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Resarch of per onalized recanmender systan based on
data m nng on magnan m ity data
QO Ye ,WANG Haoming *, YANG Xin-an'
(1 School of Infomation, Xi'an University of Finance & Econamics, Xi'an, 710061, Ching 2 School of Infomation & Camputer,
Sviss Federal Ingtitute of Technology (EPAL) , 1015 L ausanne, Switzerland)
Abstract: Am  To setup a persnalized reconmender systan based on on data mining on magnanimity data
M ethods Present a personalized recommender systan model canbining the text categorization with the pagerank
The features of pageswere extracted in order to fom the feature vector, whichwill be used in camputing the differ-
ence betveen the docunentsor keywordswith the user' s interests and the given domain The links betwveen the pa-
geswere divided into two parts the inter-link and the intra-link, according to the position of pages All linkswere
of differentweight in the link matrix The final order of the documentswas detemined by the vector distance and
the eigenvector of the link matrix Reaults It combined the advantages of the method based on content and on
links Conclusion It isvaluable o be resarched in the future
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