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Sparse Web Data Analysis
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ABSTRACT

The knowledge discovery from web has been studied in many researches. There are some difficulties using web log for training data on
efficient information predictive models. In this paper, we studied on the method to eliminate sparseness from web log data and to perform web
user clustering. Using missing value imputation by Bayesian inference of MCMC, the sparseness of web data is removed. And web user clustering
is performed using self organizing maps based on 3-D plot by principal component. Finally, using KDD Cup data, our experimental results were
shown the problem solving process and the performance evaluation.

FIYE : HYE MCMC Z&X i (Hybrid MCMC Missing Value Imputation), Xi7] X3 X|&(Self Organizing Maps), TA& AFE
(Principal Component based Rlot)
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// Hybrid MCMC Missing value Imputation algorithm
1. With Current parameter estimate,
6 at t* iteration
I-step draws X, “* from P(Xpis | X, 6¢7)
PS-step and PC-step draw 6“*? from

P(ﬁ(') lXabs Xm's(Hl))
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( X0, 80, (X, @, 9D,
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// SOM algorithm by T. Kohonen

[Step 1] Initialization
Choose random values for the initial weights
Determine the size of feature maps

[Step 2] Winner finding
Find the winner neuron ;°
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using the minimum-distance criterion
77 = argmin; |l x(k) — w;ll
where x (k) represents input vector

[Step 3] Weight updating
Adjust the weights of the winner and its neighbors,
using the following rule

wik+1) = w; (k) + (k) (x (k) — w;(k))

where 7(%) is a positive constant and
N; (k) is the neighborhood set of the winner
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