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Two New Efficient Algorithms to User Access Prediction

FENG Shaorong, ZHANG Dongzhan
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Abstract: A Markov chain and association rule prediction algorithm (MAPA) is proposed to deal
with shortcomings of existing algorithms on user access prediction based on web log mining. The
algorithm uses the second-order Markov chain to find the pages which users may visit in either the
next step or future, so as to generate the candidate prediction page set. Then the two-item associ-
ation rules are used to correct the prediction result from the forward and the reverse perspectives
to get the last prediction page. The algorithm integrates the advantages of both the Markov chain
and the association rule well. A Markov prediction algorithm with feedback (MPAF) is proposed
by introducing user feedback mechanism. The algorithm creates a history prediction tree (HPT)
step by step during the prediction process, saves the history prediction information into HPT,
and determines whether the prediction is correct according the user’s feedback. The algorithm
generates the candidate prediction page set using the second order Markov prediction algorithm at
first, and then the last prediction page is generated by dynamically adjusting the prediction algo-
rithm according the historical prediction information. Theoretical analyses show that both the
prediction algorithms have linear time complexity. Experimental results show that the average
prediction accuracy of MAPA and MPAF is increased by 5% and 10%, respectively.
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