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Dynamic Web Information Predictive System Using
Ensemble Support Vector Machine

Changhee Park’ - Kyungbae Yoon"

ABSTRACT

Web Information Predictive Systems have the restriction such as they need users’ profiles and visible feedback information for obtaining the
necessary information. For overcoming this restrict, this study designed and implemented Dynamic Web Information Predictive System using
Ensemble Support Vector Machine to be able to predict the web information and provide the relevant information every user needs most by
click stream data and user feedback information, which have some clues based on the data. The result of performance test using Dynamic Web
Information Predictive System using Ensemble Support Vector Machine against the existing Web Information Predictive System has proved that
this study’s method is an excellence solution,
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Algorithm : Initialize_%348 SVM (Parameter(j])
// 3AE SVMSE %73
Input : f [nsv, beta, bias] = svr(X, Y, ker, C, loss, e)
Output - H = kermel(ker, X(i), X(j))
// iRl 271g 2Ab
if (arguments < 3 | arguments > 6)
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else n = size (X, 1)
// A8 dolg #el
if (arguments < 5) loss = elnsensitive
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if (arguments < 4) C = Inf
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if( arguments < 3) ker = linear
/27 A #4F linear2 HA
end
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Set H = zeros (n,n)
for (i =1 ;i<=n;i++)
for (j =1, j<=n;j++)
H, j) = kernel (ker, X(i)
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end
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Algorithm : Voting_Kernel(Select_kernel[k])

// Brd A $4E AHEEY HAHe RyE A
Choose optimal kemel K™ such that min|lw||

// 1-scatter smoothing, 2-bin, 3-running mean,

// 4-kernel smoother, 5-equivalent kernel,

// 6-regression spline, 7-cubic smoothing spline

/N B2ER AEY
for (i=1;i=<13109; i++)
if random_number < 0.1
re_sampling
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end
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for (k=1 k=<7, k++)
MSElk]=risk(Select_kernel[k])
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if MSE[K] = min
voting = MSE[k]
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end
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