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1. Introduction

29 BERE ndFABRCRMY T RE
o524 JGelA olYgE Fe nAs &£437
ToiHEHS EHFoEN 28 nAS 48
= A= gr|gch(AVellido et al., 1998) T
A BERE B2C AlFAA F4F 7Rk
g1 9o (Chang, 1998) £3] ¢l 7|y
Al AoAA FHel FdE 1 Ut}.(O'Connor
& O'Keefe, 1997)

2 2% 32 uAge ogE 94
B ERFLEA nde B4 #4shd
EEFHQ #A3 AFE =ESe 4 o
((P.C.Verhoef et al., 2002) ¥ 8 o8
7bA Data Mining Z|H 3 ZA7|HEE B39
olRA=d HEHQ] PH2=E Cross
tabulations, RFM, Linear regression
analysis, Cluster analysis Factor analysis,
CHAID or CART, Discriminant analysis,
L.Ogit probit analysis, Neural network,

Genetic algorithms®o] t}. (P.C.Verhoef
et al., 2002) RFM #$¥2 A28 Cross
tabulationo] 7 B R glolA J1F ®eol
Al EE Wy Eejr).

2z eyl £¥E nA9 BFE dsld
o27ta] g B0 AAHdeH X
HQl A$2 RFM(S.H Ha & S.C.Park, 1998),
Neural Network (A.Vellido et al, 1999, 14|
3 9, 20000+ Fussy ¢ means®(M.Ozer,
2001) A&3 A7 Ak 1& Aol A
2313 HH-e SHA AN o] HF
9l e}, Ajzke] Al W mA
A&l AL FF EF: AE ushds]
t}(S.HHa, 2002) £% 7]&9 14 %
He 7|9 miAY Ao dFo| nE}
itk Al wWE nHe Wyl 4% E-
commerce 4#A nd EFE nAZ A
Zoz dFsly] dsiMe ndy Wil &
232 8T F A BTHY ny 2
Fel Basith A A BERe 24
ERol sl &3 e Fel Uk A
A, oA BE5e AD|E FAY £ Uk =4,
Ay FF WatE 4¥E ¢ gok A, Al
Zol w2es nde FUAE HiE Fold
2> 21t} (S.H.Ha et al., 2002)

B =fRodAes AHQY nd £S5 A
S 2Eso A W2Ee ZFHA R B
s AHelstna ok B =iy B3
olg AlYoMe nd BERE d2dn 2 g
¢ls sty kAR AFgd 2EL FE o
sick.

B =& b33m0 o] =T 23404
= B33 nEERA d&" RFM, Decision
Tree, ARIMA Y29 723 Add o
ste] Aol 3 2FdA 2oE A
d4s 28 #AAY dAR/AFEF v PR
ol 234 nARRY IS AAEO
olto g 47 E B =g ad 33
c azln dezg F7Egs AAd.

—-686-



S FHE B/ B M TES| 2003 EHSSSEMNE

20034 58 162-17 Y SSUHSED(XLE)
2. Related Work

2 diledes 24 24 BRE A& AR
%= ARIMA R ¥, Decision Tree, ANOVA®]
@t 712 HA AFEE AN

2.1 ARIMA 2%

ARIMA(Autoregressive Integrated Moving
Average) 2382 AlAld AEy =% d4
A Box and Jenkinsel] 2j&iA] grEo = o
] 2o|t}.(Box & Jenkins, 1970) ARIMA 2%
2 4ty o= Model Identification, Paramet
er Estimation, Diagnostic Checking 4 &4
B REFoz +43c0

ARIMA E¥2 3A9 AE9% Random
Errorg Dethd mlH#Y S S0
ARIMA R2¥& £4o=z Edsd o3

y1=30+¢13’t-1+' "+¢pyi,p+ €t_91€t-l _9251.2‘ o _quiq: ‘

A4y, 9 £ AlE oA actual value
9} random error® 7}271ch @i (i=1,2,....p)
and B (G=0,12,...% ARIMA 2¥9 sz}
plE| 2olr}. pPaE HFuUE A EYe
A+8 AA A} (GP.Zhang, 2003)

2.2 Decision Tree

Data Mining® 93 7]¥ 2|4 Decision
Treexs dHlH oz Ad2gEEcls ol
743 Aoz g3 Ut} Decision Treex
Targetg <&3}7] HslA Treed] Aoz
E8 7} (R.0.Duda, 2001)

Decision Treed Y=taQ A2 [a71]
ot gy, 22 =3+ Decisiond HF 7
g oot} mlx"w ==& Decision Tree
E B8 Aol ERE ushddg. He 29

£ ==k o}g&e ==drd o AAH

Z+E=}.

tlo 32 of
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[2% 1] Decision Tree(Bose et al., 2001)

2.3 ANOVA

ANOVA(Analysis of Variance)® 7Md 2
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ot
3. Methodology
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8.1 Time Prame A9

Predict the future segmentation
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Past Present
T= T=2 T=t
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3.3.1 Calculating Customer Value
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Customer Value =R *F * M —=~—==--~ 0

3.3.2 Customer Segmentation

A4E Customer Value® 23le ndLS
AEs k. nde FTFE WUl AEiA
N&S dAstder k. ndE BRsle 7
Fo=z¥ Loyaltyd ZAE %39 Loyal,
Habitual, Variety Seeker, Switcher2 Z&3}
712 8 (SIMON KONX, 1998), Privacy%
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Efficiency Experts, Agitated Activists2
2371z o,
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3.3.3 Prediction Model
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3.3.4 Discovering Pattern
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3.3.5 Storing Customer Segmentation
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8.4.2 Customer Segmentation
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3.4.3 Prediction Model
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4. Conclusion
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