANG Yuan-Chun
(Institute of E-Business, School of Management, Hefei University of Technology, Hefei 230009)

Abstract Web navigation prediction is one of the most important topics for discussion in research area of Web naviga-
tion pattern mining. Markov is one kind of traditional Web navigation prediction model. This paper first introduces
basic Markov Web navigation prediction models, which include basic Markov Model of navigation behaviors, its train-
ing method and its application in Web navigation prediction problem, Then several extended Markov Web navigation
prediction models are introduced, which include one-order combined prediction models, higher order models, mixture
Markov models, hidden Markov models, continuous-time Markov models and so on. Then the essences of each kind of

extended models and their learning and predicting methods are summarized. Finally some problems of Markov Web

navigation prediction models are pointed out for further research.
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