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JENS) E439} B Eof AFE 7 AFHAA
I AFsYo] vfF oz g wEt T4
A% 7)97t (business to business, BtoB) &}
AN RS AT 7184 =l =g
F58 4 A =t} (Alonso, G. et al,, 1999).
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ozl 438 FFAEZRE FHE e o

WL AR MEYAY Mg s 7utez &
Ao 2 o 71 71ge] 2EY AHIAE F3
atod o E3Zsta 71 e AES AFee A
o]ti(Zhong Tian et al, 1999). o|&3 WP 5
Aol AL = e /M 533
A2 ez, Jd8de #HAN Ad2ge
2d2 XA 7M3 7)1U(virtual enterprise), 714 ¥l
zYA X2 M A(virtual business process), L&)
I A# FFA(trading community)®] 733}
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QoA At upe} o], AEUE Jkoz
g e-HlZUZ AddlA 7]de] nAEL 249
Tl 7)%e 23 Yt MuAE AT 5 o
€ 719S UEAAAN 44 & F e olHS
7FA7] qEel el o] AL w4
HHoz 71gql digt 2EE7 ¥} (Dussart,
C, 2001). 2¥BE, e-HIZYXAE Fe3l= 7]
42 B 19 BAL FEdln uAe] E4
o = MuIAE AFH et M| o]gS gt
< 7t A3, o] MulAE AF3sr] A
© a8 EAS gotste 1 EA webA 3}
W3l MulAE A F3faof ik

WHA, @ Q] Aol AMulA 71Ye vl e-
FE3= 7Idol 7HE = Qe 2A
9] E4& golr] 93 718 HolgHE

F Qo= Rojtk. &, <1¥ 21>7
Hole7t A= o]& 88 + AU
t}. 4 HolE & Netscape gA4H L RE €A
He] 23 59U Network Collector2 3¢
Analyzer’t ¥4% DB Table® Ao M
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<ag 22> ofold A Zl (Mining Engines)

o 23L& 9 YAAHQ AN T2 AH2oelr)
2) Web (Content) Mining: 54 FA& 713
Ay R AHAGA 23S 79 435 FHE
Q] wlojyd T ZAXolT}
3) Web (Data/Traffic) Mining: ®l°]€ vle]y
< @53 Yo FFY Aoz g 49 ¢ d
olgo] #AZ HYE £ AAH YA =Y

2 AFAH A4g Fe 989 AL ou|.
olFo A 1A FRE e-HRU2A A
o2 ¥837) A3lAs Web Traffic ¥40]

2 a3, o]&§ Web Traffic £4-& Web Log

243} Web Mining®} & 7HAZ 25 &

Atk Web Log #4912 YUuk3<Ql Web Traffic

49 siFete 2oz 4 MW 21 Hd$ 7]

BRI s Y EA|AH 58| =2X] HsA 2% 20021 128 161



() Saol

22 34 71239 taffic JRE 45t ¢
AL EGA Yojuhs Ao o3t YutE A E
A 33ttt Web Mining2 YR Web Traffic
Mate g2 A dolg wo|xete] AFE B3
Ao g 359 Hlolg Hlo]xu} st=doje) F
o #Aglol BEE HolE 4£2(Source)E T
o] BA3e] £ HHoly 4zdd #AE
otk (R. Cooley et al., 1997). ©]&dt ujojyg
< 9% =7 <a¥ 22>9 2HOsmar R et
al., 1998).

<ag 222904 & F %], thdFe] dlo]
o £AZA A4(Knowledge)g F&317] 9%
22 AFAF FE0] /EH sk, 2 S
A 7P Bl AMgHe ZFe JdAMEAUYR
(Decision Tree)& Ak C459% 732249
gAs Y E 93 (back-propagation network,
BPN)e|t} (Irani, K. B. et al., 1993).

o] TTEL Ago] 2tddly FPAY H &
HHE 7HAE Aol Jdevz 449 ¢ugE
o] 7tA = EAAQI A wfFol| X2 7)ukA 2

du A M

< Nddte BHE MEH oS AR HA B
AAojt}t. dF B, C45€ 9442 &g 7HA
€ dolHdl H¥Hos HEE F gla(Aha,
DW., 1992), BPN2 &8 A& #4377}
E7153lt} (Benitez, J. et al., 1997). A o8
& FAE FE3T 6% AFAHY A4 & 87
AWM 23} 2& &7 M hybrd strategy)
o] d7xx Urh

(1) E&1H2F 1: SOM (Self-Organizing
Map) Inductive Learning

UWH o2 Inductive Learninge #7F A
(classification task)el AF8-"t}h Inductive
Learningoll 93] F&d A& Ity A&
A= GA A4 + Ue Y dAAEAEF
2 HEHT g Azto] ARG B ¥R
7] W& A4 F%(Knowledge Extraction)
o ¢ #8383ttt 28y Inductive LearningS
Z9¥ W (Output)7} o]4H3 ojojo} 3t A|ofo]

Multivariate Data

/

(dependency)
With Target Class

Discrete Class
(Classification)

«ID3,C4.5

* Memory-Based Reasoning (MBR)

« BPN - global
* Back-Propagation Network (BPN) * MBR - local

N

(interdependency)
Without Target Class
( Clustering)

Continuous Class
(Function Approximation)

* k-Means Clustering
* Self-Organizing Map

<33 23> 02| 7ix| diolef ¥ejfol| Chet eAZXiEs EMETTF

162 EX|SHEAIAHES=2X| ®gH H2& 2002 12¥
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AL Ty %3131%0] AR o]& (Information
R &8 APV 48 ) &

Ade -r7<ﬂ°“\—‘:- Hgst7)7t e
a8y, ol § 29 ¥yt d&Fojolo} 3
t FAHL SOM A3 zge] xgoz FE
& 4 AoHKohonen, T. , 1982). SOML 43
A g FAE o]AHARI EYFToE WA
AqES e dneFoE, LAY e %
29 Bg9 ol EYPUFESL 749 dolH
A& SOML 2 §gA|7]9 shgdTo) A3
of olabQl FY22 WBF % YT Inductive
Leamningg % SeAzz A74E & AUt
Kang et al. (1998)& kol QAF3 nps} 2ol
Y W4 wxA) 5§ dojEdd SOME &4
3to] o]ArHQl EiAz HEINYR, HEE o
olEl9) Inductive Learning® &3t & 3
EH°“ W& A4S JAHEFZYT e 83

T7& A
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(2) &&l™e} 2: Inductive learning SOM

TJAE 19 ve] £A2 HE3e Ao
2 Inductive learning$ 3 T H$Y
ZHoj ot 71t F8¥ MFE Fol SOM
o= gt ggholH 1§S YT 5XS
M SY2HZ 1533 1§ §AS
o4 = Ak ol F WYL o]FFA YA
IA/EY AT EAF HolgE EAtE b A}
L5} (Yu. S. ], Park. S. C, 199). 97 5
AH ol 149 4ghS 7]&d Aoz
2 28] g e EX3A ged
o]2{g doJEl & Inductive learning & SOM&
d&3 o FEdld aAENA Y 53
A B 74 g Es FE31, 328 A

_'\:_l,

(3) M2t 3: BPN SOM Inductive
learning

A A7EA BA =7E S8t AMSSE o E
Yu et al.(1998)0] #Itg AT A5 7|4t vkzH|
AZZHAXY & o AN AT &
At GRHAQL AF A3 2 AN o
Al&a®"le AA e (Preprocessing) #3 REH
&4 (Leaning) REE TAEHO d=d vis,
Yu et al.(1998)0] =tst Al28le HXE #A
28, 54 ¥% (Feature Transformation) 2%,
3t 259 A7z 2EE 7ML

o] fgEol /“]i BgatA A= A
= AgdAMe #e ¥ S AAHFHY
AdBAE AY E°]1] %, AA/FRE B
(Factor/ Principal Component Analysis)®} Q=Y
FREH Zo] Bolx e oW miiA, F
Feature7} EAa1A o] Ro] #e] w49t &7
o] dZdxze 4ES ¢t o] FeatureES 4H
I AdFdE g AYE 7HAE, ol
THA] SOMel 98} 7kddt A& 7HAe NEE
Ad FHoE wgdEth Yu et al (190)
BPNS] &4 %0 =22¥ FeatwreES F&¥ch
Z, B3¢ #4844 7 E g% A5 F]
BPN# SOME AMg-3t tdd #AE 7HAE
N2 7 & Featured] FNEE WYPH A
oltt. Yu et al. (1998)& &€ Features} oJ4t
HQl Classg 7 +&39 4534 E vt
U= #A4g Inductive Learningg $3 &3}
of o] 7IWtoE A&, 21EL AU A
2Ho] Q1¥ 3 &89 FAV} vlAYHolm B
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£3Y A9 2 FEYhn Bk
(4) £t 4. BPN MBR

BPN¥ Memory-based reasoning (MBR, in-
stance based learning®]4 case based reasoning
o2 geiA Uthe el 28 7He &
AE Mg wf 7 Bol H&3te =Folth o]
dueFE Al2gdd g 2d7glo] Sl
7VFsdtte B4 W] H&-Fokdl it Abd A
B { priori information)7} §l& A A&
g e v 2 74 EARS 7R 2 0 MRB
2 BAY Atel(Case)g T3] iR ol A4
7122 4 dgEo]l 29 ol e Il
g Aol S 1234 91 2L FoEE /I
tia 7 she A1 0] Qlth BPN AR E
A o) &8 & 7] Wi FH YEHAE
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d], Shin et al. (1999)- ©]2js BPN$ MBR 3
Lolghe EXRHFS =Ust weH AzTA
Mo & # A2FE AYSAUH<H
24> FZ).

Shin et al. (1999)2 o8& EFAFE AHE
Fozn F& A0 O BN, FE2
Aol HHE & FAE AT HBYA
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Web Log®t 22 ¢ "lolg(<2¥ 21> IXF)
9} 719Wie] 2DB, W&DB, 4% DBE 94

HISt e-BusinessAH9)

FAsked d Z2le Azl 1 Al Ao 3o AFAT 7L $9) e-Business}e =
oA EAFEL FE3IV AN HZd= N EXNS ARHoZ BANSTA e B dF
MBR# BPNS &3t dZo] d75H1 e o =YY <Y 311> 2
R ey da Prediction
New query Query Manager
. Predicted valies
; & Previous similar cases
Predicted value K-most similar cases
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Nl:::,p‘::anm w‘ghl Mel::ory E}med
K.nowledge Lnital Initiad Case
Update M‘msef traiting data raining Dt retrieval
Case Base ]
Addnwe-ec
archives
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7ol g Alo]Ed] H&alE ¢ Mue 23
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HTML &4 & sojA& FAisx P& 8%
Floj o] £3he o}t Fej9) vlojEvj} 7] &
S @7 dyFoE FEFHQ 2anye A
% 9 7719 2= <) Host, RFCI31, AuthUser,
Time, Request, Status, Volume® 7}XE& d)¢]
BHE TAEE, o8 d ARE o]&3lo 7717
o ikl 131 A £ F3% = dok 1)
7170 £4, 2) Al2" 24, 3) o3 24, 4) A
SROFEA) 4, 5) HolA B4, 6) P Ez
4, 7) Wi 24,

a3y, o] s 1AAFY Be AlA=] #
Al W= Be 252 & & QA 14
9 <& oiE £40e olFd £&
ot 249 A& didop] nAe)

o e

=AM g
=4 1A - - Profile
Web Log eprocessing Information

(preference)& ¥7] &M= ¢ 22 dolgy
A3 2)(preprocessing)7t BRF(<AY 311>
o B4 194 22), d3499 A8E AW
B4 & e 4 =77 9ed B A7)
A& SOMel 2A% Data Visualization System
o 28-& AAMAY. F, Data Visualization
System< Web Log Ho|EZ2E SOMd| &
Tkl E4g F8) Ao H&ye ok no) @
A& THE AF 50 B3 ARE AT

E¢ 719U 174 DBEXEH €& + dE 1
Aol ATEAH dolEE BA8ld 2L 2§
F(grouping) FTH<H 3.1.1>9) EAoukA 2
Z). olRE 149 ATFAH EXo| ue}
& oy wlZ eyl 34 g2Hd £ 9en
E ATFAH HolHE 1Y 54 BEHo] ALg
A, BE 1A 3HE EA DE AHlA

Data

Visualization

. Demographic
S ey Y s
5 (SOM £4))
Sales/Purchase
Preprocessing Information
_L
=4 2ctA|
Profite
Information
Clustering Customer
or Segmentation
Grouping Information
Web Design/
Sales/Purchase W= Mekg
Information Contents | —8! "oy}
Restructuring
D v d ¥
Moadeling
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AT A0 AAHLE BIVsE7] g
Fo2 1§33 74 259
A 2§ AF387] AFel)
wj& DBelle o] AAGANE T 4F
TFuil g A7 AFEHE, o] AL
AAZ 71470 Az Ads=o] Aol gt
EE AR} AFHEE 1 EF (customer
segmentation)dl] 8.3+ A&7} "t £ Qo
A Q3 Data Visualization System< wj&
olele] tig SOM 42 T3l A9 dvf ¢
o #E FRE AFch B 14 54,
Z, 249 & Pejo g L 7o g 7]
£0 2 Data Visualization System2 317§
FIH<ag 311> B4 294 F=).
$ Data Visualization System2 ©wj& DB}
AE DBE ZA#U¥ AEZHH Dependency
Model & E&FTH<Y 31.1>9 42974 3
Z). &, B3 AF9 7o) EF 7 T o
& A4FY 7Yl IS F= Aol EAdt=,

[ TR 1
i
o

oX
=

N

o
=2

KR
=

“
253

A} O

& 9, AT FEFS 7Y 1o 3I4Y
¥ Bete 4ES 7ol¥ &8l 50H A9 B
Atolol= dependencyZ} ek gtk olyd #
AE 4F Tl B3l 798 Dependency Model
& EE3e Aot

oj9} o] EAHE 1A 7 AEY AF o
% Dependency Model & ulg oz z}zto] m7y
A0 2A ¢ 3HS ALA}T YContentE
Auix)ehe 2ol & A9 vpAgt Axjolct. 1
R EAe] oA A7 ¥ 3HH/Content
aANA AFe F uAe HFejo] it F713
A A4S AAIEA Pef W E A&HoE B
7FtHA el Qo) R o A4FH0
2 WAl 7he Aot

3.2. SOM, BPN, MBRY] E&&I20] 7|tist
B2B ECA{Q| 0 BHI Ofl& A|AE

3273 ANXE 7143 AAAANY 22 719l

ltran sformed
Profite
information

Demographic
intormation
Sales/Purchase
information

inveniwory
0B

Production
Schedule

Otf-Line

Knowledpe-Based
System

Prediction

(SOM., BPN.MBR2|
SU BR

<38 32.1> 7[YY WAAHHoAe] Fof mof of FA|AH o] Zi el
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New query data

New query

Predicted values
& Previous similar cases

Prediction
Query Manager

A 'y

K-most similar cases

t

i

! Predicted value
{

|

|

y

Signal for pattern change
Best fit
3 representatives

Initiai weights

Virtus}
representatives

y

Feature

Back-Propagation weight Memory Based
| CneTE— .
Network Reasoning
Knowledge Initial Initial Case
Update Manager training data training Data retrieval
[ » Case Base
Add new cases
archives
< >

Old Cases

<38 322> SOM, BPN, MBRo| S &#&% Fof Tof of ZAIAY 2] X|AI7|HkA| A

A 2 198 7o) € gojlo] gt o9& FIBE
AT F e Ful Bl o F Alade] Y
4L A< 321> FE).

<Y 321>00A4 BXo], 7uj #@u) o2 A
288 714 AAGANANN 1A 71ge] F#
o 2w 3R FE Py 22 4 1YY
An@dg, A4 P2 2L vloJHE o] 43y
I A o] 2 Fujol] thigt €lE JHE AF
g 5 At &, AREAR 1A F Agde 719
Ao Fof g @l dold, ATFA ¥ =Tz
Y HlolelE o] 83t wlHe] wo] WE L ¢t
Az T dig &S Ads] FA4 Ik 71
a4 A7 eEeElgl Aoz A HE gt A
& 4R 2L doHE AT Fride
2 4AAY FF 2 B Mg g o o)
7Fs8htt.

<I¥ 32.1>%0A BXo|, Fuj By oZA]A

HelMe Shin et al. (1999)0] Atg MBR &
BPN &% A F713202 SOMS 83k
AX71HA 28-S FEITE AT AL
S5E BPNoZRH EA4X9 HF 715X
(feature weight)E 7}A& MBRE 831, =
& SOME &4-38l9 F3(Dynamic)3 %873
o €$Fog A& pr/gne o Fg

g F3AZ

B dFAA Agshe R kA 289 72
£ <ad 322>¢ 2o

<2y 322>44 BXo], WHA SOME AHE
3o 1 As9) HPHENS +3y3 F 7129
A4 719g FAsAof SRS AP o
AL /gl oZe] Y E FFT 4 9
o $2 A4 7I9g UEY] 9% Ao 3
£ g Y(application domain)oljA] 2J& Aoy}
UB Z2 a0 Wle Q9§ EZX s W)
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S " [oUv

WA B AR 2E e 7)E] A4 7w
< o 34 435S 8t Al (refine) = oJof
33 SOMe] o]2jgt £ AHg-E= Holtt

SOMd] & He £4& 53 A2 A59Y
Y W3t G2 BZF & s, ¥yt o
oz #3Ed SOMS BPN3 MBRY ¢&3
(correct prediction ratio, CPR)o] Ho}d Zolz}
3 B3N FAlo) BPNol Aj2¢ g9} ¢
A AggFHolol sl MBRe| tgjA= Case
BaseZHE ¥ AEE AAgor dctn &
HET ol9} o], Tul B A EZA2E A A
2719kA 2519] & JHEE §A37) 93 I
g e WslE A&F o2 RUHYS = SOM
o] % o}F Fadi

% SOME AHdo] &83te B4 =& &
Aoz N BPNY g #7E €951, MBR
A= 9 A8 9rde EAX|(feature value)
E9 7M3HQ CaseE A|F3r} Z BPNS F
A EY AT dojd wi7tx] gHAHA 48S
iAoz £3Pslojof =), G o YE
939 %7) 7F&A(initial weight) 00l 7}7hg
Aoje gtoz HAEH7) W] AFGAHQA HAast
(local minimum)E 37| 9siMe o g& 4
o] ga7dh ol3¥ @ SOME T3 ¥ =
He B4 Axg E4#¥o=2H BPNY 7] 7t
Z3)9} @A Zk(threshold value)2 ZA = dl
S € 7 A% 4 dEy 44 o3
Fojd RE3 A9 &go] ZE ARE §A
Wl A7l AT O F& A € F
JE AUAE ¢ 5+ Uk

A2 719N 25 o 4 2]MBR¥} BPNS A2
Case7} SAE wjuitt 259 A4S 4A 3
& 4 ok BPNS B2 A8/} Al2e] =918
W 73X S AN + 3 MBRES 28
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91 ¥<(on-line learning)®] 7Fs3lth SOMo)
N2 289 4o A9 zg A g2
Ty ZA3E W Algo] Case BasedlAl 2#l®
A5E AAS}Y 22 ASZ Case Based 73
Ag & Yot

£ AFAA ARG AR AF o)A Fa)
/Bje] o& A e 45 A9 BEA
(prediction query manager, PQM)ol 2j3} 43}
ok &, PQME A2¢ A8 F Wobx BPN#G
MBRel &Al9l &2 & ). BPN# MBRY F
g EA71 ME X d= Fodles PQMo] 4&
g S AAE FAT o At N2 gl A}
o] Y= 7ZAfdles PQMS 7HF Hlkd 3149
Casedll tigt A3E AAS F31 JAxee 2
FHeia SH3 Eo 5 PHY YAV AF
YA 74, POM2 914 A13E Buled o]
A8 As e A4 7pito] A5 AA &S F
gtz Rarhs AS oujshe A0 2 A47]
WA AHlo)) o] gk AE e

2 A 718kA 26| A x| 4] 734 #e] A} (know-
ledge update manager, KUP)E 4|9 AAS
A8 2L ABE AFshe S Ik MBR
o} 7% 2 ¥ CaseEL Case BasedlAd @A
a8 AY FHe A HE§ Case
& Fe ATE AAAY Bt ofet FHA W
371 A% 873350 MBRo] HA3E o&& &
© AL oA 9 E=3 BPNY € A
212 Wstd @AM M2 L Casedle 3
AR ¥ 7HsAdel Bt oldd A &
AL 9130, SOM o] ojuig Wste] Alads F
obd wwitt KUPE BPN9 A st&3 MBRY
Case Base 3& 913 A2 CaseE AFd=
Rold},



MBHQI e-Business§ I8 213X

oir

714 7igt @ ololg

4. a2

AAZAY Mul2g AFshe Y Alo|EA
nq 9] Heel oz L= E HojHe F43
B oledt vojeole 149 A& e, 1y
o] #A Fopst F& WYX HAHE AT T
ZRE ¥t QAR o]YF HRE FE3}Y]
AT FA4 o] T d7HA Gk B
=R e 949 B dolHzRE 149 &
A& setetz] Y3k SOMel 248 Data Visua-
lization System¥} 9] 1FA5 =+& §F
A g3t o] P3t= 7o & Buj JRE F
% F e ASA2HES AR

Data Visualization Systeme Web Log Z+-E
A ER £ B3 149 A&y nAY
o] #AE e AFE 5 T T HRE
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5. B2

5.1 SOM

B =FoA A SOMe o £/ #7)
Z & 8l(self-organizing) 417432454 SOFM
(self-organizing feature map)ol2tx <=
A7 3Z2PoF o)A FA 8+ (competitive
leamning)S 7|22 3t} &, SOMUIEY =] &
g o] 843157 A3td Mz AAg F o
| AN @R st &9 FaRe 43
Ao BAAA o1 &8 {FHE $AYS5R
(winner-takes-all neuron)elg}tx 3t} &9
E FIM sAYSFHE fxde A
2 29 7Y Alold] ZHoiAdA(lateral
inhibitory connection) A3 ZAolth

SOMelM = o] N-atgde g 749 Azt
(lattice)d] k=0 YA} UL HAAH gy
#3 d= 4Y o g HEhe] &9 &
2ol meta deFo2 A (tune)E 23
g 79 X< b9 4y Hedy SRS

9
el
pr

ElA 2n) Sl FHFAA 7 BA(attice)o] A
AHE PHOZ A3 ABH £AE o)FA
HE Aol Atk metA Az e FEY
A e Y H"e EAq ug3th & SOM
2 AR e 79 ¥ 437 48 A"
o] 1§29 EA4F IXa=E Y e Y
HQl Ax(map)E FA3h

SOMe] ¢ng&e <a1¥ 511> 9o &
At}

5.2 g8 BPNZ2 0|835h= MBRY|
Feature Weight Algorithms

=79 7o) B ESA2dAM BE
e stad A7 slggogry 75 H] 7
Z(symbolic rule)& F&312= Z(Towell, 1994,
Craven, 1997, Lu, 1996)°] ¢}lyjal, MBRe] 715
A& 9E {w), wy, ..., w}E FoZRD e A
otk (4714 ne Y4 £439] sFoltt). <a¥
521>94 Rxol &}e] 24  F(Hidden
Layer)$ 7HAe €43 44¥ YES A(fully

Summary of SOM Algorithm

V. [Initializatoin

3. Similarity Matching.

(winning) " 3 & F &G

wj(n+1)={

dAd 2= ¥ (weight vector)&F X 7) 3} @ ¢} |
2. Sampling. ¥ 8 & 7t dY FPEREH P& x8& =1
Adndlq fEdd At 29 83

i(x) = argminfx(n) - w,|. j=12....N
J

4. Updating. 2 & 7S dABEZRHE AN 8.

w, (n)+ 7(n)[x ()=, (m)]. j €A, (n)
w,(n),

5. Continuation. B 4 2 & (featuremap) M FTE YL w7 By
A & dAA dA 22 As8g.

othewise

<ag 511> SOM ¢1zlFe| et
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Output layer

Hidden layer

Opm

<ag 521> sitiel 24 &2 VIRl S| HHE WER39 o

connected network)E 3123} Bz}

ol IEQZE nAld] 4", MY &4 {4
I mAe &9 & 7T AR BERXAS
2] AaA EQZY] FHele &9 ol shd
ojx &A dhtrte] &Y 2§ /i3 4] A
29 MEY3I FXE 7RHgx 713sd. &Y
ZolA A fR9 482 HWA iy 4 %
E9 MY 715 =& FAsa A7l 4 3%
(threshold value)g F71%to g Yol 1
e o 2o

n
1
oy =3 wix, 1)
i=0
. M
ym = Z W;Z)O;ul (2)
j=0

714 wVe 4 A 24 §9 j2 7
e AZ(ayer)d 7HEAE Jehlz, w¥E
FHA ASS 474 Jepd

<2¥ 521> Yehixe], &97 &9 £
el dig A e disliMe F713H oY

M =19% 37180 29 ¥4 =18 %
FARo 2R AP &Y
Ry 9o A3 activation)s &43 ¥4 A}

A Aol dwtAQl gA438l §4(activation
function)= A]LRO]E ¢ (y) = 1/ (1+e”)o]
o} ol <ag 521> &8 ol T R
de 2o HeHZE 4& 5 Aok

out

[/
0" =o(o])

oxi & oul (3)
y 4 _ ZW_(12)OJ ’J
=0

AN &8 FR9 843 §5+F ¢(»)
o] Y42 el R &Y foA AH8E &
£9 e g A das goe RS X
3171 $J8)Ao]ch(dll, hyperbolic tangent function).

dutdoz ZeA dAE 7IFAE 7HAe
Y7t FoF HWFE FFEY 1A F
oA 83 ol A& Fohfe AT W
ololdolE ool EYLT 7IFXE e
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% 2Hog 3= 715A AN weight prun-

ng)# 7452 AE(weight decaying)i—’?—Ei v
%‘4 e A2 MEYZY o= <
AEHA g EHIE I "]ﬂt Kl
olct. 417 32WUE AMR3lo J}FH Hatoy
EA4A AHE e o B3 AT 7
(Reed 1993)$} (Setiono 1997)eA WAHT 2
AT e E4A dig 7HEA] 2A dAUS
o2 of YriAE 8§ AL ATk
Sensitivity, Activity, Relevance and Saliency.

A. BIZE (Sensitivity)

48 =9 UgEE 58 UEYIZRE
HEEEE AAFAA ANET dExsd A
49 BE 7FEA7E 0] ¥bd 1 g¥kEE
AAL 4 Atk 4Y ¥y £9 UEE9 2
L oW EA 7}5X|(feature weight)7} Al A =Y
S W 23 Al dob Ae WY Az
Ztololty, Y W] VAR SE tEH 2k

E0)-Ew)
s, - Ma:[ o ]

oA71N € & ¥ Y k= o 94249 7}
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24317 {J3ld AHgEHe 23 U2 24

E:;Itp—opl

S

3
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ZF3 e EF3H sensitivity?] dei2 Jeh)
of AtKF, llwll= 1)

B. ®84 (Activity)
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A gl A A A 9, ==9] §F
Aol &t W2 ko] 54 go] g A
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Abstract

Web Mining for successful e-Business based
on Artificial Intelligence Techniques

Jang Hee Lee* - Sung Jin Yu** - Sang Chan Park**

Web mining is an emerging science of applying modern data mining technologies to the problem
of extracting valid, comprehensible, and actionable information from large databases of web in e-Business
environment and of using it to make crucial e-Business decisions. In this paper, we present the noble
framework of data visualization system based on web mining for analyzing the characteristics of on-line
customers in e-Business. We also propose the framework of forecasting system for providing the
forecasting information of sales/purchase through the use of web mining based on artificial intelligence
techniques such as back-propagation network, memory-based reasoning, and self-organizing map.

Key words: e-Commerce, e-Business, web mining, artificial intelligence, Data Visualization System
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