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Abstract The sm ilarity m easurem ent for W eb pages is a key issue forW eb pages categorizaton E flective smihrity
m easurement strategies can efficently in pove the accuracy ofW eb pages chssification T raditionalVector SpaceM odel
(VM) only uses he frequency of each sekcted word n the pages doesnotmake efficentuse of the distributon nfor
m ation such as the average positbn and b as of heword hence themethod has a great m pacton the accuracy of the pa-
ges classificatbn Therefore n this paper the means and variances of the words i the document which are app lied
into the sin ilarity m easu ram ent method are canputed and a novel m ethod Hr the s ilarity measuren ent ofW eb pa-
ges that is directly embedded by the dsirbution nfomaton & present This approach can effectively mprove and ex—
tend the classically s ilarity m easurem ent strategies HrW eb pages which properly incorporates the d stribution nfor-
maton nto the s mikritym easurem ent of W eb pages Expermental resu lis shov that them ethod of this paper is efficent
and fkxble
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Tablk 1 Theperfoom ance of K-means in thed fferent da taset
K-m eans DK-m eans K-m eans
m ic-fl mae-f1 mie-f1 m ac-fl m ic-fl mae-fl
W ebKB 0 78175 0 782926 0 863992 0 863 329 0 736952 0 742381
Newsgroups 0 736 327 0 735 484 0 781 362 0 783 136 0 804 225 0 805103
Reuters 0 791 248 0 792 329 0 804 161 0 802779 0 828232 0 82194
2 KNN
Table2 The performance of KNN in the different dataset
KNN DKNN KNN
m ic-fl mae-fl mie-f1 m ac-fl m ic-fl mae-fl
W ebK B 0 761069 0 759 444 0 84127 0840346 0 86535 0 86877
Newsgroups 0 801 87 0 802 785 0 821 742 0 823 891 0 88273 0 880366
Reuters 0 805859 0 804 144 0 821941 0822202 0839378 0 832586
09 0or
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