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o, ANN9 7% Agxr} vf¢ $Fiivke 33
o] ot 8tA|%, CBR# 2AXY AR F
F S 47t A %S Wt HAdde &3
o], ANNS 23 7o B2 AlZto] 285 &2
o Aol uf-¢ 23 dio] Slu.
oJNE 7|& AFTH VIHES HEY B¢
A dAAS Jag37] A8, B dFore
HZ AEA 43 23 1= SVM(support vector
machine)& IAFH oAFo HLau o
SVME Vapnike] ¢J3f) AP FHol&8oez ¥
FEAE sjdst7] s HF S Fe BAEE A
F@H(Vapnik, 19%). SVMo| 5 g o]f&
A, B o] 23 A 7RslEE A )4
o] gol3ta, A, 4A $8& UM AFANA
3 FEY 22 ARE U3, AA, FL A
HoRT NEIA ERAES AL + A
wojrk EF SVME 71&9] 4 gaelFol 4
83 48 43} Y (empirical risk minimiza-
tion)S F@3}= AU vls) F2F AF HAs)
A& (structural risk minimization)oll 7|W3lEE
AFAZGAM &3] HAsh= FANAFHGE
& 4 Ioh(EAR 5, 2005).
old AY& uigog g EoldlME Tay
& Cao(2002), Kim(2003), Huang et al.(2006) 5-°]
SVME F71A4 o & o] 38391 S 1, Huang et
al.(2004), Shin et al.(2006), ¥R 5(2005), VA
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Support Vector Machine2 0l8% I Foljo| 52 %

2 ZA 28 3 A& (Logistic Regression;
LOGIT) 71'§o|t}.

22 IAEHLE VPR EdE, FUAF
dZF 5 g BY Ropd HLHo gt
(Ohlson, 1980; Fanning and Cogger, 19%4; Barniv
et al, 1997; Zhang et al., 1999 #11). 22| 2¥E 3|
AL S HLe) LA SREYE S 75T A}
de BA gor giyoz ddn IUF
2002)8 978 & F AUtk
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ANN)

NFAAEFE FEFH H9 25 deE 2
2 Zaste e r O Y3 4593 HE
HoE Qe 25 A5, 57, 28N 7 Y
& 8xo HE5 = dojeule]d 7o)t
739 EollME AFAFLL bgsA 88
Hau ged, 2719 fEFHY dFEE Odom
and Sharda(1990), Tam and Kiang(1992),
Fletcher and Goss(1993) 5o} 3lt}. _

AT AZAFE (1) BFstz, v FQ A&
A Aot HEE FE2T 4 Ux, (2) ¥E-
%3 AW (input-output mapping) 71 olgkA 2}
2ol g BAZYA 4 glo] 2R & P +
dem, (3) AFoz2 A3¥ (adaptability) ©]
Hojux ARE (robust) ZHolgtes FHo| A
ojth. 3¢k B o] A3k Aol A
ad A7 deeAe digt dAs BH3A A
B8 & goe MY A=A seg A9 A
T, AAFHQA BHAAM Y HH)7} ofd A G )
HA37t HYE 4 ke B3} (overfitting)
A 4F A% 7P XHAA Dol
& & 9t} (Berry & Linoff, 1997).

2.3 Support Vector Machine(SVM)

SVM< A8t Vapnik(Vapnik, 1995)0) ¢}
& e ggrges, ¥y Ity #EE w4
HEAE 2 AT HYEAR S
AlA el 7] wjEel FEH0g EA3he Aol
4931t} (Hearst et al., 1998). =31 SVMS =4
slof & gletulE Y] 71 BA] o} Hin A g
A Sgd TS vAE 8AES ARG £

AT 23 FRANEE ALFeEN F)

o
& & Ao HoAA AT BFEY FFo)
ZIASE7IHe R F5 A ok
o]g AL 7wte g AZ 2 UL SVME
AREEE ket A7 AFH[AT 1 d2A
SVMe EAMERF, 9494, 494 FA #H
ot gutdl AEE& RAFUHOsuna et al,
1997, Joachims, 1998). A& HoldlM= F=E
AFAEE fs) SVME &8 A7t Asg = o]
sted gEHQ AFEE FIIASF g2 &&
3t Tay & Cao(2002), Kim(2003), Huang et
al.2006)8] A7t leH, 71gALHrle A
3l A2 Huang et al.(2004), Shin et al.(2004),
g9 5(2005), WA FHI o] F2H2005) T 4
77t Atk

SVM2 ZFHbolEES AME oE& F 79
ClassZ 27 Wl £79 7|Fo] = £ Z3A

" (hyperplane) & 35 FiLEFS o83t e
AR o] Fo|XIth(o]87 o]UE, 2002). we}
A, SVMS J8uE x& 1xde 543
(high-dimensional feature space)22 AMF A1
T T ERAG Alel9] oY) (margin)g HU3lA]
7= 28 AAUE e AL BFHog 3t o
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#H3 Hdvld £8 ZAW(maximum margin
hyperplane)& ¥ 57 Akol& Huo A2 £z
gk olu vkl AR 7} 2HT F
tlo]HE support vectorzti F&th HuwA
£2] FAWH support vectord o= [2F 1]9
2t}

Hovpyd ¥32) ZA4

{33 1] Support vectore| oflA|

A% SVMY AL 52 ‘QEZ_‘&] 33}
B 23 2o 9x, 43 v‘i—a}%_’—zﬂoﬂﬂ W
7} 3/ A% & AR A)H %‘fq’

Y = WO + WIXI + W2X2 + WiX3 o)
o714 yE )T, x& JEIHEY, 2
g3 09 wie S g Fel o3 gsd vt
FAolth. A7) AN JtEA wie 2FITE
ARste getv| otk
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A 21(2)9 2ol Uehd £ it

y = b + XZaiyix(i) - x 2
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oq7)1M, yie FddlolH x()9) EFgholx
£ W3 (dot product)olth. W x&= 7AF °1F—1 =
el iz, #E x(i)= support vectors JeRAT}
o] oA, b}t aie ARFTE AQs= B
EJo|t}. support vectorE ol miaiulE bet

g ARz AL AYPFoE Agh olAA Y
4| (linearly constrained quadratic
programming)& ¥+ A3 2}
ol A AFe uke} 2o], SVME g
A4l £ Lo olgAZ oM HlMd3
FEAE AYrdz 7 Ny
A AR 2L 1A HHE ogd
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y = b + TaiyiKx(i)x) 3

QA T Kx@)x)e #Ader(kemel
function)gtx F Bt} Adgse L dHolg
§ A FULE AMAFCEZN EAHFIT Y
o AP E Fertsd dY tolgAg wEt
AdEFE s A& A4 we} =4,
SVME A&3le H UoAA 7HF 83 840]
ko dubE]l Addgre] dE2e gdd Ad
(polynomial kernel)® 7H-A|Qt RBF(Gaussian
radial basis function)& & + Itk

7+$-Alet RBF : K(xy)=exp(-1/64x-y)) (4)

A A G Kixy)=(xy+1)° )
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SVMe] A%, ® Ao dE SVMe) Adgs
24 713 da] AL EE ok Ad 7H g
RBFZ AHg3tth 21du), SVMe] A5 YolA
Adgsrel 43 Co Ad Heuy 8 d7t 28
& dge oty Busty YtkTay & Cao,
2002, Kim, 2003). € AFolMx SVMe] d&}n|
o] ts) AAE YA slo|=g ute} Bu P
9] Yol thoket e diglsted RaS WA
0t} SVM A g2 LIBSVM(Chang & Lin, 2001)
< Agdt

4. 8397 23

2 ZodMe SVMY 4323E 74 Adgst
sie}ulEo] we}l FEsRn, /1802 Hw)
4 7142 LOGIT, ANN9) 43 ZA3s} vjws) B
TE g

A£3 ule} o] SVM 28L& =4 A% SVM
7 Hld¥ SVMLE vro & 5 Utk 4d¥
SVMY] &Ad & e 2A4s|oF & It}

B C ojgelle EAQstA] Fethe Hojth. 19
U A% sVMez EHA @e ¥4 oy
B AF aid] ZFA Ct dZd] %S
Pk vldE SVMY Bfole Ad setvlE
= ZAs ol ¥

£ dFolMe A8 SVMH vl 48 SVMe) =

A S zePgict. 7152 RBFoA

C ol9d §& xsfoF th. Tay and
Cao(2002)°] Wzw, HA 59 W= 104
100Atolo]x, Co oz A st HHe 10914
100Ato}2}ar gt} o] & Fardte] £ Az
Col geivie e s AlEslele Agsct CY
A% 1,10, 33, 7, 78, 1009 & 67}x2 FR5) 4
gatglon, 5°9) AgE 1, 25,50, 75, 1009] 57}
A A$2 el ARATH £ T AQFs
od aiMe 1242 ~5x4 9 5714 A4E BT
) A¥S AP3r, e 00012 13}
<E 2>~<E 4>+ SVMY| toFst Adds ¢
29 gatu|gel g SVMe] =88 Yehlin
At

ok ]
3 Bt £3) o] A, 43 Cot Ad etrg &
) A x

<E 2> 88 SVM HEA 4E Zat
HEZ 4T 2 H4ET 3 HEZ 4

© Zddiolel ZH3dolel EHdole HEdole Fdojole ZEdole EOole HEColE

1 72.3404% 66.9492% 64.7551% 60.9524% 57.7091% 59.0190% 56.4426% 55.6452%
10 75.1064% 70.3390% 64.7551% 61.4286% 58.0262% 59.0190% 56.4426% 55.6452%
33 75.5319% 69.4915% 64.5161% 61.4286% 58.3036% 58.8608% 56.4426% 55.6452%
55 75.5319% 68.6441% 64.5161% 61.4286% 58.2243% 58.8608%  56.4426% 55.6452%
78 75.1064% 69.4915% 64.6356% 61.4286% 58.1847% 58.7025%  56.4426% 55.6452%
100 74.8936% 68.6441% 64.6356% 61.4286% 58.1451% 60.1266% 56.4426% 55.6452%
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<E 3> H|d¥ SYM/ RBF 7{d HEA Y &3t
B2 1 HEZ 2 AEZ 3 HER 4
s@idlolef #Sdols Eadolel ZZulole ®adole AZHole  Euoloe AZulolE

(@) &=1

1 75.7447% 69.4915% 66.0693% 54.7619% 57.8280% 60.6013% 59.8787% 55.2419%

10 80.2128%  73.7288%  68.6977%  56.1905%  60.9195%  61.7089% 60.8388%  56.0484%

33 81.4894% 72.0339% 69.1756% 55.7143% 62.3464% 61.8671% 61.4957% 55.4435%

55 825532%  69.4915% 69.6535% 55.7143% 62.3860%  61.7089% 61.5968%  55.4435%

78 82.1277% 69.4915%  70.0119% 57.6190% 62.5842%  62.6582% 61.9505%  56.2500%

100 82.7660% 71.1864% 70.0119% 57.6190% 62.9409% 62.1835% 62.0010% 56.6532%

) &=25

1 69.3617% 66.9492% 63.9188% 61.4286%  57.3524%  59.6519% 56.4426%  55.6452%

10 72.1277% 68.6441% 64.0382% 59.5238% 56.9560% 59.3354% 57.6554% 55.8468%

33 74.2553%  69.4915% 64.0382% 60.0000%  57.1938% 58.8608% 58.1102%  56.6532%

55 755319%  69.4915% 64.2772% 60.0000%  57.1542% 59.3354% 58.2617%  56.4516%

78 75.7447% 70.339% 63.5603%  60.0000%  57.2335%  59.3354% 58.2617%  56.4516%

100 765957%  69.4915%  63.5603%  60.0000%  57.4316%  59.3354%  58.2617%  56.4516%

1 67.8723%  68.6441% 63.9188% 60.0000%  57.5902% 58.0696% 56.4426%  55.6452%

10 708511%  71.1864% 64.1577% 60.9524%  57.2731% 59.8101% 56.4426%  55.6452%

33 72.7660%  67.7966% 64.0382% 60.0000%  56.9560% 59.1772% 57.2006%  55.8468%

55 73.8298%  69.4915% 63.2019% 58.0952%  56.7975% 58.8608% 583123%  56.0484%

78 73.1915%  70.3390%  637993%  60.0000%  56.7578% 58.8608% 57.6554%  56.4516%

100 738298%  71.1864%  64.0382%  59.5238%  56.8371%  59.1772% 57.9586%  56.4516%

() &=75

1 67.0213% 66.9492% 62.9630% 60.0000% 57.0749% 58.2278% 56.4426% 55.6452%

10 70.4255% 71.1864% 64.1577% 60.9524% 57.2731% 59.8101% 56.4426% 55.6452%

33 72.5532% 68.6441% 63.6798% 60.0000% 57.3127% 59.8101% 56.4426% 55.6452%

55 73.1915% 67.7966% 63.5603% 60.9524% 57.1145% 59.3354% 56.4426% 55.6452%

78 73.4043% 68.6441% 64.1577% 60.0000% 56.7578% 58.7025% 57.5038% 56.0484%

100 72.9787% 70.339% 63.9188% 59.5238% 56.8371% 58.8608% 58.3628% 56.0484%

(e} &=100

1 67.0213% 66.1017% 63.4409% 61.4286% 56.5993% 58.3861% 56.4426% 55.6452%

10 70.6383% 70.3390% 64.5161% 60.9524% 57.2335% 59.6519% 56.4426% 55.6452%

33 71.4894% 66.9492% 63.9188% 60.9524% 57.2731% 59.8101% 56.4426% 55.6452%

55 72.7660% 67.7966% 63.6798% 60.0000% 57.3127% 59.8101% 56.4426% 55.6452%

78 72.7660% 68.6441% 63.6798% 60.0000% 57.1542% 59.6519% 56.4426% 55.6452%

100 73.4043% 68.6441% 63.4409% 60.9524% 57.1145% 59.3354% 56.4426% 55.6452%
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<E 4> H|ME SVM /[ ctEtal 7Y HEA| HE 23
HEZ 1 HEZ 2 AER 3 HET 4
c zadloje] ZZdiolel F@diole HEdolel FEHojolg ZEoole Faolole] HEFd0lE
(a) 1X44]

1 70.2128% 70.3390% 64.3967% 61.4286% 57.6298% 58.7025% 56.4426% 55.6452%
10 71.9149% 68.6441% 64.7551% 60.9524% 58.4621% 58.3861% 56.4426% 55.6452%
33 74.0426% 69.4915% 64.7551% 61.4286% 58.3432% 59.0190% 56.4426% 55.6452%
55 75.1064% 69.4915% 64.7551% 61.4286% 58.6207% 59.1772% 56.4426% 55.6452%
78 75.1064% 70.3390% 64.7551% 61.4286% 58.6603% 58.8608% 56.4426% 55.6452%

100 74.6809% 68.6441% 64.6356% 61.4286% 58.4621% 59.3354% 56.4426% 55.6452%
(b) 2414/

1 70.0000% 71.1864% 63.5603% 60.0000% 57.0353% 58.8608% 56.5942% 55.6452%
10 74.0426% 66.9492% 63.3214% 59.5238% 56.6786% 58.7025% 58.3123% 56.4516%
33 76.8085% 68.6441% 63.6798% 60.0000% 56.6786% 58.7025% 58.2617% 56.4516%
55 77.6596% 67.7966% 63.4409% 59.5238% 56.6786% 58.7025% 58.2617% 56.4516%
78 77.6596% 68.6441% 63.5603% 59.5238% 56.6786% 58.7025% 58.2617% 56.4516%
100 77.0213% 68.6441% 62.9630% 59.0476% 56.6786% 58.7025% 58.2617% 56.4516%

(©) 37}

1 69.7872% 68.6441% 63.3214% 60.0000% 55.3310% 54.4304% 56.6448% 55.6452%
10 74.0426% 68.6441% 64.6356% 58.5714% 57.8280% 60.2848% 58.6155% 54.4355%
3 76.1702% 67.7966% 64.5161% 56.6667% 57.8676% 60.2848% 59.4240% 54 4355%
55 76.3830% 68.6441% 64.7551% . 56.6667% 57.8676% 60.7595% 59.7777% 55.4435%
78 76.8085% 70.3390% 65.5914% 55.7143% 57.7487% 60.1266% 59.6261% 55.2419%
100 76.8085% 71.1864% 64.9940% 54.7619% 57.8280% 60.2848% 59.9293% 55.4435%

(d) 4x+4

1 68.9362% 70.3309% 62.9630% 59.0476% 52.7547% 52.0570% 55.1794% 52.8226%
10 73.8298% 68.6441% 65.1135% 56.1905% 56.7578% 57.1203% - 57.9080% 55.4435%
33 677966%  66.9492%  654719%  56.1905%  57.3127%  59.3354%  58.7671%  54.8387%
55 76.5857% 66.9492% 65.1135% 54.2857% 57.5505% 59.0190% 59.0197% 55.2419%
78 76.3830% 67.7966% 65.4719% 54.7619% 57.9073% 59.3354% 59.1208% 55.2419%
100 78.0851% 70.3390% 66.4277% 56.1905% 58.1847% 59.9684% 59.1713% 55.2419%

(e) 5*t4]

1 68.9362% 68.6441% 63.9188% 58.0952% 52.1205% 50.3165% 50.0758% 50.0000%
10 73.1915%  68.6441%  655914%  552381%  553706%  53.7975%  555331%  53.2258%
33 75.1064% 66.9492% 65.8303% 54.2857% 56.8767% 55.5380% 57.5543% 54.2339%
55 77.0213%  68.6441%  652330%  547619%  56.9560%  57.1203%  58.1102%  54.8387%
78 77.6596%  68.6441%  66.1888%  552381%  57.1145%  57.2785%  58.4133%  558468%
100  778723%  720339%  67.0251%  557143%  57.3524%  56.9620%  58.7671%  55.0403%
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Abstract

Purchase Prediction Model using
the Support Vector Machine

Hyunchul Ahn* - Kyoung-jaec Kim** - Ingoo Han*

As the competition in business becomes severe, companies are focusing their capacity on customer
relationship management (CRM) for survival. One of the important issues in CRM is to build a purchase
prediction model, which classifies customers into either purchasing or non-purchasing groups. Until now,
various techniques for building purchase prediction models have been proposed. However, they have been
criticized because their performances are generally low, or it requires much effort to build and maintain
them. Thus, in this study, we propose the support vector machine (SVM) as a tool for building a purchase
prediction model. The SVM is known as the technique that not only produces accurate prediction results
but also enables training with the small sample size. To validate the usefulness of SVM, we apply it and
some of other comparative techniques to a real-world purchase prediction case. Experimental results show
that SVM outperforms all the comparative models including logistic regression and artificial neural
networks.

Key words : Purchase prediction model Support vector machines Logistic regression Artificial neural
networks Customer relationship management

* Department of Management Engineering, KAIST Graduate School of Management
** Department of Information Systems, Dongguk University
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