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el °] E1 Al (test data se)S F2d v FEFH= A
& WA, M5E A E 2109 2 7
JLPJL qz o Jﬁi(n)) WE Fo3dt. (N =
{1, 2, -, 1334}, W = {1, 2, -+, 21}) Z+Z+2] A
o NolAl o] st el HE WE T4

1 FBAE 3%
2 A58 H A, ¥E 600, SHER 2 ke, BY AAA
3 A 293, ¥E, 23504, 23], A7, FAX o]
4 2% FA v FeA %, A2 AT, B RA&AD
5 WA E Y 223 g, aNF, 3594, 5%, 29344
6 Sl gF, ta, 2RZ A, d¥, 1Y, g plus, Y2
7 sl A ey, tAd"w, HA9E EAEY, Ag9, S5
8 o 5HolE 355ML, 728 W@+ 330ML, OB 500ML, &1}
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12 AELF A=Y 20803 ¢, 292U E golel, YaHFY--
13 LT FZ FolE, T4k A, WAF, FAE-
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3.2.1 SVM(support vector machine)

SVM 4 &-& Chin-Chung Chang and Chin-Jen
Lin®} 20054 1149 4F 8 LIBSVM version 2.81
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1 7 matrix®] M4 Fel © E AY N F AF 100 = 42 AV (1
200(A 58 dolEy F A
Fo] X3d C50¢ 01%6}%1@. T 4, 98 BEE vrA 2079 dgE
B AT EFo] 4 AFd g 7o ARsP o, $A71828 ABRTE HAHIHT
z9l AREE 2AsE oy o Zx <71% 8> clementine 7.19] C5.0 ¥ F =

{fementine 7.1

200.sav Pf \

HOZ

Horg

(a2l 8) clementine 7.18| Cb.0 ¢u2|& &

150

Information Systems Review, Vol.10, No.2



Support

& D20| Tofelz oS

Vector Machine 7|2 oig

r neuézom -

C{ementme 7 !

& B33 g,

3.2.4 Ad%(neural networks)
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Atk A4S duede o2 Hor =4S
At} <19 959} e ndS A et

3.2.5 Hjo[X[¢t H(bayesian network)

ol ZF B 7o AFE Yt AFEE =
28 Jie Chen®] 2001 10€ ¢ ¢® 3 BN
PowerSoft Package® AH&3tTh ZR2IHWY &

Belief Network PowerPredictor

Al

d g2 AAEol9ld 1,00070
Aﬂ* quOl ejo] goleiwolx

A WE A7, BN PowerPredlctoroﬂ

EE=E ‘l.}fa?'ﬁ]ro% e Ag4E B
dolEY §-f Fuld #¢ A% F8%
St <19 10> BN PowerPredictor
ANA Y& 23 a9 dojtt,

3.2.6 2X|AE 3FHEM(logistic regres-
sion analysis)
IA BYE 58 &7 70 A=Y A=

=
==

The estimate prediction accuracy is 62,00+
Confusion matrix:
Predicted -» | 01 11 Lift Indes
0 0000078 | 0000022 | 069575
11 0000014 | 00000BG | 0,685490
C indices:
0] 0.00000 1 0,86680 |
11 0,86650 | 0.,00000

HO|

e WA

The test dataset contains 200 cases, among which, 184 cases were classified corectly,

\32% at 5% confidence level,

{32! 10) BN PowerPredictor
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21t steief of
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(a8 11) logistic regression analysis 4%
A1t 513 of

3.3 &8 Z bju ¥ BN
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£/358)2 AA A A FEHA @A
TEEHAG <E 63 <X 7> B =EAA 4
dd S WEHFe dgd 489 AAES
FTHHA RAF3 9o

<E 6> YEIY AFE BY3) RY, AT
W 2 AE AR, SVMo] 80% ©ld9
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support vector machine(SVM)©| +

7 70 oS Ystzol chEt AE E3

1 15.0 52.5 66.1 85.0 93.0 93.0 92.5
2 24.0 51.5 68.6 78.0 85.0 97.0 89.0
3 51.0 51.0 66.6 780 - 88.0 89.0 92.0
4 52.0 520 66.7 79.0 93.0 94.0 92.0
5 52.0 51.0 67.3 82.0 92.0 93.0 92.0
6 50.5 50.5 66.4 73.0 89.0 87.0 89.5
7 52.0 52,0 655 77.0 83.0 83.0 87.5
8 52.5 52.5 65.1 67.0 82.0 81.0 87.5
9 52.0 52.0 64.8 74.0 86.0 §3.0 92.0
10 52.0 52.0 66.1 76.0 85.0 86.0 87.5
average 45.3 51.7 66.3 76.9 87.6 88.6 90.2
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Abstract

Rapid development of various information technologies creates new opportunities in online and off-
line markets. In this changing market environment, customers have various demands on new products
and services. Therefore, their power and influence on the markets grow stronger each year.

Companies bave paid great attention to customer relationship management. Especially, personalized
product recommendation systems, which recommend products and services based on customer’s private
information or purchasing behaviors in stores, is an important asset to most companies. CRM is one
of the important business processes where reliable information is mined from customer database. Data
mining techniques such as artificial intelligence are popular tools used to extract useful information
and knowledge from these customer databases.

In this research, we propose a recommendation system that predicts customer’s purchase intention.
Then, customer’s purchasing intention of specific product is predicted by using data mining techniques
using receipt data set. The performance of this suggested method is compared with that of other data
mining technologies,
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Mining, Forecasting of Customer’s Purchasing Intention
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