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o)l 7131, o] A% HEsHA BolA= SHHSY A4S 2@3H7] A5l HeAE 7S Algkst
=

A Qs WS AA Az FLste] thakdeY AFE FEE LS FolE A& FAst

71 BEA BEHEL ZPS A A5 E ALEY] wlEoll FEFre] B 4~ glomz A kst

By 7|E BYA TEEES 3= W dolH uheld 7 AR WY FHXE

(training data set)® R &S T3 HAAALE (test data set) @ HEELS A= 71HES F+H3Y
=

2. o} 2A~Y HARY
3= MY AHHEST 21,22, .., 2 S Z

KAY %2 23 9t 9=F 9gus Yol o8 4
[e)
=

. TS wgws Yb ek gre] AR K = {1,..., K} vet
d 5 o9lem ARES x = (z1,...,20) 7k B3 S A2 RY ) RERFA A2 Y|z o
oh ojul el FEWST Xeky o wkgwssl AuEat SEEs 4 (X,V)E TAUT.
v e X oli ke Kol thato] 2AR B8 P(Y = K|X = x)7} %4 g2 Atk A4 o
. P(Y =kX=x)
t9(/<:|x)—logP(Y:K|X:X)7 xekX, kek (2.1)
2} 3k 3l 9(K|x) =0 olth. 4] (2.1)9 A& A3
P(Y = kX = x) = exp 0(k|x)

PY =K|X =x)
olmz, e 717t kol tjsle] 51 X, P(Y = kX = x) = 19|22

1
B S
olt}. web 7ol xolA Yo AN SFEL

exp 0(k|x)
expO(1|x) + -+ + exp O(K|x)’

PY =kX =x) = xeX, kek (2.2)

2 yehd £ ok A (2.2)5 o 2228 3HRY (polychotomous regression model, multino-
mial logistic regression model)o]2} 3132, 53| K = 29 FLE ZA|2H 3ARY (logistic regres-
sion model)o]2} £-2t} (Kooperberg &, 1997). 0(k|X =x)+=

0(k|X =x) = Bro+ Brriz1 + -+ Bemzm, 1<k<K

kX =x) = PBro+Bruaz1i+- -+ Bemrm +

Brizz1z2 + - + Brv—nymrm—12nm, 1<E<K

FUE 5 Atk o714 BAY JRE 7 MGsh 2B (spline) FHE AT 2FT

( L) T — tp, i > tp
b 0, 1 99 Ao
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2 Aol t, 52 294 (break point) =+ W53 (knot point) o] 2} Stt} (Koo2} Lee, 1994). Ul
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e log(2) x 5 (23)
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Table 2.1 Construction of dummy variable with C' categories

Category C dummy D, dummy D3 dummy D,c _,
1 1
. 12y, Lle=1] 112y, Ie=1,2) N0 T
: 1 _ _ (2)7 He#1]
. , c=1 1, ¢c=1,2 1 c#1
c )
0, c#1 0, ow 0, e=1
C

Table 2.1 784 D12 by = 19 ALz

4
AL 009, 7P D32 bo =1, by =12 HF

99 A9 0 ofn] W Eo WL 20 — 2 WA WS Dy, olA%
B2 c= 19 ZE 7PA% gro] 0 o] T vl WFGh ¢ £ 12 wS ghol
A% O =39 w) s Astw

1. 7hAge] Age 2° —2 =67tk
2. MF C =30 g 7hA59 ]85 WL 1 (001(5) ~ 2° =2 =16 (110(z)) °Ith
3. H3Y A8 o= v Zo] 7hHg 2400 2
1, c¢c=1
D1 =1(001(9)) = Ij.— = ’
1= 1(001(9)) = Ife=y) 0, 79
1, ¢c=2
Dy =2(010(2)) = Ijo— = ’
2 = 2(010¢2)) = lje=2) 0, 79
1, ¢=1,2
D3 = 3(011(2)) = Ijo— = ’ ’
s = 3(011(2)) = Ji—1 9 0, 719
1, ¢=3
Dy = 4(100(2)) = Ij.— = ’
4 = 4(100(2)) = L=y 0, 719
1, ¢=1,3
Ds = 5(101(2)) = Ijo— = ' ’
5 = 5(101(2) = e=13 0, 719
1, ¢=2,3
D = 6(110(2)) = Ij.— = ’ ’
6 ( (2)) [ 273] O, 194
2 s A
HE7E 3709 A9 S weje 7pig HEke o239 2t}
A= D1 D2 D3 Dy Ds Dg
1 101 0 1 0
1 101010
2 01 10 0 1
2 01 10 0 1
_)
2 01 10 0 1
3 00 0 1 1 1
3 000 1 1 1
3 000 1 1 1
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F 7t

2o AL A 2.49] BIC gho] Z4asitirt Z7ehd )3t

g guusel 4% W 943 A9AS AAFS A8e BY /E B
N
LS
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Foll B 6709 A B 35707k A Gael ) A A

A BFolA AR 2700] ALY WMot A7)0 WY Wg AR
Z3sta, 7129 2y} vlwsltaxt dok. SPSSe] At 2709 A4 Whe) 479 WEY

o] o] 6.4% EJE ¢ =7 Uehgth =3 538 AERES 7€ ¥ A 73.1%, 45.8%,
6L1%Z F+ HA] T5°] v TRET Az 38 2345 H3lx, Altd 23 35 71.1%, 62.6%,
64.6% o7 7} Suuith 7| RYPET 1 wd 237t et
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Table 3.1 Classification of usual model

predicted

1 2 3 correct classification
observed
1 7114 2200 421 73.1%
2 2825 4810 2875 45.8%
3 168 2112 5958 61.1%
total (%) 38.7% 30.4% 30.8% 59.6%
Table 3.2 Classification of proposed model
predicted 1 2 3 correct classification
observed
1 6921 2230 584 71.1%
2 1495 6580 2435 62.6%
3 454 2997 6304 64.6%
total (%) 29.6% 39.4% 31.1% 66.0%
3.2. dlole] mlold slen 2y 33 W w4 4%

AR ANz BYe AP, YA AT 2Ye) 45 Bk Hlole nhey goz A
e BYP AeS goti7E itk AA| AzolA 80%w THARR BY FFo ARt U A]
20%= A4AEE 29 AFEE Avsdt,

FAARE 28 A9 A7 Ao 2719 €A, 23709) BA 22, 97)e) HBAE AZe}
T93 wERel HE 671e) AR F 40717} L zel JsiA AHE ek 193 ARARE A
BE889 73 A3 66.1% (Table 3.3)0] £&AE9} ARAEE B3 T2} JERLS AL 2
o] AAASE RPH FEFES 73 A% B} oF 0.1% IA FEpTh

A48 Weo HNE Bao] 2718 ) /)4 TRE 4 238 JF0R, WEY i Afor ¥
gol WaAEe A4 vge] EAAas D4R AYsle] W} B 2AHE 747} e
S 9tk 237 Hge] AN OB AEFEL DANRE 73 AEFEHEYG DA Ex e

] A

o FANES) AAARE oleld WEale] Aok FuBS A3
& A3t BAS o ALY YR 2748 714 A5 BAY ARFE

Table 3.3 Classification of proposed model with a data mining method

predicted

1 2 3 correct classification
observed

1 1395 487 139 69.0%

2 269 1353 474 64.6%

3 85 615 1280 64.6%

total (%) 28.7% 40.3% 31.0% 66.1%

4 P
0 2A2E IARAS AFEES AR B35 digel o WSy AR dEeR A
SH Yok B =RolA FAT BYPS A 2FA e FIHE 5 lojA AR ko] 'l
A% 2790 RG] BAT 5 JoBE oF NT 4 Y WY AN 2SS £ A7
= Fo A Wl M2 AYdsE F7F APsteg Folx FRE U2 &83tke o)
o] glov] Axgel Agstel FRFEo) Fohd e st
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Abstract

In this paper, we propose a polychotomous regression model when independent
variables include both categorical and numerical variables. For categorical indepen-
dent variables, we use direct sums, and tensor product splines are used for continuous
independent variables. We use BIC for varible selections criterior. We implemented
the algorithm and apply the algorithm to real data. The use of direct sums and tensor

products outperformed the usual multinomial logistic regression model.

Keywords: BIC, classification rate, test data, training data.
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