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AEAFHE] #¥E AFEE S EY(Multilevel
models)& ©] &3t & BHAFEH A{AHR
gkl AREE EAsE A7t v AYEHATH4,
6, 14]. AFAAF L] dojgntold 7L A §3te
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A7t 2ol g AAE HE FRo}
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of £& AANE AFste AL Feoh22] ol2E
B 239 7igel #3 d7exes dAzor o
719 71t SAA 1 Z1HE ol &aAn
o9 &% 7I¥E& ol&3ATHI3, 17,21].
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means, mountain, subtractive 71§l % 3 7}x] o & &
H71HE ARgsto] derlig —?686}0‘1, fuzzy C-
means 719ol 7H¢ Adwol & RAorx IR
a5 28 @3 2719 ITFeNAM T decision tree,
neural network, support vector machine, rough set theory
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713 A7 28, fAz d3EE, £E 2y
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TH10, 11, 20]. Nan-Chen 5[16]< k-means 3713 7}
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27 GA k-means EE71% o] 71 ol £2 AL
2 el £3, Kuo $[19]2 SOM A7 -
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3.1. 4gHolH

AR AMg" dlojEE 20039 197 F ¥4
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P EA FUSEAY FAA A %%’;9_ F9T Z2

PEABATE: 7, B/ EFEATFE S, 04, )

STEPI: 949 dlo]eje] A A g
v
STEP2: IEHFES FoE 9 A4

Chi-squared, Gain-Ratio, Information Gain,

OneR, ReliefF, Symmertrical Uncertainty

STEP3. #5508 7=
KMDT (KM+DT), KMNN (KM+NN),
DT, NN, Bayesian, Logistic

y
5.8 734 (Mcnemar’s test)

STEP4:
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DIDAAAAE % A,
N vlE8 W A zbgelsl obd &b
3 geaaiad | AV, 24, 33, 4= 39, AF
" 4 A A3 154,254,359
5 ddEd | Ay, 2
6 8}y 493 A, 234, 3% o)}
7 AHEE YA AZ o] AN AA Tl A8
8 H-5 Y(% ), NCHE, B4 qteh Al Al 5
9 gl A% B¥, 0%, ABY
10 8] Rhy AA %, B, AAF, AT
1 217 8 01,Q2.Q3,Q4,Q5 (425 SFH W ¥
12 }o] 1234 °}4h), 2(21~2241), 3204 ©}&})
13 Q1A A 237, ¥4
14 A5 A5 1125 23, 2(115~125), 3(115 vjgh
15 1 EA R & | BAGE B), 2FE, A, 8

B AT EEsEe BEEsY BAES
olgatol £AE AT F, £9A7h ¥ dws
2 Az S R AHAsY 239 Y%

_/;_

_ll-U 1o
23]
rE

ks s WA, 7 e
ko] #EE &HE AHFs7] A%k Chi-squared,
Gain Ratio, Information Gain, OneR, ReliefF, 18] 12
Symmetrical Uncertainty® & 67}#] ¥ A4 7]

ol &8ttt ¢ W EC] A FH HAE 3‘4

; Symmetrical Uncertainty (Class, Attribute) =
2 * (H(Class) - H(Class | Attribute)) / H(Class) + H(Attribute).
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439 374° PR BHE %,
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Neural Network 282 A3t 47te Agr+=
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Zt AWM E Decision Tree®} Neural Network 7% &
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4 71X 2] &4 280 1= Decision Tree 53, Neural

% Clementine®] two-step modelS ©l&& A 349 #4
o7 UE AL A9

7 Cluster(1): 947}, Cluster(2): 13071, Cluster(3): 467}

8 prel AghE:97.03%, NN A8 %: 98.52%
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Network 2.8, Bayesian 5.8, 1811 Logistic 238 &

TE3 T
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‘Weka V3.4.10° 2} ‘Clementine
1 & AT e o v, A AME
Mo #5015 Jojh
FHM O FZ 10-fold cross validation2 AA]8c}
£49 F9E AZHAAANA A HF
£ A 22 ¢AdR d¥uS 5 S
AA YHEA &Ry e GEda’. 48 e
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X2 7 dF AEE (%)

Hog 6 7tA REAFH el g zol7t Y
EAE A8 8 Aynt B (McNemar’s test)S
AAl BHTHEL <& 3> Wunt A AE R

®3: Aun} @3 A

KMDT KMNN DT NN Bayesian

Logistic | 22.23%#% | 21.49%%+* 4.55%% KV YAs 0.33

KMDT 0.03 10.67%%* | 20.49%%* | ) 22%++
KMMN 10.25%%*% | 27.56%% [ [9.93%**
1) 15.2]%%* 3.86*
NN 4.57**

&4% | KMDT | KMNN DT NN | Bayesian | Logistic
2 62.53 | 66.78 | 70.37 | 78.37 | 70.37 | 7037
3 70.43 | 68.96 | 69.63 | 69.63 | 69.26 | 69.26
4 70.80 | 67.14 | 69.26 | 7037 | 7111 | 71.48
5 70.80 | 6896 | 70.74 | 6593 | 69.26 | 68.89
6 70.08 | 6532 | 68.89 | 64.44 | 6741 | 67.78
7 7044 | 66.04 | 71.48 | 6556 | 67.04 | 68.15
15 72,95 | 62.40 | 69.63 | 6259 | 68.89 66.3
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