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Corporate Bond Rating Using Various Multiclass
Support Vector Machines™

Hyunchul Ahn**, Kyoung-jae Kim***

Corporate credit rating is a very important factor in the market for corporate debot. Information concerning
corporate operations is offen disseminated to market participants through the changes in credit ratings that
are published by professional rafing agencies, such as Standard and Poor's (S&P) and Moody's Investor Senvice.
Since these agencies generally require a large fee for the service, and the periodically provided ratings
sometimes do not reflect the defaulf risk of the company at the time, it may be advantageous for bond-market
participants to be able to clossify credit ratings before the agencies actually publish them. As a result, it
is very important for companies (especially, financial companies) to develop a proper model of credit rating.

From a technical perspective, the credit rating constitutes a typical, mulficlass, classification problem be-
cause rating agencies generally have fen or more categories of ratings. For example, S&P’s ratings range
from AAA for the highesf-quality bonds to D for the lowest-quality bonds. The professional rating agencies
emphasize the importance of analysts’subjective judgments in the determination of credit ratings. However,
in practice, a mathematical model that uses the financial variables of companies plays an important role
in determining credit rafings, since it is convenient fo apply and cost efficient, . These financial variables
include the ratios that represent a company's leverage status, liquidity status, and profitability status.

Several stafistical and arfificial infelligence (Al) techniques have been applied as todls for predicting credit
ratings. Among them, orfificial neural networks are most prevalent in the area of finance because of their
broad applicability fo many business problems and their preeminent dbiity to adapt. However, arfificial neural
nefworks also have many defects, including the difficulty in determining the values of the control parometers
and the number of processing elements in the layer as well as the risk of overfitting. Of late, because
of their robustness and high accuracy, support vector machines (SYMs) have become popular as a solution
for problems with generating accurate prediction, An SVM's solution may be globally optimal because SVMs
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seek to minimize structural risk. On the other hand, artificial neural network models may tend to find locally
optimal solutions because they seek to minimize empirical risk. In addition, no parameters need fo be funed
in SVMs, barring the upper bound for non-separable cases in linear SVMs. Since SVMs were originally devised
for binary classification, however they are not intrinsically geared for mulficlass classifications as in credit ratings.
Thus, researchers have tried to extend the original SVM to mulficlass classification.Hitherto, a variety of techni-
ques to extend standard SVMs to multiclass SVMs (MSVMs) has been proposed in the literature Only a few
types of MSVM are, however, tested using prior studies that applyMSVMs fo credit ratings studies..

In this study, we examined six different techniques of MSVMs: (1) One-Against-One, (2) One-Against-All,
(3) DAGSVM, (4) ECOC, (5) Method of Weston and Watkins, and (6) Method of Crammer and Singer. In
addition, we examined the prediction accuracy of some modified version of conventional MSVM fechnigues.
To find the most appropriate technique of MSVMs for corporate bond rating, we applied all the techniques
of MSVMs to a real-world case of credit rating in Korea. The best application is in corporate bond rating,
which is the most frequently studied area of credit rating for specific debt issues or other financial obligations.
For our study the research data were collected from National Information ond Credit Evaluation, Inc.,
major bond-rating company in Korea. The data set is comprised of the bond-ratings for the year 2002 and
various financial variables for 1,295 companies from the manufacturing industry in Korea,

We compared the results of these techniques with one another, and with those of traditional methods
for credit ratings, such as multiple discriminant analysis (MDA), multinomial logistic regression (MLOGIT), and
artificial neural networks (ANNs). As a resut, we found that DAGSVM with an ordered list was the best approach
for the prediction of bond rating. In addition, we found that the modified version of ECOC approach can
yield higher prediction accuracy for the cases showing clear patterns.

Keywords : Multiclass Support Vector Machines, Directed Acyclic Graph, Error-Correcting Output Code, Bond
Rating

chok TR SUME 483 ZI5ha

02}4_%71731]]

1 2, ‘1

[.A4 &

T

N
rr

i
)
ol

o O

% #dd Zé_ﬂJ} 5T A
FARSA At

off
zj
e~
o
o
fo 1
&, of
ru
>
o3
o
2
_|>i

719 A&5F dd HAe Prhes FHAH
oA % Fa3% 84 F ) oE AL
T Bl 2"ge A -ﬁroi"(Standard and
Poor’s), +H 2 (Moody’s), =444 7}, 33+
Z14H7E T T AEHIs Ao s o) %

= et
F_>:>
obo—{
o ¥ ao
&y
x e
e B
[
o
okf
ot
=
fo 1o
e
rirz
4 X
¥ o
U 2>~

ol

> riron Rt oo @
> v
of rr
ol o
Hir
rlo
&
o
o
o

N T

158 Asia Pacific Journal of Information Systems Vol. 19, No. 2



Corporate Bond Rating Using Various Multiclass Support Vector Machines

E zZ

=1

i
N
)

A Ade AT 2D e
2 H98 2% 9l o o
of 2w, AR A% FAAE
FlAIA 719 85 F Az
|, AAE oz BAT A of

do (o
ol

reh b A

lo o
}m_)i
o 2@

.

&

B dm oo
>

2ol ol oX e oMt © W o>
oo
ol
it
o
o
Jot
ol
8
Ot
ol
&2
gk
opp
ol
o
rr

ol 1o

2L o
N

of
on
N
2

px)
1=

—_—

ol
o
oy
s
s}
S/

x4 m
of
o &

rlo
E:&Qn’.ﬁlo&‘:‘r‘.ﬁ'ﬂ:‘

fF X o X 2
LN

»

o
‘i‘ﬁ

ol i
o

o

[Cao et 2006]
*ﬂ } ﬂ*} 1O7H

e %

o
oX
tio {o rz

Ot:o &O
Ol

lo 2
s
o> R

)
oX

ﬂ_-ﬂrﬂ
éolﬂ
;«E
E
L
%
N
jinea

<o 1o oy -
[

o L

o

s
oo e o 3 N % 0 My @ fuom N

2 ol
2
=
24

k2t
o T
2 4
ofrt
i
e
o
v
gﬂ
v
olft

>
ofo
rok
2
k=)
©
>
~

Aol BN B w, A45F d=S AFPA
UHE F(multiclass classification) &4 4
th. S&P, Moody'set & #HEZ 4143
HAEY HS, AE5FE A= Yo
TA7HEbE A A AL HwY
of BT} 449 532 45 £ 5 v g

N
=
o
L
A
b
ol
=
2
5=
0]
5
2
a
=
5
)
ol
©,
S

N F28 422 FR ol P R g

o= 7199 gwER g,
B, 283 4 dE 5 deEgE
4F AFulE MeEol 48t [Huang ef al,
2004; Cao et al., 2006].

e AE53 RIS Adsl=d g,
gokgt BAA JIHES AFA % M Eo] A
T A AAIHT, G840 th[Fisher,

1) S&P S} Ate]E 11 hitp://www2 standardandpoors.
com/portal/site/sp/en/us/page.article/2, 1, 3, 0,
1204844424546 html.

1959; Pinches and Mingo, 1973; Dutta and
Shekhar, 1988; Kim, 1993; Altman et al., 1994;
Shin and Han, 1999 5 #1]. 71 FAA % &3]
AFAIZ H(ANN, artificial neural networks)
e $E dSsHoR ), AESE d
Z3h 22 E}%n‘?r(%/ g5z mulhclass Classﬁlcatlon)
g 5SS 5 22 o

1, binary Clas51flcat10n) A A & el
577}11 istA A gHo g 19
:1174501 01*3"‘]

l

N(
o
"

rok = T i

ok Moy

0 g o lo gty @ =
i S

rir i

of o rlo

m{n

¥Rt

1
il
=2
gi

(degree of freedom)
o E’%% g ol 7 2t H T
A 3HE Al (overfitting problem)

£ 3 2% 4Ad Agas

24

Y
ot
e
u o

Lok
o>
>

i)
oz,

ol
>

N - T S T U

S}i
=
o
-
o
o gx yo
o,
[«30
ol
rr
= 7
32
Q.
3:
i
)
_>,i
o -
3
e or

(black box m

Al 73wk ol ]Dg el &

g FAE 2 F 3

A&7} I:LUW A o]

HAZ A2 UEAT 7

3l SVM(support vector machine)©]
BALE ],-7 o]c} ]Z ol A A )

2 ol
a2
<
o,
—u
2
$)

o fir

o ot

H‘I rin rlo
ot

o,
1 of

>,

o

o
LU )

o 2
E
i)
e
30
rr
Ho
i)
o
M
N
=
w
<
Z
flo
-1

=
2
do
%
oo
oy
itlo

o
o
o
id
il

i)
k}_u’
2
i)
g_l_i‘

{(support vector)}t &g
’%]‘ W Stgel Abgs] o
b ol 8754 &
LT oty oS4
Hlael & o, of
e 71E dTolA
Hltks AR o] &7

L om 2

(ot
)
wg N
to & i
o o

ot
=

&

g
rlr
ol
Japsy
ket
%0
o &

r
o

i :&—E

_1110
fo
ol

<
<
2
i
o
9
pol
oX
&

Vol. 19, No. 2

Asia Pacific Journal of Information Systems 159



Corporate Bond Rating Using Various Multiclass Support Vector Machines

ATHAhN et al., 2006]. L&}, SVM-E A
B o]&RF EAE sAs] A% wyer
g 71¥el7] g, AE&FE Hrteh 2
7 A9 s AHHoR 4" &
[Vapnik, 1995]. WetAl, A G714 @& 7
B 33 Hofo] dFAEo] £y SVMS o
F 7SR SR/ HEAY) e g HE
He d7e sto 1 A3, £ SVME gEF
SVM R¥ oz FAste 7o R AF7HA v
67HA A= REAN VW Eo| HFH T8
ok 71& FdEANA AMH T A Lorena
and de Carvalho, 2008]. Z1&8\}, THE§F SVM
= 7Y A&FH A H43 & AFEL
OEF SVM 7| o] o|g8A t¥aA EA43n
ATl s B8, tfF§ 1~274A, Lolol 37}
A A= 71 AT AEe A=dE A
o] BFo|T[Huang et al., 2004; Ahn et al.,
2006; Cao et al., 2006; Chen and Shih, 2006;
Lee, 2007].
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OEF SVM 7H& 843 Rz 3o, o
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5o & FEEM (multiple discriminant an-
alysis, MDA), & 22 28 37 &4 (mult-
inomial logistic regression, MLOGIT), &1
&A% B (artificial neural network, ANN)
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istA A8d 7P AFAALAE, AFA . 1 A, JAFFHAE SVMe A &E
g AATFAZ A4 AFEE Dutta =EEC] &L Sled, o =EEA (@
and Shekhar[1988]9} Kim[1993], Kwon et AL g Al 48l A ZAA 3] =8tz gt
al.[1997], Chaveesuk et al.[1999] 5 & &
ATH ol ATES dAM AT TAA I 2.2 ZF SVM
£33 BP(back propagation), RBF(radial basis
function), LVQ(learning vector quantization) 2 AoflAs olEFE AT €rEd sVMe
T Y TR d3AAY HEY 954 deo &) A5 SVMS 2g3t&g H o]
e F2 vusded, BE ATdA AFAl HES 7 Ados 27 o, 71&e] He &
A% 599 A543 d3AH7 o $43 A 2] A A (hyperplane)& & $1HES T3
o2 RuHdoh AFANAT 719 ol e T gAstE e E Asdn. AR, SVME
& AdEAT7IHEC] AATEAE Z¥o TF st g MY o8 1YY EAFTOE A
450 e, Shin and Han|[1999]& 42 HAZ L, ¥ AW Aol E(margin) & AU
&1 ¥ % (genetic algorithm, GA)dll 9J3l # 3| FANE By AAAUE Fe AL ZHo0F 3
st AR E VIS Zﬂ?}%} 31, Shin and o o] E3 A E 2y %ﬁ]%(mammum mar-
Han[2001]2 SAMZ AU 713 Abg7)nka gin hyperplane)& = H& Atel9] Azls Hol
ol APd AR E solL E(hybrid) 7IME 2 2gAzch o W Aot e AA ™
Adatdnt. ey gy AFEL Ay, A 243 HolHER, R g% udy
AF7HA AT 7ol Ad5EdS 28 = 2yesg folEE MXZE WE(support
T 7 e A8HAG & gl vector)@til F-ZCHAhn et al., 2006].
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A& Adsty] oyt A% 23 AZE W 5 po) mHE £ Ay
For AL SRS W BHY FFo] oY
=4, B8 7E slol HEAR A% Y= Wy T wx, +wyry tw,x 1
AR Fx9 HAE Hel B Al o
Zasiths A T AsAATLY dAHE A A Ay BERT, o= WA, 18D
ﬂﬁiv}_[Altman et al., 1994; Jo and Han, 1996]. e wE B ez oa seE 7E
O S BEOEE A BHE A Relo 471 A4 A uE 2E AAEE
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of mj-$- XW Al oFdel B £ Ak Juks }Dd Ade ATE NI ALHA G2el 4 29
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#elal, « & WA(dot product)elt}. s,
%Zﬁi% doleE Jeha, #HE
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(linearly constrained quadratic programming)

£ F= 44 2t [Chang and Lin, 2001].
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2008; Wu et al., 2008].
hEo < 1>& BER SVME 738 7h
2 xS 67kA MHEFH 1 7HEC A
25 F olod APHEAE ARHOZ A
ATEYH 7 7 Ed da £ o
HEEE g}

AN
o i

b4

o
-

>

5
2

e
1123 ;2

_&1—&

o
_>.:

2.3.1 k=9 O|IER ERVISS Z&:

(1) One-Against-All

o] 7|¥& =80 wal ‘One-versus-All’©] L}
‘One-Against-Rest,” E=+ ‘One-versus-Rest’
TR FE|E 7HW4 o2 01 e vt

g)0] 714 & 53% HF 5H0E pAHE
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TFE3W 57l B o E&Aol v Al
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&3, A% 3& BAsE Aot UY BF
A FHo] AT Ade T EF/7 FAA
ERdoA o e "ozl ghe A2d 59

HF T9oE #ASA " {Friedman, 199;
Krefel, 1999].
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H}E 2Folet® Folod 7@ 7t ik ©f
g Age BTGk, B AFKE DAG ¢
2EE <Oy 1> AAE ek gof, 2714 F
F2 uUyo 488 dnux o sus 33
o e AXY £HE LHste 7HE el F
Hi SFL TRYH U4 sYsEE 4AE
£AE 1ET DAGOY, THE dhite ¢Ad
A%l 44" DAGZ A% 294, F

DAGE #&3 & 1 ofd 247 YoeA] &9
Bil, e &4 Bt BEF A s
od & VAR AHEIA Pt

2.3.4 L}59| 012w/
(4) ECOC

ERVIEE EE:

s ECOCe &2
Y (Error-Correcting Output Coding, ECOCQ)
& AR B4 ol £ A4 802, 7
ol & F SVM EH7IAM e AaE £
o AZ FHE "*EO}% 71" o] th{Dietterich
AHE g B9 49

°F HR 4% $5 7]

and Bakiri, 1995]. ¢}
13 g (code-matrix)& TFE3A Hd, o
53 g9 o i% 5w 19 5% #E(code-vec-
<>HUr /717t 01"3 4
Y& JebgA "y -
} & Wl 7 5§
oA yetof st
S (error-correcting
AL TEE A
& %%ii %7@3}7%1 . o] o, b Afelzt
ole FAl EokellA wel
ALEE = 7%31(Hammmg distance)& ©|
%5“1 =i %}\-01 VA S N ‘::‘LO /HEHO}}“ QI:}-
[Klautau et ql., 2003; Ubeyh, 2008].
agd, A9 Age LT dolE M F

mw m{; rir
;ﬂ
IL

ol
bt

C g ot Rl
N

oy ol

o
o]
jo
2
)
i3
?11
o
&
N
3
o3l
N
2
9,

Mol #AGAA HAE ZAT A2 WEo] o

£ 249 AR AYdEd. BEel, ECOCE
gtk By, 7 B2 1 ol THol A
2 59T A4 W AdE 24 He 897t
4738w old A, HF 5& e
A Ao A E A & 4 Sled, 8
L 2 BR8] &4 $E(membership pro-
bability)®] &ol 714 & 552 HF SHo=
et Plola, o e ol REg

Aol disfA e “RERE(I
2 #Asa, #d-& Hist

e Wyolth dnky
ol ECOCH A= AAre]

4e A8, G
A Ato] AT AEEE BAL A #
ol AFolsd TR PHE oulsl Yg &
k. ol & AFAME o F A e ®

= Adgs By, 1 ARE AHEITA F
ECOC 7ol W3 S4459 oje)2 57 9
i, o g Solud vped 2o wok 49 53

o] 9l oh¥F Ao ECOC 7HE & &8t}
H, 00 <I¥ 2>9 (a)ok 2ol 770 BR{7I

2 74" B3 P88 A4ET 4 . o 4,

<29 2>9 (b= &F 44 FEERT 7AY

g febl 3 o wekA, (a)o (b)E EU
=E]

2 3td, 2 a4 AW AgE AdHEY 5
F 19 A$E 3, 59 29 H%E 1, 549 39
Ae 2, 283 549 At b Ee ¢
4 9tk wak A, ECOCH M of AZo it 3
F 5E& Ay AdY ol M AL 5F Y
2 A48 doh

UM AHE dofldE 7Y BFIE ALY
Ak, WA O (Y Fwol EAStE HER
ZANGA ECOCE A&dud, 4 logﬁk?’ﬂlii‘

il

Ho 211709 ol BF EFIIA AET
ATk Ha log, kMW Yol® EFVF e
olf olEF EFHVIVE 1 BT -1E EFEE
2, 3t ‘Jiaﬂ oAl 27FA AE7F 58 7tE
7] wj2olt} =, 9% —ko] AV AYsn

&

it
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287 S3p(+1) ¥ S3q-1)

2RI 287702 ER7I3 2R714 ER&7|5 2R16 25217
:1¥ (2,34 (2% (13,9 13 (1.24) 4% (1,23) (LD EH (14 (LYY @23
=1 +1 +1 -1 +1 +1 -1 +1
E82 -1 +1 +1 -1 +1 -1 -1
533 -1 +1 +1 -1 +1 +1 -1
S84 -1 -1 +1 +1 +1 +1 -1
(a) ECOC %% 9¢ ol ¢
=82 S23p(+1) ¥ S24q(-1
25711 28712 28713 ER714 ER715 BR7716 2R
(1 H (234 2% (1,34 13 (1,24 CAH(L23) (L GB4 OB EY L) H Q23
sg1 +1 -1 -1 -1 +1 +1 +1
£82 -1 +1 -1 -1 +1 -1 -1
523 -1 -1 +1 -1 -1 +1 -1
524 -1 -1 -1 +1 -1 -1 +1

(b) 457 OEF A9 0@

<dg 2> ECOCe &

IR e’ kel
e AR

o e B

BRUER S
al., 2008].

2.3.5 ZE HIOIEIE stAMo| n2islk=s M2
£ 28 7= (5) Weston and Watkins
L

o] 7| & o] EF SV

M E£7# EAE A92¥

ECOCY 2FAAH

ol (k—ln 2719 9% o]AAY FA (single
quadratic optimization problem)E 3148+
Aol Hew, k=23 A$ o] EF EAE o
BH SVM 1% A9 98 Jth{Weston
and Watkins, 1999]. £ Wjol] g AA g
218 A2 2= Weston and Watkins[1999]
g Fusiy] wan, B 2y3E dARE Fe F
Ao SlolA, o]g g oA FA A HHA
| okzte] MEATFE F7HE e, 49
bounded-formulation®] 7}g3] A &4, o

- Ho wE 58 HHE ZAE A F
A BrHHsu and Lin, 2002a; Hsu and Lin,
2002b].
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2.3.6 ZE CIO|EE SAMN sk M
B® 98 P& (6) Crammer and
Singer g

ol 7[H-& M &7fE Weston and Watkins
P - RARste, ool st opRURR 2
ZIW HA (k=1)n 2719 9 o|4AE &
L5 SVM BAE SAA7E 7ol
rammer and Singer W& ool 7|
H A3 2o Aefao] QoA v AL
W< (slack variables)E 282 drh= A
o 4 Ao}t drhCrammer and Singer, 2000).
271 dA g A 84 A2 dele
Crammer and Singer[2000]& #2& 4 it
oA A HE Weston and Watkins W 3 okl
TYAR, o] W A ekzke) BEUIH e $48)
HoEg wEA JAddd qE Fe £ Aot
[Hsu and Lin, 2002a; Hsu and Lin, 2002b].

UdtH 02 Weston and Watkins o]y
Crammer and Singer & A &% 3¢, &
T8 2 3wy } - E3bshr] wEel,
e B FFE AU 22 d{Hsu and
Lin, 2002a; Lorena and de Carvalho, 2008].
O AT, AAHOEE o] F el g thi
F TAE ool A9 o]&F SVM A E 2
Al s AstE el o WiwEA H8EHa Qe
A A o]} Lorena and de Carvalho, 2008].

_O,OU‘

(o

=

o
ur
Lo}

e

N(‘)fﬁ

- 2 o

L 0

2.4 CHER SVMEZ2 X288t QYAUSIHEI|
D0 28t o1

z
T4 2004"4 of Wy Huang et al.[2004]¢]
T H2E AE8FF dFEYA OER
SVM 7IH € A&t %jow I l hE e
olth, 152 MSVMY| Th&F SVM 71 E %
ol 4], One-Against-One# Crammer and Singer
Ao 27kA g Agste] ditat =19 E
AE5d dEFREE TRAAT. 152 HA 9
SVM E&#S T237] e thad et

B2

LTV
vE gEe AEetled, 2 4% 2 =10, 0=
1000& % RBF 72 ¥ (kernel function) 7]

HHe] Crammer and Smger o] 7bg 94
& s HYe Fsioith. =3 o] iR
SVM 7l¥e] AEA oz Wol AgHolE 944

- ﬂ%(BP) ko] ISl 2A 2

Cao et al.[2006]& One- Aga1mt~A1] One-
Against-One, 7183 DAGSVM & % 3714
7181 & ol &3, S&PollM AFdte HATFE
d&ste B8 7EaA it Ad g
ZE 7% ¢ RBF(Gaussian RBF) & AL&
o, .29 o g 2= B B(grid-
search)& 0]%‘3}1 HA g FAsit 1L 29,
471 3719 71ME F DAGSVMe] 7H -7t
nog mﬂﬂ&dﬂr. =¥ Ml 71 BF 2ALY
ARyt &A% Z2H 53 ¥ (ordered
probit regression), 718 il Q%‘.J}r gneE 7]
Hhe] AFAAY HET T o 574 3%
& Y& AANEA.

Chen and Shih[2006] tiyte] 4855 AHF
HER YL 7537 98] One-Against-One
Aol hEE SVM 7S Alekerith oo
Cao et al[2006]9 AT FASHA, o155 7t
$A¢F RBF 38 A 8 AHsta, A
A gy g a8s gaAHES B3 g4

o)
953 9

Aed 5ol Ag7AA AFS5FH F2 F
5ol & AFAFIIHE AFA AL} 1
2y 2004 ol F, FAA YA e dAHS
5357 Y, R F SVMS A8 AAS5F
[t AF7 A 2AHT ok B HoAe
olg} £& JBE gVYME A&3 AEEFH}
Hd AT AHED, O SAE S AH) R
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|

shgich 1 As, OEF SVM ZIHel el
ol ZA2H AR vud FAHCR
o S5 9 AF4E BYE AAEAT
& Ahn et al.[2006]2 THEF SVM 23 9
ke W AAEHE AFRE S A=,
o] =& 4+ One-Against-One, Weston and
Watkins %%, 781 Crammer and Singer
TS o] &3 tHEF SVM F & T ET
1 AT, GER SVM 2¥ ] ‘jr%*'*tgpr@'o]‘/}
AFAAE 71l e} TAHCE ¢ ¢
ZAHE AFTE i AT, °] il
= 5-FJ e 1Ak 7% (5-fold cross validation)
P, 72t Jdnig Az & 29

25 SVM 78 & A &8 dZ4d3s &)
A7) WZell, 37kA HEF SVM 7 E A
ol 7IWo] 7V 4% AHE HoleAd o
dAe adow AASA FAdes A7
AT

o}A] 80 2 Lee[2007]= Chen and Shih[2006]
g A A7 E FIRE, 9 Sl 7=
€ gy & N859I e FEeL
A doke A Aolg HH % @9 ¢
T3 nAslAE 7Fe-AQ RBF AYE49
adge gYaRHEs 7—‘4%0}91‘3} %A HH, o

2
l

l‘l

:L mlo

°o] ¢
A, 281 421]7]‘1

1

Mata ok =37 E}Ev SVM 71% 4
zpojo] s AE Cao et al[2006]9] ATE A
sty M BuEHA @3 o 291, 7
Z AFE % Chen and Shih[2006]%} Ahn et
al.[2006]¢] Y A& Agstne 71E 7Y
I} &R SVM 7Y A # Aol BAA L

2 53R teiA ASHAol AeEo I
e AV Yok =3 sVM 289 A A4 Al
o]A 5, Ahn et al[2006]2] A& A3}l
T % 7} A9 RBF 34 slughs &8-3h+ 6&
Hola It}
oo B AFoAE A AT 67HA 71H
E3} o]E F 9R9 ¥y Y7 BT FH &3
i, o] oA HAFFH e 7HE AFE 7]
ML oW AR FopRuA Fth obed, F
& = MA Aol 7t folg Ao M=

6‘:‘?‘ }T/\] o} RBF @T«] 37t
25 A43 & ZolH, sSVMY 4%
F28 48 WAE Ad g9l A
g cot A setuE £ gol diE 1E=E B
8o A8, AA%e BAHLA dHTay
and Cao, 2001; Ahn et al., 2006].

. dleleleh 2% AA

3.1 && HO|E

}of
= Az 24F KOSPI %% KOSDAQ
g F 21295709 7IdEolth A9 =
Z WS E o8 JIAEY IAA A
o7 ddgoen, ol 7|9 A&esEFS
20029 g dFALFRY FA ARE
ol gatdth FuelA 719 AETHES A

~

oo D ox T AL Fr

O~
T
s &
=]

=

Al, A2, A3, B, C¢] 55322 FEH<d, &
AT ME HYF A12 1, A2E= 2, A3= 3, B
9} CE= AA 42 ®789 B C 58F
e 5FoE H& olfE Covd digste
Al o] 71 o) Hol TF FE ofEgel A
T, dek o2 A g} AIEe] AETEe F
o3 w fRE sidEd sl e Bsw
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o8 FoAste 1f‘f£% ‘1 1014, ‘BEa ]38y 5 AAs. oo, +ad gadwEE Y
© 1 AAE FAFAAAH({unk bond)2 9 (stepwise MDA)S 5o, FAH o2 ddg F
gz Eﬂl'écolt‘r[Ahn et al., 2006]. 14709 WHFET E4d @843 go9
SHHTE 248 HMSES WHEY Y9, & <E 2>¢ B A A8d 1409 5P
YA B e A A FEk= d o) Elu] o] 20 W3 HE5e v o
A F23 Y PEY AFAE HEES o Yo F5E AT A5y FEE A, F58
o & 39709 AFHEHSES AT (training) H ol 2 72 SH9 80%°) ldst=
371 39708 WEE BE 71E Aol 7199 HeolEE 183 WA 20% & 75 -&(validation)
AETHE AAsted frod Aoz HA dolel & Ags gt ob&el, dFAae| o]
MTERA, FEAZ 107, £48AF 1270,  7F BAACE FAAE A¥u7] dAE
FHAE 107], AFEEAE 4], FHAA = NS EHeA #2E ¢ ALE FEI A
3= 45 AThLee et al, 1996; Shin and £ FHsle o] a7 H e, ofF Y8 5
Han, 1999; Park et al, 2000; Huang et al wzp AZ(5-fold cross validation)”| & &4
2004]. Y of WSS B Byl THA FAY
171E LU UR B9r] Wi, B4 7
HES T3t Fod vy bz AR 3.2 & HolH
o olE 98 94, dYuix E4HE A (One-way
ANOVA)E #4838 7|44 E4537 95% A3 oho] A 2480 A AT vig} Zo], B AF
TE Sl A FAF Aoz wEd & 36709 ¥ M= & 357 ALTFd def 257 A3
<E 2> Mol 28 HZE s
T Cid=t F9] on|
SHEQ A7) AR
- SALE uff 24
DEBT FHA
YEAR Hd
A A & SAPE 1919 wj &
NIPS Fg o9
el AETA FrE A F AR &
BDRA FEHETEE
FCTC = EH & U E &0 &
FIRA A A A &
FAGA R IACA A AR fF AR &
SBTB SIAd S A S &
Hase CFTA desgdeaAdrs
A% OACF (FH85oR AF AFE-AFMD)/(TAA+ SHAE) u&
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& JYstgoen, 7+ Adgso € v
B E(C, d, o)l i3l HAgE 2] 98 18=
g7 & & 83k One-Against-All, One-
Against-One, DAGSVM, 8|1 ECOC 7|49
< T8 A8, B AFdAME B A o
57 SVM 2/7I5S AHd o A3zl walef ¢
f AL + dv AF AHE AZE o (post-
processing software)& 24, #-&3t5ith o] =
27132 Microsoft Visual Basic for Applica-
tions for Excel 20032 L&A=, HAE I
A2 AAAHE ol BEF sVvMe A1E MS-Excel
ZZadog oy BHEY 1 AF4E 3
AE F JAES AHAG o8 F sVvMY A
L o AdFdAME 2 A8 9l Chang
and Lin[2001]¢) LIBSVM ver 2.6 AH434
t}, o}22, Weston and Watkins 43} Crammer
and Singer®| W& 78] A LZE o
E+ Hsu and Lin[2006]¢] A &3 BSVM ver
206 A3

02 SVM 7199 ¢, dArt & HA
G WHECEAN, A3 A= AESF
7be) FEo 2 MDAY ANNZ&
HES O BWol &3ty Sloh. W&o, A5

= ou7t A ofof, & AFoA e A
Asd dFd oA AFHoR Fo] H4H
of & A £ d3AT VHES NIEYL
2 Agd Bt & IMAE F L9, ol
1 BEEY; (2 7 2A2Y AEY;
a

(trial-and-error) < &3 HH9 =¥ &
A st AFAATY AfoE 718

HF Mddsiqn. gadse B U Aod
gtgol AYE o] FAAA 1, UF Bod &
& dolHd A=A3H HFE HolH
dZge] oA A97t Boh WA, & 4
FoAAE ol AW G o FAAEE
A Sggos 289 doly e 779719
oF 50u o] P == 38,9503 7 AvHE ol
HEEE AT 28 2439 2SS A
Tol& Ho|g 4 (sigmoid transfer function)&
439y, 2859 RoEe Ay Holgr
(linear transfer function)g A&3tHth. o}&
2, AdFAAEY sh¢&(learning rate) 0.1,
2 (momentum)< 012 IA AT

V. 48 F3

AHE vl A8, £ dFedlA
A Z 5 (hit ratio)y & B} 7E2E A
.29 <E 3>2 6714 OEF SVM
HYriHe 4 43E A
g 53 4 EAY o)&F
SVM £ 7715¢ A%ste h 71HEY 43E
AHHEY, A58 doHE 7|22 o 55.89%

AYEE dede & 5 Ao

N oo
]
;Q‘\x
o
lo

23
an x8

W s g FAHAAE B, One-Against-
One(67.21%)°] w2 1 HE& o|Ath W9, One-
Against-All(64.34%)3 ECOC(64.50%)< &t
Aoz g2 qFZA#HE BYS ¢ F AU

£ A7oA AAE o] 22 BHERF SVM 711
2t =29 ¢4, & DAGSVM > One-Against-
One > One-Against-All®] €M E 7|2 AT F
Cao et al.[2006]¢] A2 39t B &sHA LA
ohoojd @ ddeo] YEid ZEAA dleE,
FEs T 2R 7 sk 99
2 5 UEs Agstn Ak e SEeE T
3 D

e EF A4 oA DAGSVM#} One-Against-
One 71¥& o8 £7715 #=xd 582 &
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ne-Against-All 7|32 T4 k)
% qo}. w2ol ol gk AR
—ﬁ—a‘(mformahon loss)o] oS4 349 2ol &
7tHE Aol opdrt AlzEn. 183, DAGSVM
o A, &4 1y DAGSVMO] =AE F
A& DAGSVMe| s} ozt o) $-4:% 04]%
#}E EYe #AT & YAk o=

Qe gug 249 44, %
!

rﬁié

o ox dr
P e

o

or ©

o

2

Ir

ol

b

N

£

?L

4

b

32

Rl

fr 2

ugts deoltt, &
A7olA ECOCE DAGSVMO] U One-Against-
One(6’NEBs o B2 #7/M) {7
%, BEeATAE sk, Ade g v
e T mhebA o @A ohAl e AR

g dHst

_9
Axkel ¢elo]

N

| oA} W& "Orfﬂ
754 ER/EY EAe
U7t Az, 9e 4 DAGSVMOM One—
Against-One> @4 %

Ve TEGEE A

One-Against-All®] 4%, 58 15 ¥ 59 2
Y ER7E FE FEARE AR 9o,
of m, el ¢, ek SFI A 24}
= AFAA A TR VIS AojE F TR
3 W Zlo] dF Ao & F¢E uA e 4
FolAd s Bl & ot geba, B 49
oA ECOCY A#7t dA Y Fa e &
7 AP AASTHI} HelEt ¢ 4
T AAE A TE TR W F2d 54
< 7 HolHE, ol AgAAs g Ao

obd7} Azt

Weston and Watkins W2 67.05% <]
‘1

EE dofEE @AM 1 §% SVM &
& TESE VIMEY A9, AF5E dolH
ol 5
4

_l[N

€ 29 ¥, Crammer and Singer .

g] ul—ul% 489%9] oﬂz o = Eolg :Fz]-o]a
T USATh kAT o] F 71¥ EF DAGSVM
(67.29%)°1H+ One-Against-One(67.21%) 711
FRlnds d, 454347 Fdd o o o
Ae ACE veytth webA, AASIH7E 9
&7 SVME Fd3te 7 79 7]
Aol ol BF SVM EF71EL A%
o Z3A2 AR VR
A& A ¢ket ECOCY #Wd 719
¢l Aol thal A SAHE 4HEEHA
= of 42 g&F SVM g A3
£ ARHoE nudse Aol Erhsdeh oA
\:& >
o]

[e]

e Fll‘
B

~

i
2

do e o
-
2
By

i
o

&2
)
£
Mo

, AA HAEg dolH9 5357% 1 et

ZANE HET A Ed UM e 79.49%
o 5L dF HFES HYS 32}0&2 & U
ot.ompebA, o] 71 9 HEe] By A E
o o] BL o= AFEE Q8= EWG A48
oA FatA 242 5 g AR JdEn

039] <% 4>+ 02 v 2 7|HE-MDA, MLO-
GIT 18]31 ANN 7|Hd g A 23S A A
3ol ok o] FoA B 4 %], AFAAT
o o &4 (65.66%)7F M w1, EFEE
49 43(63.10%)7F 7t & Ao Y
Wt g EE Aoy T 22X 1Y 3 HEA
of A%, VBHOE AYBAE 7ME3E B
2ol 228 7iYEoly] Wi, vy sd
S 2o BT F dE AFANAY g H|
& o244 dAMAE WS i Aol
Ak olg g AGER <lF AVA NWE F
ANNS A 371 748 A U Aol ofd7} A
ERZN=

<E 5>l oA A 107 M EEN

A7 7 370 o] v w7 H)E A e] Aot 7
A FAHOE F93% AE AHHEE McNemar
of ARAHIE AAEH Jth. o] xo] AAH
uke} o], 1A S5 A3E Bl (¢AE 2
3¢ DAGSVMY| 7§, th53E £4(MDA)
el 99% A e stolA, tak 2429 3
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%8009 Hzfz BEER lokh [luS~T 198 weq

bt BEUPTUSY TR %8T'CY ‘%ISEY ‘%000S
ot BRLTES £ lelh bl $2E SEldk

s™ 000 BRwm , (&

%6879 | %06'LL | %S0'LY | BLITL | %6V 6L | %6V08 | %OST | %8LOL | BELLO | %BLOL | %6TLO | %VEOL | %ITLO | %SLSL | %VERD | %ESTL | AV
%BCLG9 | %ISFI | %8BT 99 | BIE'LI | %06'CB | %96 LL | BFEFI | %TOTI | %ESLI | %09SL | %TT8Y | %09°GL | %hTTRY | BIC'SL | %L5€9 | %08F9| G
%2999 | %0798 | %6689 | %OT I8 | %OSLL | %ISHS | %TL'SY | %OL'EL | %0989 | %8LIL | %0989 | %8UIL | %TTY | %L¥OL | %TL'SY | %b008| ¥
%ELVI | %ITEY | %SECY | %H99 | %T6V8 | %69IL | %TL'GY | %LETI | %LLEY | %IFLO | %LLEY | %0ILO | %8E6I | %TTLY | %PEDO | %969 | €
hOLTI | B¥LEY | hELVI | N66'GL | hOL'GL | BLVBL | BEITI | %SB6L | %ELFI | %ES69 | %TL'GI | %TI69 | %TL'SY | %60TR | %8LEY | %LE€9L| T
%TLGY | %8SI8 | %68'99 | %TLLY | %ELIL| %ILYB | %8TII | BOOEL | %ELH | %6L'SI | %EL I | %6L'SO | %TL'SO | %OS'SL | %0SS9 | %OVEL| 1
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}
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<E 4> Hlm J|H AY Hol
Data Set MDA MEOGIT , ANN
g A% Lias A% s | HzE | HAF
1 65.86% 59.30% 67.70% 63.95% 70.22% 64.73% 64.73%
2 64.90% 62.02% 67.98% 63.57% 71.76% 65.50% 65.12%
3 64.51% 69.38% 65.96% 68.99% 69.45% 63.18% 66.67%
4 64.80% 65.50% 67.79% 67.44% 69.19% 64.73% 67.44%
5 65.09% 59.30% 66.15% 63.18% 67.14% 68.60% 64.34%
Avg. 65.03% 63.10% 67.12% 65.43% 69.55% 65.35% 65.66%
TH(MLOGIT)# One-Against-All (OAA) 71 o W98 & vk 794 #¥e 21 gon,
2l ECOC| tjs) 95% A&z sloa B O AT JAFAATS dutrd o= v)EY 5
HOR Fod Ay Zolg Holw &S & o nlal] 4Ed] & oSARE Hola Yk
+ Atk &4 Crammer and Singer ' (CS) old olfr& ¥ AT tFIEEA oY g
of el A= 90% A= FE st M Fo8 A3t 2AxY IARYEH D, {5 AFAAYTE
ol g Holil = Ao Yehgon ozl #AE 18 DAGSVMY o &4 39} ¥ Ao
4% (ANN)°|1} One-Against-One(OAQ) L RE(EAHLE A7t gle) 52 5 2=
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