20009 CHBIXD|ES| FAHF-23E03

=238 (2000.11.25)

NQlG H XY 4E I8 Web Usage Mining 20cIE

ol2g*, 20kt Mgl =85y
OISt XS D SFEISt

Web Usage Mining Algorithm for Personalized Recommender System

Eunyoung Lee*,

Abstract - 254 JHY AASAEL AR FF £
°“ FAUrh YA}olEo] Eojrid diREL A4 B

d Qe Augo] ¥olzg, A 9H 1 AL-&-2HE 9]
A e JYEE AT Fo 17}-4 ’Q‘ib)r A
APR-AL A 73l de BRE Z-ﬂ%"fé} RA e Ay
27F Baste, oj#s A3 # *1‘3]*2 A8 F7)
A AR gt RBEg -b*’ﬂ% o2 ARg-Abo) Al
EEAHYA A2 E AFstdor & o)

] B =FdAME AN T2y 9§ 20 F
€ EWZ 7t a4 A fedg FBIA B3,
AHERE ZF Rl Al sty A& EHQ) AN AE AT
F F U= Web Usage Mining % e AR HH
*Z °LI’—V’/] Adstaz god B =feM AT
Web Usage Mimng daPFS AHEALY] § AHE 8
g =2 dlo]E] nlold 9 EVé% AR AHEAe} Qg
T AL AAIT, olF vtgoz AgAdA e
WEe AT 5 ‘RIE% T Aot olw, g2 A
By g Mg 8% FoA FodA AEHEE £F
3 ol & HiE AL %J A A", Azt FAH A
Ef ARole ol ¥ETS &Y FIE 9L AF 3
9 BEY ARE Jnez 34, 79 ’*Vc‘!%” 7] &)
3t7 @+ WY WA o] RAAERE it

N{

Jml

O

-
1n_<l

l

i

1.4 £

A4 Agde F@sn gtd AU wnos

Uy glo] AXE QRS Folth ofA AEAEL
gojs ABe ARE FA ANeA T Baw
ABES Rololdth mebA AU AERES) B

2 W8S AFsFol A G FAlo ARG
A 7R de ARE AFTY £ YA s Mulavt 3
a3 = AMERbS g Agg BAE niReE ALS
Ao Al Z&AHQA AM¥AE  AFHFE  Personalized
Recommender System ©] # 23}

o} A7t A = Personalization ol dEd EF 71&x
Ax Atge] weEl gEAq durEd oz Fol RolE
WELS 7&E7)% PDE 2D (Rules-based filtering), @ 2
E1""‘(Collaboratwe filtering), &% ol o] A E(Learning
agent) E 7 itk Zr7te) wyE2 Ay uyw

%4]*1 Z}°la 7}1 Ut EF ANtH o gJAjo]
E ARlstol = 3 71A Ay e ARR3lE Rl oty 9
AA & RE F F A A UHE A ALEE
o oA 7t o"%% 4] g1} ]i 3 Yehtes A
B/AEEA ang AFSA Buda HAS "”ﬂ°
AestE Aol vi-¢ Fasill

B =39 e AHERA s 8 FHAHRE *ﬂ
3 71 A8, ¢ ApEAE Eifﬂr%l 28 21 5
EQE 7 AHExe g ddg A g “"*5‘}4
aEin BAE AAZ AEA QA Hieie 284
¢l Mu| g AFHE & = Web Usage Mining&

05

l° o

Mira Kwak. Sunhee Youm, Dongsub Cho
Dept. of Computer Science and Engineering

. Ewha Womans University

2% Agx H8 F&2 SndFE NLsux
Web Usage Mining €38 &2 A& 4 A8 8
& EUE dojg miolde] AL AX AL A%
7 BAL AASD, olF HBoE AERA LS
Weeg ATE & JEF # Felnh

B =R TAHLE Usd Zo 273 71EY
Personalization 71 HE& A% T HelH, 3FdMe &
{—-‘E:Oi A A ¢rslE Web Usage Mining € xel&oll

3 dgsin, 43X E 2ED FEATRA A =
o] & AHojr}.

£

Inc)
®
5]
ol

A 719 o

2.
0171*1L g Mg @ AR % F7
‘7"; 7 At A,

g FugFs T L

2.1 Web Usage Mining Algorithm
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2.2 Regression-based algorithm
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3.2 Web Usage Mining Algorithm
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3.2.1 User session identification
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(1) Mining frequent traversal path
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for each Fj{
for each{x;,xz,...xmlin Fj {
if (m2k) {
for(j=1,j<m~k+1;j++) {
if (x),...x j-k=-1 }is already in LPx
increase its corresponding count;
else ifl{support of(xj,,... Xjk-2} 2Sk-1)
and (support of{Xj1,...,Xjwk-1} Z5k-1))
insert(x;,,.... xjx-1} into LPx

}

[% 11 Algorithm for finding Large traversal Path set LPx
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Sort the groups in LGy-; in lexicographical order
for each group {xi,..,Xxk-1} in LGk
for each group {yi,..yi-1} in LGk
such that x>=yi,...,Xk-1=Yk-2
construct a new group G={X1,.. Xi-1.Yk-1};
test all other comvinations of subgroups
of G with sizetk-1);
if (all such subgroups are among the
top M groups in LGi-p)
add G into CGi ;

[# 2]. Algorithm for generating candidate groups CGy
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(3) Discovering frequent Itemsets
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