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Arithmetic of Deriving Html Tags Influence Factor from Docment Collections

DENG Jian-Xun XING Yong-Kang
(Computer Science Department of Chongging University, Chongging 400044)

Abstract In html documents , one kind of keyword may have different influence factor to main idea, because it lay in
different html tag . So it’s important to choose a suitable common influence factor in setting up a math model of html
document . This paper, based on the recently research, brings out a new deriving arithmetic, The arithmetic , ground
on some new concepts, such as ttf(Term Frequency in Tag) ,itf(Inverse Tag Frequency), transform one document to a
matrix which row represent html tags and column represent keywords . Use certain row (as a row vector) in every doc-
ument to form a new vector list , then calculate the average distance between every vector to Centroid in the list . By
the averay distance we can get the tag’s influence factor( to the documents aggregate we used) . If the documents ag-

gregate is big enough , then the influence factor we get is approximately be regard as the common influence factor. Ap-

ply the result in the new documents aggregate , we find searching is effective than before,
Keywords ttf,itf, Standardization factor, Centroid, Average distance, Tags influence factor
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Personalized Web Search System Based on Rough Sets

SHI Lei' XILei! DUAN Qi-Guo®
(College of Information and Management Science, Henan Agricultural University, Zhengzhou 450002)!
(Department of Computer Science and Technology, Tongji University, Shanghai 201804 )2

Abstract In this paper, a novel rough set based approach is proposed to create a personalized Web search system.
Firstly, user profiles which consist of categories of user’s interests by grouping related keywords are designed. Rough
set theory is used to deal with inherent ambiguities of natural language and refine query according to user profiles. Then
refined query is submitted to search component. To further filter out irrelevant documents for the user, retrieved re-
sults are re-ranked according to rough similarity measures between refined query and documents by ranking component.
Experiments compared with traditional search engine are presented and experimental results indicate the precision of

Web retrieval is greatly improved and system are suitable for individual usage.

Keywords Web retrieval, Rough sets, Personalization

1 5%

IAFRBEE MBS B BRI R R, Web LIOfE B BB
M. IMTRE BRI R B RE P IR F
ERELRAERRER Wb BMEHHBHWEERNREANE.
Web BRI BA—ERE MR T X— RS, BEZENEER
SIRBAERAFHNBEF. APEERAEERIIEH, ¥
HREARIMMAR T LA MEEFENERHNNEEL
Ju, EXFERT, MELH Web FEBREAEHEARG|E THE
BENBIRENRE. MEEH Wb REARBHNATH
FHXEBRRE, TT BB AP SRR RES.

FHE MELLH) Web REIRIWITE  FRBER MM AR
Gi sy B, 40 Syskill® Webertt, WebWatcher Z01~41 | 5 #
RERERATHEEN S BREER, BIARER . mEER
MR, AW, ARES XRAELRERETETXH
XK, B EZB A EAE ARIEST PEHES.

MR I R AR A HEEEENA TR, €
BT — ML AR REESITE . BRI B
AR R O T 30 SR HEAT ME WA 43 2 1, BT LA AT LA PR MR 5 X
XA FME RS B TY R, A ERS BRI
.

FXRET —FETHBEREN ML Web RRERE.
BARGA FREE IS A A RIEF ARSI, RIEA
PRSI ERRGHITY R, MRAGERY REHEAR
HEREXEL. I TH—SHRAHXER, HFA4T
BEARMMBRERZ FGHLEE, RETEENER
BRATHRF

2 Ars

HEEELE ML EAELRETERELEMNT
AU, BB SRR LA T IR % S b g
BT)TZRMA.

M B B BB AR BRI R B B U, B EGRA BEE A, BT R ORI

{BRXJLFMBIE 7 B8R — 2 BB FHFE ), TR R
R RIS LB IE T REN A B, RRIT T — 8 —1%
Fiyien s — 2, AT IEAE R L VSM ) RIS R
BEIAMEREMY o, RRITEES—SHRMEL.

$ % X W

1 Turney P D. Similarity of semantic relations, Computational Lin-
guistics, 2006, 32 (3); 379~416

2 Zhu YW, Hu Y M. Enhancing search performance on gnutella-
like P2P systems. IEEE Transactions on Parallel and Distributed
Systems, 2006, 17 (12); 1482~1495

o 228

3 Wang H M, Rajman M, Guo Y, et al. New PR-combining
TFIDF with Pagerank. Artificial Neural Networks-icann, PT2
Lecture Notes in Comuter Science, 2006, 4132; 932~942

4 W AR — MR RAEE—EERT] TEN
B4, 2000,9(27):40~43

5 AR, DT FREROBMEERT]. B LR, 2003, 30

6 PEE,H.F. FRRREA . BEHR, 204, 56~58

7T TS BELEMERERXERNT . LEIREHEFRIR,
2004,4,21~23

8 Rk, H/NEE. B TR EARER TFIDF SRk . MbLE LA
Fd,2002, 23(1):18~20

9 VrEREHEA . 30 Web UAMBERB S 42 . HENLRE,
2005,31(8):24~25,39



http://www.cqvip.com

