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Optimization of Uneven Margin SVM to Solve Class
Imbalance in Bankruptcy Prediction

A

jud

A
pud

X M 2l (Sung Yim Jo)
21
=

LlaEl
= 5
M &I (Myoung Jong Kim) B

TR A
b w ) o

i
UMSV
UMSV

53 W7 B@Fol AshE HRAA F9

&wmvmewmﬁwm&ﬂma@ﬂ%%w%»rw}
ot
- —

I 25
At} % ATE HE BEFF ZA o st
A
%JE} OPT-UMSVM& A4 W3
W=
T

2 714tk OPT-UMSYMS] A3} 14 348 A% 817 S1ste] BT ulgo] Aoldt 579 w2
TAT 1060ld WATFAH AL £AT ARE B 2k AA, BF BFFo] AHS
9 3 3

TA7E EASE BF o WEe] BAY

B 2 T APl B Bl 5 G w1
oF

o SVMUMSVM)Z A% o]

i
i)
o
i)
oo
(%,
jﬁ
k)
Lot
R
=
o
d
=
rﬁ
z
rO
© 5
=
<
<
tlo

i
o MRS ANEL HHY BF 4

Al UMSVM& EMSVM9| 43 7| &xprt wjef
M2 EMSVMS| A37/dol a4 &
M3 Blaste] W 7F 3 HE B

3 }01 s Eﬁiﬁ}

F19E . vlg|Y u17 SVM, SVM, ¥F E7 ¥, X995, OPT-UMSVM

1.4 2 S RoAZ mal ohg) 19979 S, S 53

2o 719 e B8 2T Aol

AYRAL 32 AU, AL L AN 5 A A9 9712 SFHe] Doy ALFA

e ARA clABAASIA AR HIE  £AL zADT. oD roln 7)e] 32

S v FsAe Ao dZetn Bl FENE
oo - . o el A=

Tol T wmes WCIIEIRENS asap) 98 And 19 o3R8 e

A 7Q)(IITP-2022-0-01201). S AF 2 A Fofo] edl AFFA|7} Hof

2022. 11.

23



=
Z4Y-UYE

2 H(Altman, 1968; Barboza et al., 2017; Beaver,
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| S AASFA] 3T Li e al.(2005)2
E 2 (Perceptron) €118 ES UMSVMI 34
B r& 2 st oy o] 7IHe HAE
Jo= H3 vt 7hseh il dhate
T doE dAFE A Sl
x= HA AAHS A7) 98t
3 o5 7S &89tk dAA 57
olf] B4y A9 AAS A duF
He] sz A Qg gely svmM 2
FAARNE 734 Frryo s HAst=

53]
=
=)
=
B
Ein

L 0 do Ty
N
>

-

g o

1o o

o ©orfe s
3

i P

)
S
Ay
i
=l
o
=
o
>
2.
o,

o & =
(M

o o
S

> He o 4y 2 2
g o o2 oo iy
N oo

2 41 o

= HB7FE AL g MY e AT
= EA7F ASA "k olE g Ao sk
of JAA olF 7IHE YAHE 002 1HsHA
o3 dlolE 4ty Hlgol wet AAHE 754
O & o]FAA AEFFOEN HolH E1F &
FRY AHE 7§43 HDu et al, 2017; Zou et

al, 2016; €94, AWE, 2021).

E A= UMSVMY] ¢aglgdl 444 o
e AEste] g WY =} v W
9] Bolx Aol7} /M AL AHES JdAHL
2 A3ty 7 dE A= HHIs=
OPT-UMSVM< #2tgtth. OPT-UMSVME ¢19]
T IAFER Fol=
o} MIZAEE A & Eo|x9}
7V AL AARES VetET A
HA o dAH o FA g}

UMSVMOl| A £5F 7AA2] o]Fo] ro 2|3
A= AE 83t JAA olF 7S A&
3t Ayl 2] (5)9lA EMSVMY] EF AAAE

1—7

LT3 g o) B e zH UMSVMAA 37
of Bf Al AAHE Ae
& o] o] EMSVMe] £/ 7
(output value) 0°|2h= M-S 1T of, 3 o]
s 9 UMSVMY| EF AANY Age

N

i
d

S Tol ik B AFddE 39 o)F A
.
(7008 A=e AN T2 4HHT o9 £

7} A7 v steelg £ 7b S o] Aol
A% MR MRS Oe 8F SolEs) 2
A QA Dek. o) F NFOR 7 mPe)
$F A7 0 BN AR 4 6%
2o,

EMSVM &7 ZAAA: <w,z>+b =0 (6)
UMSVM &5 A1 A:

1—7

<wy T >+by,=<w, >+b1+m
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OPT-UMSVM &5 ZAA:

£l we}l UMSVMe] EMSVMe] A3} 7)) w]

. . ) P 1-7 Ae &3s FR1s7] fste] FA7IHE VL
<wsg T >+by=<w, z>+b + : _
1+7 2 B9 nlgo] Aol 5719 o9 RIS F
=<wp, x>+ + T st on], B AN 10flod RAERA 2
4g 9% A2 A7) gRe) 2t a9 B2
°]Z OPT-UMSVM®] =242 UMSVM9| & M2 Sy R AT BES <3 49} o] F
A4 wEse stoldl ety 2 APHE S
argmin T2 X3E F itk
4.2 B ME
function arg min_<w, w >+ CX!_ ¢ @)
constraints <w, z" >+b>+1—¢€ if Yy, =+1 B Ao AR EHE HEE XHASEY] Y5
<w,x >+b<—7+E if y, =1 NICE7HJ B oA A Fdhe AFAEE &85
£€=0  i=1,-n of AeATtell A AHEE HlE 9 ARl B4
0<r7<1 Z9] ARZ AREEE HES FAS=Z 30702 A
oS 38 tH(Altman, 1968; Kim et al,
V. 9F A4 2015; W54, HERE 2014). FHE AFHES
770 AR E( o, FA g, P,
4.1 22 $Z AHRTZ 54, 854, TE)OE EFIe
o, #HF ?H Nee ZF A TS R AUCTE
B A9 BE-2 20157 2018 7HA] 470 7V =S Y AFHERE AR ATHKIm er
Sl =l BlEgE 2 AR M-S al,, 2015; &9-4, AHEE, 2021). <& 5> HF
o7 FH8A. FA7IHe T AlFed e A 78" AT tete] AUC, B a)
2E 71%22 5007 F4A719S AAstHoH, K (Variance Inflation Factors, VIF) ¥4 A3} 2 7]x%
27190 2 A k27,5007 719S A 7] SAFS 71ed Aotk YRHA O F VIFZ} 48
doz HNAste] F 8000749 FRE A5 10 Ateloll 1o HggdAde] WIzslal VIEZ 10
ok R RS 6% ez %LH *9517} Hoh Eom e A2 deaidAde] oL 2ot
AE71HAA F4% A7) B F=E& 3~6% Aeld JEwe] VIEZF B5 4 wwlo]lmg A
of 1] el sfjZsiet. & °ﬂ%1°ﬂ*1—t— 3 Hl AR iAol A ¥5S BoEh
(E 4) st BRI AF E2o| T4
Training set Test set
Datasets(IR)
Normal Bankrupt Total Normal Bankrupt Total
A (1:1) 450 450 900 50 50 100
B (1:2) 900 450 1,350 100 50 150
C (1:4) 1,800 450 2,250 200 50 250
D (1:10) 4,500 450 4,950 500 50 550
E (1:15) 6,300 450 7,250 700 50 750
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HThE O SVM #Xst ZHS 0[S 7|74 52y HF =7d 24 12

(Z 5 M7elg M8 Xz % 7= SAZ

. 7% BA%
Group Variable AUC VIF =
mean std min max

94 FTA 709 & 54.3 1.32 -14.60 83.92 | -893.90 155.07
244853 | EBITA/O|AH] & 53.1 2.15 151.20 1055.92 | 3702.10 | 14327.62
2] A A7) AR H & 51.7 1.78 118.13 210.09 0.16 3541.66
AR ol ) A F/F A 51.3 2.52 0.22 0.18 0.00 1.99
54 dAaulE 48.4 1.36 0.22 0.60 -4.10 5.25
254 AN DA S A & 33.4 1.51 4.10 3.59 0.15 38.63
TR Z2}2k 23.7 1.35 14.90 0.57 7.33 12.59

V. odF 23

e} HtjA Aol S7keHA ot
2 a7dNe 949 s 139 4 W <3 7>9] 4 A%E 29k A, ZE )
2 7133}7] 9l3te] RBF A4S &43191oH 2 o8] RN 7t YEFF Solke Fadte
B 71F2E A" UMSVMS 7|E ¢ 4 %S Bolal gt} o= 7} HE&45F UMSVM
glEo2 283t3itt. stolo 2tv]E| 24 RBF o &7 A ol F A7t AA o MF
AL I EAAFOE 2= F(gid 7Aool FaF L o]l whet the HF-e] 5o
search) 7|H& 83t <¥ 6>3} o] AA3ITh =

7} AAss ondy. E3), FEHE Fe
E1:15)904 72 1914 0252 ZAE Eoln

(Z 6) sto|m m2fole] MY = 10%2 293511, 002 243 AL vl 93%

DataSets(IR) C " 2 golx=t o] E(1:15)9] 4F v Tt
A (1:1) 1 1 Fto] &g W AAQFYGS st A
B (1:2) 1 1 T BAGHe] SRH R ZAH FHEA 7
C (1:4) 400 1 =2 94 7t ZAHsE Eo|wr) 745K
D (1:10) 400 1 oo oudit) S5, LE Ho|E TEA
E (1:15) 400 1 Ao b EEFE A AN glon, 59

WE By Aol AAEsE 1 a3t 2

Uehde Ao g AU A& 59, ADT
ANA 77} 1914 0.001Z Lol ol ujg} Mz e

3% 39 TRS tgoz
Ane ANSD ATk 27k a%pel ARk i, WE 2@ Fol A1)

sl 243 R

ZEAHEE WM 2 RAS 45k
o} wpxle] A S YEdl= vk gheelE
= 07 1 Abo]o] A oA AR H =T, 9
Zrol 19 7% UMSVMT} EMSVMS &
AAAE A FYsHAl A rRzls

o} W, 9] gho] 0°ll 7hE 5 T M9

S~

N

¢

9 D1:10)3 E(1:15)94 7% Z7h= 2zt
41%pS} 33%p= WH= WA ET7}F A Yehd
= Ao2 EAEHAT E3] E(1:15)°14 & 19]
A 052 ZASY T UAEE %2 v]0|alA w
$oted ol MF B go] AT A 25 W
Fo] AAYGGo] FdHo g F4H A=
ro A 2R8I AT NAE & Yes
oujgith. AR, A== 7} FoldFE 454

2022. 11.

33



o el gaste JFS Btk o) 4
Swrh WE 7 AEEE FA0 ek Bala
T WS Solme] 27 gEsu a5 WF
Mo e N weaA g 54
R EER ML ER R RN EE i

A e A3

O
7hell whe} Sol=e 7ha
W, R EE FUteke AEad HE B
omgit}l, 4= o,
A(l:D)F} B(1:2)Y] W Erdo] v|ekst Ho]F
FEOA Solxe] HAavt NI FUtET A
7] wjZol| 77} Zold4E 7etEd AgEe 7
A3l AEgS Holg w
E(1:15)°1A4 77} SRoldrE
e S717F 27) Wil 71t s
A&H o2 F7kele AS UEsth 53] 7814
T Z8E F7te] £ B4y v g0 =&F5
ARAEH 77} 1914 00012 Sobd wo] 1 F7}t
Z.2 C(1:4), D(1:10), E(1:15)1 A Z+2}+ 1%p, 27%p
2 46%pE F7Fee AoZ YRt
<¥ 7>% £3lo] UMSVMO ¥F 278 a4
e vple] v o] ARl wet FHAste

Of
-

(2 7) roll E cHlloje] Z=4 =F ot vl

tlolEfo] thet s S 23 AP 3
7} dA]3Fch(Kang and Cho, 2006).

B AT A AR HAs duEFOEA
OPT-UMSVME EMSVM % UMSVM(Li and
Shawe-Taylor, 2003)2] £7F AJ¥}9} Hlw 3 A=
<3 8>9 A|A]H o] glth EMSVMY] & EE |
o] oA 1°]H, Li and Shawe-Taylor(2003)
ANA A r= HolEY EwE v 250 A
A7) wio] dloly TEEE 2 A(L:D=I,
B(1:2)=0.5, C(1:4)=0.25, D(1:10)=0.1, & E(1:15)=0.07
ot} WhH OPT-UMSVMS] 7+ OPT-UMSVM<]
A3} Aol weh WEe} Solxe] xfo|7t 7t
AL AR =2 o 7)stET Ao}
Hgsle = AE 85t & G A2 A
Z} dlolE] FEEE A(1:1)=1, B(1:2)=0.5, C(1:4)=0.1,
D(1:10)=0.001, 2 E(1:15)=0.001% A=t} o]
A AAHE & 7IEoE A /A Bl =

SPE

SEN

DataSets/7 | 0.001 0.25 0.5 0.75 1

DataSets/T

0.001 0.25 0.5 0.75 1

A (1:1) 0.88 0.93 0.96 0.97 0.98

A (1:1) 0.99 0.97 0.96 0.96 0.95

B (1:2) 0.89 0.94 0.96 0.97 0.98

B (1:2) 0.96 0.94 0.94 0.92 0.91

C (1:4) 0.90 0.95 0.96 0.97 0.98

C (1:4) 0.85 0.82 0.81 0.78 0.77

D (1:10) 0.90 | 0.96 0.98 0.98 0.99

D (1:10) 0.68 0.44 0.34 0.30 | 0.27

E (1:15) 0.93 1 1 1 1 E (1:15) 0.34 0.03 0.01 0.01 0.01
ACC GM
DataSets/7 | 0.001 0.25 0.5 0.75 1 | DataSets/7 | 0.001 | 0.25 0.5 0.75 1

A (1:1) 0.93 0.95 0.96 0.96 0.96

A (1:1) 0.93 0.95 0.96 0.96 0.96

B (1:2) 0.91 0.94 0.95 0.96 0.95

B (1:2) 0.92 0.94 0.95 0.95 0.94

C (1:4) 0.89 0.91 0.92 0.92 0.92

C (1:4) 0.87 0.87 0.87 0.87 0.86

D (1:10) 0.88 0.92 0.92 0.92 0.92

D (1:10) 0.78 0.65 0.58 0.55 0.51

E (1:15) 0.90 0.94 0.94 0.94 0.94

E (1:15) 0.53 0.16 0.09 0.08 0.07

F) =12 4A¥ UMSVM2 EMSVM] #4727 e} U

34

Information Systems Review, Vol.24, No.4



HIcha) 0iEl SVM &t

(&% 8) EMSVM& UMSVM ¥ OPT-UMSVMZ]

HMEE H|m

oSk
EMSVM UMSVM OPT-UMSVM

DataSets(IR)

T ACC GM T ACC GM T ACC GM
A (1:1) 1.00 0.96 0.96 1.00 0.96 0.96 1.00 0.96 0.96
B (1:2) 1.00 0.95 0.94 0.50 0.95 0.95 0.50 0.95 0.95
C (1:4) 1.00 0.92 0.86 0.25 0.91 0.87 0.1 0.90 0.88
D (1:10) 1.00 0.92" 051" 0.10 091" 071" | 0.001 0.88 0.78
E (1:15) 1.00 0.94" 0.07" 0.07 0.93" 024" | 0.001 0.90 0.53
F) B 1% FEAA F9.
(ACO)9t 713t%# A= (GME Hlagt 23, tlole + EFolA g ditsl w98 gEs}
B o)A A¢ks OPT-UMSVM S HE {2 e 4U1 gt
o ] EMSVM % UMSVM<} HlﬁfT o Z2AY - b7t OPT-UMSVM< E(1:15)91 A 7138t &
T EF AHRE BoFa o, 53] HE & FEE 05302 thh W oS 4IE HoFa

T8 H|&o] Z7}1Ed4E EMSVM 2 UMSVM
H| 2 38te] OPT-UMSVM®| A #xfo]7}h F7}stal
155 gtk

<3 8>of| A A Al 74A] Bdle] Aapxto] 9
BAA Fo8s A8 fstd 449 Ag =
2 Mann-Whitney®] U A4S sttt &4
ZA3} OPT-UMSVM+ EMSVM % UMSVM} H]
wate] WF Egdo] wefst dHoly HE
A(L:1), B(1:2) 2 C(L:4)ol X LH /A" A=
TR A FAAH SR fFo) A% Atol7t gl AL
2 AT v, B Bdo] 48k dlo]

yo &

A=H o] UMSVMeA = 07} 1Ao]el| A A
A== BAZE vhRl9 ol s A7t AA A=
AR o] WA Wil d 5 At ZA AN
HA] ZetAes orlgtt o] E g UMSVMS]
24 SAAES Beslr] YA AA viRls =
H3t AA7A E7F BANE 015*17] T Us
Cost-sensitive SVM7} &2 4 021}, Cost-sen-
siive SVM 9A] A g £AA S5 A3} o

Wi BR A4 o) WelE 248 oyt
£ ol 9leg folaol B

B EE D(1:10) € EL:15)90AE 1% $Z0A Vi. 2 &
T4 A 2ol & HAE Aoz EAEHA
t}. OPT-UMSVM¥} UMSVM< Hl 1 #49] 749 SVM} 2 giFite] 5 232 W 7o
= A(l:1), B(1:2) ¥ CL:dollA A0 A o|E7} A2 A QS 7HYEH] )
zpol7h gle Aoz EAME W, D(1:10) ¥ ahe] 7] witol| M BEdo] EAlehe B e
E(L15)AE 1% T 93 2ol & 7} W] AAYGL g A U AN
A Aoz BEAFQITE HIE < 8> A|A5HA] AL Z4EE FAZL BAE old wl WE
= A"k UMSVM#Z EMSVM €1A] D(1:10) 2 7 BF AAM AF WFE HEHol BF B
E(L:15)ol A= 94 43 2ol & 7Rl A2 o] Joe A Lol WF B &
22Xt 234 02 OPT-UMSVMS THE A7F 257 BE ] ARAS ) A= 7840 o
T 2 vwsd s o /M S5 49gE B o g Qlsle] MF Bad FAY 2L 7
0]3 9lal o]+ OPT-UMSVM7} A4 & &34 <5 9 HlolE] mlod EokllA =8 AF AR
o2 gAs A2 HE 1 ‘;‘ HE 27y A2 = o] g
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=
A3 UMSVMS 7|34 d=2r 8 28
ok 4 A3 UMSVM2 54 dofE] BX7}
A 78 dlolHol = EMSVME] A1} )4
a3l frejH o)A RepArt, W Erde] A3t
2 glo|Efoll A EMSVMS] A2 =4 /fAEHS
grelstadnt. £ AelA A<He OPT-UMSVMS
EMSVM % UMSVM¥} Hlwsle] ¥ 73 2 B

g A EFolM Ho -3 2E B
9/12“1, 53 WF B7E BAV 4825
I Zpel7h FOH QA Aor EAE A

oiiilml

= HH?M A5 ARE AFTFoEA
W By A gig sSVMe] g Ala
gtte AR Atk

T, B A7 AR #Adste o
2E g AHIES At gk AR, 2
ATE SVMAA 7 AAdY AT o5&
Satel WF B9y BAE AstaAt s
SHARE Bdd HlEo] 53] =2 Afole nhe
HIY A= S92 dAste o]F ALE

=27 e = UMSVMe] 37} vju)gs A=
St o] & sl Edstr] sty &5 Aol

Cost-sensitive SVMZ} UMSVMS] ¢112]&S A
St A2 AFE JPstaa sk 24, B A+
= SVMY mhXl & v WHF SHY A HF
Zroz FEael 2AR ACE oUF Bl
3sled H4E & 9k UMSVMS this 27
(multi-class classification) 8ol 2-83}7] 2|34
© AA vpRle £2 5 13 ot ok H2
Zhang and Zhou(2020)] Aol X< HFE Ho
hzlE Fol= FAlo AR B WS Fot]

SVMe] U3} 538 7fAst7] $13t 7jHS B
STk o3 71‘?3% B A1) OPT-UMSVM#Z}
oA H A3zl SVMel

r (
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Optimization of Uneven Margin SVM to Solve Class
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Abstract

Although Support Vector Machine(SVM) has been used in various fields such as bankruptcy prediction
model, the hyperplane learned by SVM in class imbalance problem can be severely skewed toward minority
class and has a negative impact on performance because the area of majority class is expanded while
the area of minority class is invaded. This study proposed optimized uneven margin SVM(OPT-UMSVM)
combining threshold moving or post scaling method with UMSVM to cope with the limitation of the
traditional even margin SVM(EMSVM) in class imbalance problem. OPT-UMSVM readjusted the skewed
hyperplane to the majority class and had better generation ability than EMSVM improving the sensitivity
of minority class and calculating the optimized performance. To validate OPT-UMSVM, 10-fold cross
validations were performed on five sub-datasets with different imbalance ratio values. Empirical results
showed two main findings. First, UMSVM had a weak effect on improving the performance of EMSVM
in balanced datasets, but it greatly outperformed EMSVM in severely imbalanced datasets. Second, compared
to EMSVM and conventional UMSVM, OPT-UMSVM had better performance in both balanced and
imbalanced datasets and showed a significant difference performance especially in severely imbalanced

datasets.
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