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Abstract According to the novel aspect of natural hierarchical property of Web site the inverted
index structure was proposed based on Hash table IIS-HT to promote the speed of data
preprocessing. Based on IIS-HT a prediction model was also proposed which was based on
statistics to predict users’ browsing behavior. The design idea definition framework and key
construction methods of the model were also given. Finally the proposed model was tested with
real data. The experimental results show that the model and prediction algorithm could reduce the
scope of candidate pages and improve the speed of prediction with adequate accuracy.
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cache, 4
= request,, 8 Table 4 Hit-ratio to large data %
3.2 Bayesian ~ Markov HPM-MMBT
1 62.42 62. 67 63.12
HPM - MMBT 2 68. 54 68. 41 68. 96
Markov Bayesian 3 65. 83 66. 12 63.35
top —r, =10 top —r, =10. 4 64. 84 64.59 61.39
1 . 5 69. 24 69. 73 63.96
2 hierarchy = 1 ~ 2 HPM - 66. 17 66.31 64.26
MMBT PA  Bayesian 5 _1
Markov hierarchy = 3 ~ 5 0
HPM - MMBT PA Bayesian )
Markov - 3.5
3 -1 P,
0 15.49% 8.33%  8.82%. =
-2 3-5 P,
=33 13.91% 11.49% 11.69%.
PH
15.49% 8.33% 8.82% . TaSIe 5 Candidate page set to large data
2 HPM - MMBT /%
Table 2 Hit-ratio to small data %
1 588.72 81.21
Bayesian =~ Markov HPM-MMBT 5 392. 63 54 16
1 32.54 32.54 33.18 3 101. 47 13.91
2 52.13 52.13 52.69 4 83.24 11. 49
3 41.98 40. 37 40. 04 5 84. 51 11. 69
4 47. 46 46. 42 40. 92
5 42.91 43. 15 41.39
43. 41 42.92 41. 64
3
Table 3 Candidate page set to small data
HPM - MMBT /% 4
1 544. 82 75.25
2 392.53 54. 14 IIS -HT
3 112.93 15. 49 HPM - MMBT
4 60. 31 8.33 HPM - MMBT
5 63.78 8.82 Bayesian
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