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Application of Rough Set Theory and DT_SVM
in Web Information Filtering
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Abstract This paper advances a new data classification and filtering method based on rough set theory and Decision Tree SVM (DT_SVM) in
allusion to the problem of Web information filtering. This method utilizes an improved heuristic algorithm of relative attribute reduction to eliminate
redundancy, debase the spacial dimension of sample data, and train SVM by clustering integrated with DT_SVM, it can change multiclass problem
into binary classification, and improve the training speed and the filtering precision. Experimental results demonstrate that the new algorithm gains a
higher filtering recall and precision, manifests the algorithm’s advantage of rough set theory integrated with DT_SVM.
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1 C (7 =0.02)
C 1(%)
150 1800 91.5815
400 1419 91.584 8
1000 1325 91.593 3
4000 1248 91.596 4
12 000 1134 91.747 6
15 000 1123 91.749 3
18 000 1129 91.748 7
2 (C=15 000)
v 1(%)
0.03 1045 91.843 1
0.07 1051 91.844 2
0.09 1070 91.852 1
0.10 1063 91.848 6
0.15 1065 91.839 8
0.21 1057 91.798 4
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1000 0.02 87.96 89.93 89.72 91.03 89.77 91.59
1000 0.06 90.28 90.64 88.43 89.95 90.89 91.61
12000 0.07 89.82 90.15 89.89 91.02 90.50 91.74
15000 0.09 90.03 91.17 90.18 91.33 91.26 91.85
18000 0.08 88.71 90.36 90.15 90.98 90.37 91.76
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