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User-oriented Paper Search System by Relative Network

"o ZEARZD

x%‘ o o =2

e

oo

Young Im Cho and Sang Gil Kang
THoistw ITol st 2 FElsta)

2 of

of =Ee AEA) AU ASA] BFFNE HHoE YUUEFAE FEYOEA AARE =RHM A2PS B
LS Rolth AdsE AxPe AEA AAS RN 9Sg NEsE BHR AQH JRIEALE TEH
A Hed, o YERIE G, 97), A4 53 2 AEAY BN A= AFNE 298 Fo=A T
A0 A299 45PE del FARGae] gt 10089 ASAES GHoZ A8 B, /)2 FAANE g
& Hrt A%e] e A8 BERSL B vehe &+ 4T

Abstract

In this paper we propose a novel personalized paper search system using the relevance among user’s queried
keywords and user’s behaviors on a searched paper list. The proposed system builds user’s individual relevance
network from analyzing the appearance frequencies of keywords in the searched papers. The relevance network is
personalized by providing weights to the appearance frequencies of keywords according to users’ behaviors on the
searched list, such as "downloading,” "opening,” and "no-action.”In the experimental section, we demonstrate our
method using 100 users’ search information in the University of Suwon.
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