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PageRank and HITS — Based Web Search

CHANG Qing,ZHOU Ming-quan, GENG Guo-hua
(Institute of Visualization Technology, Northwest University, Xi’an 710127, China)

Abstract: Introduce the wider application of the present two algorithms: PageRank algorithm and HITS algorithm. PageRank algorithm is
based on random users browse the website ahead of intuitive knowledge. HITS algorithm considered is Authoritive and Hub website
homepage the strengthening of relations. PageRank algorithm’s basic idea: if a page is used in many other pages, this page is likely to be
important pages; although no one page was repeatedly quoted, but it was an important quote pages, this page méy also be important
page; the importance of a page are transfered to the pages which it cites. HITS algorithm focus on improving the generic theme of the
search results, through some calculation (iterative) method in order to get a response to a search of the most valuable pages, the highest
ranking auithority.
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