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Clustering Algorithm of Web Click Flow Frequency Pattern
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Abstract: Difficulties in navigation through the Web are very often encountered by users, the main reason is the lack of adaptation of a
, base on the fi pat-
tern by the Web click flow frequency constitutes and adopt the analysis of the clustering algarithm according to the distance function and

‘Web site to its visitors’ needs. For the sake of promoting Web user”s service quality and

the time similarity function. The arithmetic which obtain the relativity of sequence and the similarity of user's interest on a webpage can

give us advice how o improve the Web site’s structure and ontology.
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(1) load pattern ay, a5, 0y
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for each a;
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DISTij = D(a,-,aj)
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for each Cluster C;(i = 1, ,%)
for each Pattem o, in Cluster C;
if(IsCovered( a,) = True
remove a,, from C;
(7) return Ci(i = 1,+,K)
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