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The Optimization of Ensembles for Bankruptcy Prediction

2 ® & (Myoung Jong Kim) 4143t AJvhet Agska wsp, wAlA%
2 2 & (Woo Seob Yun)  AhtHekan et B st shakakg
2 o

£ AFdAe BF E7E AV WAE 7IH9EE oS AdaBoost Y35 R ] HIE A5
93t GMOPTBoost &18]Z&S A¢H3t}h. AdaBoost g|Z S QEF FE thsle 7ZA3
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GMOPTBoost(GM-based boosting algorithm)
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Asl= RUS(random under-sam-
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et det. o] W) 714 BRAS A NMEAE
ToEMEs AT ZE e ERate] s A8 Alde] £33
(3@ 1) ROC Curve 5 B8] HF EFAY dF ol °‘74W
Hop 2o AF W2, O%x o g
M. 3+ gzg= Z2 BRI o]2)3h AdiBooste] AAHE 7k
<3 2> 7]1EHo] k.
3.1 AdaBoost €112|& <3t 2>of] A E ule} o], AdaBoost &E|F
& QEF R e F5718E AT B
AdaBoost 31852 F28 ¢uEs T M Aol AAL, gue]F AAH o ey d 7
[e]

HAZoZ AMREE ¢18]Zo|thFreund and

Schapire, 1997; Schapire, 1990). AdaBoost ¥l 2]& =

< 714 ERAE A o2 AAse HEE g A FFte @io] EAlRH ol G w
FOE S & Uig 71A BRARe] el st A WFY] FAeE 8] Rk o
TRY §F gedAE 7o g 714 ERA] 8 F HF AT e 2HE w50 s
SABREA e 2o 7N S F-E(e,) A "ok dHZ o7 Sojee oA AT,
= A It /&S VWO R QERF K UHEE Sobd WF Evd A4 el dAR

(E 2) AdaBoost algorithm

AdaBoost algorithm
Input: Training set S=(z;, y;):i=1, -, n; y, (-1, +1)

K: Number of base classifiers (: Base classifier

-1, = G .
Output: the final classifier C(z;)= ! %G<r
+1, 210G 1
1. Initialize w, (z‘):% for i=1, -, n
2. For k=1 to K
1 n R = v
a. Calculate the error rate: e, _Ezl:] LG (x,), ), LG (x,), Z/J*{a G (z;)

b. If ¢, > 0.5 Then stop learning

c. Choose weight updating parameter: a, =In(((1—e,)) ¢, )
d. Update sample weights: w, (i) = w, (i)exp(— ¢, ¥; G, (X))
e. Normalize w, (i) to be a proper distribution

44 Information Systems Review, Vol.24, No.1



JIUEE ofF oty

T

2ol xH3}

i

S 7HAA At o9} 2L SAAES ANAEH] 9
3} AdaBoost €1 8ES FAS N2 ¢y
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st &85 gtk
3.2 GMOPTBoost &T2|&

GMOPTBoost &118]|&2 HF B8 A=
FHHo 7 257 93 AdaBoostd] A &1
2]Z° 2 GMOPTBoost ¢18]&9] 8t A=

Chea 2o

n7f e #AZAE BF3 714 /A g A
A2ZA U=A{(z; y,)ri=1,- S 7PgsAk o
7194 g, e (=1, +1)& Hé%ow 2, ERE HE
AR g M Ede) ol o= 7111 i
T2 ot FEWST (X, V)Y A9gES
Pyl y) et 3H9 (z, )€ 2HEE ny(z, y)
9] i.i.d(independently identically distributed) ¥+
o|t}. GMOPTBoost®] 35 &2]& GMS %3}
e A EFIS flw) =wX->VE FE Ao

o2, & v HFE FEES(X) Y B35A] 24

o HFE FEHFXHY #FA T2 &5
A H¥, GME Eo|% (SPE(z, w)$ 9=

(SEN(z", w))9] S<F2 4 ()3} 2o] Fojgt).

Mz, w) = V(SPE(z~, w) x SEN(z*, w) (1)

GMY] 713k B(GM(X, w))& A%35 &4
9] 2 & ¥ &< (Cumulative Distribution Function,
CORZ 4 @5} L& WHo2 ANE 5 A
AYRE Py y) o) $E7F BRA G317
&l E(GM(X, w)) &) ARt E7Fs 8k "k

E(GM(x, w) /SPEJC s w) Py o, y)dPlz, y) (2)

whe} 237 7)54%8 72 F(geometric ermor) GE(z, w)
o] ZAH)Efapproximation) = T3} 7o) AXHEIC,

GE(z, w) =1— GM(z, w) = 3)
- (%Z" SPE(z~, w)
n
1 + 1/2
< —+Z” SEN(zt, w)
n
SPE(x™) = SPE(f(2~, w))

:{1 if fla™, w) =wlam < T
0 Otherwise

SEN(zt) = SEN(f(z™, w))
_ {1 if f(a:+, w) =izt >7T

0 Otherwise
047]()]]/‘1 n 94'77, 7]—7,}—]';]._r1:|1 /\/k t}j-%g]
A grolH, 7= YAIHS oJu]slitt) 0-1 {:Na}.

=
L
R

“(loss function)®l SPE(z", w) ¢t SEN(z", w)
H] 3 8+3+=(non-smoothed function)= ©]& 0] 719
BIFs a7 TS SEIehe 02) BIRkS 7}
A HEZ ARZH o2 A e A8o] &
st B
B AT GM(z, w) ol BAPIES
7 3] ARE Py, o )7 ATRE
gobn AP ATFEE 4] gt o
T FEWT X o &AF HFe) 8E vF X
& 714 EFA] AE Ao F4E HEF #
T S (WTNE S 2ol Bt EX
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x [ SENG, w) Py (o, y)aPta, o) 7oA, Sk it TR A gl

9] I F¥E(mean vector)o]™, ¥~ ¢ ¥ & ¢t

A A3} = (risk minimization principal)©]l T 2 25 ¥ dEYE e FEAF P (covari-
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246 2 A 0 2e gE fdos FojHd
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(E 3) GMOPTBoost Algorithm

GMOPTBoost algorithm

1. Input: the outputs of n pairs from base classifiers U={(G.(z,), y,):i=1, -, n}
2. Estimate mean vector and covariance matrix of multivariate normal distributions and linear combination of
multivariate normal distributions.
X ~NMmu —,5), X' ~Nomu 5,5, WX ~ Moy, "5 w), WXT~ NMo'y", w5 w)
3. Initialize ! =a, for all k and choose learning rate (.
4. For j =1 to J
a. Calculate partial derivatives of Specificity and Sensitivity: V.SPE(w) and VSEN(w)
b. Calculate SPE(w) and SEN(w) at threshold 7
c. Calculate the first derivatives of GM: Vv GM(w)
d. Update the set of weights ufl” 1 :a)jf — /EVG’M(u)))
f. Normalize wif, /Zf_ wk
-, X G <T

5. Output: the prediction of the final classifier O(z;)= LS e T

&3t 23 7HA A (Aol BAET S = g A 91 o]0 =7 HAl 2) HA

E(learning rate) 49} AFIIA W = (-3 FE JAIFTEE, A2k A A8, 19,

- Aw) 9 2ol AES AF 71EH AT WS et 71dd 8 ae, Fefo doF # 3,

WAEA Bk A 1= Ase] E3to] o] Work-out 5) 3) &2 53 22 542450
e . _ ] et A8EA AbHo] il UF, oA e

HEs Wi gitshe A= W FrEAHE Y fo S22 AFxo] o]Fofxl

A 4) THAEH7E]ALE] 4]8-FF 0] CCC o]

53] slo] JlE=x) 2 e 5l sle=mA
F3 sy 7HS A2 & o3 S S0l A== e golsm oo

S F 8 Z Z(stop condition)©] THEE wlj7}A] wkE

T oot T B e 283 Qi ARHEL d4Y
;r? 547::1; }J%fgi Gﬂﬁx’ﬂ)i Ssters = #9)3)9] TS20009 4 AFAL ARE 7122 2
o S L ST SHOPIos @sjsiek AR 54 71 alsie} a4
ST e A AT e ge) dRe)d AR 4asith v
FE 7199 A% FEdAet AFARE SAYS
V. A7y e ulishe] REAAst FALRT o] E A9 HA
71279 AFARE &3tson, Frdst
4.1 22 =& 7t AFAE SALET =& A5 A7E-17) 9
AFAEE 83
o tigt Aole HE, FA B 58 T o8 B AT = Aol wehs 201597-F 2018
2 SN dstA B e vk £ AT A7RA] FEAL AXR7IH T FE 7199 #5H
Axe A AA Y 4Fste] npAd 93] o] 23 2 5027 7193 2= Aol slwelA] e 1A
7+=<2H(Basel Committee on Banking Supervision)©l| 719 10965709 719-d = #SAE F 11,507
wet FEEddA A% B HoJE &8 7] 93 EE (original sample)S 3G ¥
AT S = 1) 950 3Y 7 A RE F AT A7 EF5EAY HE A

2022. 2. 47



=

o *JO]?‘& W3 2738 H8(A(l:1), BR:1), C@4:1),
o:noll wet 570 &9 EES TSt

% Ao = 10-flod DAFEFZA] A
AAE ARE-8L7] w ol Z42e] wALERA

=]
of g HEI} AF HEL <X 5>9) 2ol
2

- ‘ﬂﬂﬂ A E B T8 TAMAHE
GMOPTBoost &g & o] AdaBoost Sl gnAcl Eske)
A7 el 71 = A=A AFE7] A8k
tlolg MZ¥ 7H(RUS, CUS, ROS, SMOTE)E

A ggsto] 13 B A BT a3 A
B ATNAE F /b4 4% Bh) gek T 10old mRERA BAL 53] ske] wiR
DH:HOH w2} oS 2o] 2SS AT S REY AF HES 919 HEZ B3 o]
A A @AM s HF BdF o] o5 ¥ 9 ol Hlole] &% 7S st Eont 483}
el mR= Aol HE ETd A A Aok Hiole] AEd 7ol mE gk FE9 A
GMOPTBoost®] A3#7HA &332 A5 98t 5 ¥ELS <H 63} o] T4H
(£ 4) 52 7|9l 74
TRH7E A4 714 7= 714 #=A
FEdo]H 10,965 542 11,507
AFEAE EFE 10,452 528 10,900
o] x| A A 10,027 507 10,534
HTEETd 10,000 500 10,500
(% b) HF =09 b8 e 5E=1 d3E=9 74
Training(in-the-sample) Validation(out-of-sample)
Datasets (IR)
Normal Bankrupt Total Normal Bankrupt Total
A (1:1) 450 450 900 50 50 100
B (2:1) 900 450 1,350 100 50 150
D (10:1) 4,500 450 4,950 500 50 550
E (20:1) 9,000 450 9,450 1,000 50 1,050
(Z 6) 83 o Hoee S5E=n Z43E=2 74
Training(in-the-sample) Validation(out-of-sample)
Datasets
Normal Bankrupt Total Normal Bankrupt Total
RUS 450 450 900 1,000 50 1,050
CuUsS 450 450 900 1,000 50 1,050
SMOTE 9,000 9,000 18,000 1,000 50 1,050
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4.2 W4 ME

RE 3

S 93 Wy HAL 9ste] dxpFR o
2 AgATe)M AHEH 30789 AFH LS £
3} th(Altman, 1968; Beaver, 1996; Kim ef al.,, 2015;
Lin ef al, 2018). 39 30709 AFHI &7t 25
/H% 7122 AFY QARFHE 1) E =

okst1l 7199 B £A4S thekat WA =24
3]'7 | $1ated &7 8Ql 4 (exploratory factor
analysis) S A3t on, aelsxa oz g9l

o >~h
>JN

tion)S 83T QQ1EA Ao <3 7> A
AlEe] STt

Qe wet 2F3HE 7 AFHIE 2Fl
X1 AUROC7} 7P =2 APFHIE T0E A 2

Hr 2 **?‘4‘8}03 om, 7Jr A 58] &2 AUROCE
<Table 8>o A|AIES] 3

ﬁ%@ﬂi ’ﬂ;‘éﬂ ZH-'?‘H &5 sl tE3
14 (multicollinearity) & #243}7] 93} <3 9>l
AASE A} o] A3 Q 9l (variance inflation
factor) ¥4 A G A3}, HF7E VIF g2 25

ZF A5 7Hg sk wlE] W 2 3] % (varimax rota- ol3l2 gFFAA EAle #A=HA FUch
(F 7) M=Rd|20 oist 22lE24A Zot
Group Variable SAAA gk 27X BEAEHH] &
FAN ol E 0.814
FA Aol )& 0.811
uf| 2ol 73”01 o& 0.801
njEolLo]d & 0.795
94 =FgulE/m & 0792 2.612 65.302
=80 &/FHA 0.785
SEEH /&Y 0.774
X}ﬂ A Aol & 0.772
A 7| AR Lol o) & 0.745
EBITA/©]| A}H]-& 0.851
EBIT/©] A}H] & 0.842
FHEFBE/ o)A & 0.836
2485 g A 0.796 2.600 65.009
JAdFEE/oIAH] & 0.747
JAAFTEE/FFA 0.731
YAHAFsE/Z5HA 0.725
A7) AR B & 0.826
9 Z y . .
¥ 2] A I E 0.812 2.599 64.984
o] JAF/F A 0.814
A2 ol YA/ EA At 0.796 2.522 93.062
ol YA F/FHA 0.721
HFH & 0.919
5 freulE 0.899 2.459 81.973
FFH]& 0.899
FAAH 0.927
TR ufj 2ol 0.888 2.412 80.412
DA A=A 0.874
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~
24935

o
2 Y

Ho

(Z 8) 307 A7FH|E2] AUROC =AMZ 1t

Financial ratio AUC Financial ratio AUC
FAA7 0| & 543 #u) A7\ AEE & 51.7
ZA)pako] Q& 452 2] ] FE AR FALT 49.3
SRl R e 47.8 " o] 9| J & F/FAAY 513
2 L/2 A 42.1 ;é o]} Yo F/F A 50.5
o4 SEFH L/ 473 ol J /&AMt 48.4
o] & o) 7 4fo] o] & 482 g 48.4
v E Ao & 51.1 54 FEH & 47.0
A7 AR 7801 & 453 frEulE 435
A7) A RS0 & 47.9 AR AL 334
EBITA/©] AFH] £ 53.1 254 RS A& 29.4
EBIT/ o] A}8] & 49.2 v & A3 A& 25.3
33 dABTEF/OIAH & 44.7 FAY 23.7
&3 PAHFEE/FHA 46.2 Te e 20.3
9 Yy HF 5 /0| A& 51.0 NA A 23.4
YAAFEE/FFA 48.3
A 8 A 472
) HAE AR ) ATEE
(2 9 2T 770 MRl VIF 24 Zzt

Group Variable VIF

T4 FAI ))& 1.32

FA s EBITA/°| A1 & 2.15

@l 2] 4] A7 AR H] & 1.78

AR o] Yo w1 F At 2.52

54 dAFH& 1.36

54 A AP 2 & 1.51

Exe) Z 24 1.35

=
(sigmoid) o5 &3tk S5 daelEe 8
FE°] 0.1%] 9 F h(back propagation)©] ™ &5
F8 XS = epochs 10,0000.2 A3}
AdaBoost 21220l A wkEA ]l 7)A BEEx}
o] AL 71A EFA] LFE0] 05 o4 A
T+ 714 E7AY Ade TEEE sl
GMOPTBoost &¢118]&2 GM< Huj3lsh= 2

217379 A= 24 (hyper-parameter) 2] A7 9]
ue} gkl 7] o] 7 dAFolMe 4
WY BE A5 A3s Bl P F2 AYE
Holes B4 gAs= 18]= 4 (grid search)
WAS ARl HEA o R 2939 X, epoch,
BAAxA, TFE 7Y E4sE AHs0t
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3t 7 A= AdaBoost €] Fol A AHEE AT
TSRS 27FE 3 £85 2 S = epoch
£ 10,0002 HAs3Th

V. 47 23
5.1 ¥ 278 E20 (3 41 24

2 AFddAe 715 AdaBoost® At
GMOPTBoost &118]£2] A3 vl s 345}
A3 10-fold WAEYRE S-S 33 wHESt F
3039 AFS FAsIATE <E 10> <3E 5>9
U B8 R 03 303 A5 E=A F3
E(ACO), 716}Jﬂ?r 8% (GM), AUROCY] 3
7 ¥ o A 2ol & Hlwgh iAo A
£ AA o]—_ﬂ_ AT

F8 24 dy= g3 2ok 3, AdaBoost
2 GMOPTBoost Y/dE-9] &
E1tE vlEo] F71gl
A=} oleidt A=
1:1'63,] A%J,}oﬂ Hx%xqo ooz‘g)k% u]
n] gttt AdaBoost®] 73 W E4tE BlE©] SV}
3ol whe} AT (ACC)= 86.7%0) A 69.4%, GM-E
86.6%°11 4] 70.1%, AUROCE= 92.4%°1 X 76.0% =
74349 GMOPTBoost UgE9] 9=
ACCE 90.5%°01 4 754%, GMS 90.5%914 75.2%,
AUROCE 96.0%°14 82.6%% 7Ha3lth

E 4], GMOPTBoost 43E-& AdaBoost YAHE

o] 3t AR FHHLE Vs Ao B4
= At} AdaBoost ¥ GMOPTBoost 4452 4=

oX
i)
rir
)

o st 24 A F GAE 27

FEollA 941 Aol & Kol AoE #4445
At 53] 20 HlEo| /HETE 43 JiA

o] FH/} Zvbslm YEH A(L:l) FHEA

EQ0:1) ¥E o2 HE By H]&o] sold4E
AdaBoost 9HHE- 3 GMOPTBoost %352 Al =}
ztole S FulEa ok ACCE 4.3%°14
8.6%, GM 4.3%°1 A 7.2%, AUROCE 3.9% ] 4]
86%% == Aoz BAF olzs 2
+ GMOPTBoost Y/3-E-°] AdaBoost G/3E9] A
7} el FoH o=z Vot Qe ov|gith

5.2 HF #¥ E=0| CHEH M1t 24

4
o
ofl
X
E
z

o & A7t 2A A= Hlold
= Ay Ao FAFo R FHst=
HAck <& 10>9]4 EQ0:1)o that
AdaBoost €12]Z9] ACC(0.694), GM(0.701),
AUROC(0.760) 0.2 =A% ®ld do|g A=Y
71 F 7P W& AHE Kole CUsY 759
% ACC(0.747), GM(0.747), AUROC(0.857)2 3%}

o M
o,
rlo

> 2 x

(Z 10) HF 278 Z20| ofst 4ot &4

Datasets AdaBoost GMOPTBoost t-test

(IR) ACC GM | AUROC | ACC GM | AUROC | ACC GM | AUROC

A (1:1) | 0867 0.866 0.924 0.905 0.904 0.960 277 279" 3.01"
B (2:1) | 0.834 0.833 0.903 0.884 0.880 0.943 3.46° 3.30° 2.60°
C 1) | 0815 0.815 0.888 0.861 0.858 0.930 3.40" 3.25" 265
D (10:1) | 0.756 0.755 0.828 0.797 0.803 0.875 3.33" 2.86" 251"
E (20:1) | 0.694 0.701 0.760 0.754 0.752 0.826 3.80° 2.69" 3.15"

) 1) 1% FEAA 9.
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oY
02
O
Ho
o

(E 11) ¥ 78 E&2of ofst M1 24
AdaBoost GMOPTBoost t-test
Datasets
ACC GM | AUROC | ACC GM | AUROC| ACC GM | AUROC

RUS 0.78 0.782 0.861 0.793 0.794 0.874 4.04" 3.84" 391"
CUS 0.747 0.747 0.857 0.779 0.773 0.869 5.13" 4.07" 252"
ROS 0.751 0.761 0.848 0.780 0.786 0.872 2.76" 3.28" 3.25"

SMOTE 0.753 0.765 0.854 0.783 0.783 0.874 2.87 2.44" 248"

F) 1) 1% FEAA 9.

Nde] o] Fol M-S & 4 Atk GMOPTBoost ]
A% <X 10> EQ0:1)o) AAE vle} 7o)
ACC(0.754), GM(0.752) & AUROC(0.826)2} H] 1L
atod 7h4 vre A3tE Hols CUSY A9d=

T A%, GM 2 AUROC 59 972 Az
ACC(0.779), GM(0.773), AUROC(0.869)% A =}7} Ao 7dsle] M Bid B4 Ao a3
M| Aoz A BlE 2 AT 2% 4 BHYon 53], WF E0dol AsldrE
o2 AN KetAA, W B dd HE GMOPTBoost ¢85 A7 74 E371 Soj
73 FE| F8H AdaBoost2} GMOPTBoost2] 1 oS BEASEY W S8 A4 A
43 Zolol] gk +- 1A AHANXNE 1% Tl A A 3¢} ] E-0] GMOPTBoost ¢aLe]&-S t o] E
o o2 Aapatol7h A st S5 &<lst AEY 7S A83 fF 7F tolEld st
At S5 AdaBoost Y735 E& 9 ¥ /Aol x 7]
£7), GMOPTBoosti= EloJE] 123 S A8sled 4% & 31e< ek
TP WE FY ol thete] ST AdaBoost 2y 3AYe 0ed 2ok A, JoE,
due)Ze) 4He FoHoT ANGE O GM @ AUROCS 2& A ZAAE oS =Y
£45) 900}, AdaBoost ¥ GMOPTBoost 82 o] 34 2 xo) A%, o]2§ 47} 244
gio] g g v T B Ry v & ugRYR 54 /A7) BEe) H4s) 3
1% $FAN F214Q) ol ol Ao 4 S APHo7 Agde AL BT @
S 0@ Anke vlole AT P2 Ak Aok odF IANE SR Aete} 2
S50 A8ahe AVoRE ARAR At B ATE ZTAL AYFOEA A 7)
e AL ke A A7) 49 dAe e oMo} 43 S AdST 4% £
W glon, B Aol Ak GMOPTBoost® & A ARE AlFSh len), ¥ A7E A% 34
831 #9445 Aol ol FAREE oFl Aol g AAs M Agelr) A7 oled
Ela= By ¢ A3 SAE ATt
=4, APAFle B3 ETF wAlol o
V.2 2 & EHQ A7 E vlolE AEY
PHESSS 2T AR ol HF V1Y
B AT HZU2 Rope] gEAQ WFE B A8 43e] A4t ngEAE g
3 BAQ VIARE 20 A ALE £l B ATAE HolE 429 % BB S
£ GM HH3} 7]uhe] GMOPTBoost 212l tlo] Hsl 7]e F7H 02 Hedte) feo
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The Optimization of Ensembles for Bankruptcy Prediction

Myoung-Jong Kim" - Woo-Seob Yun""

Abstract

This paper proposes the GMOPTBoost algorithm to improve the performance of the AdaBoost algorithm
for bankruptcy prediction in which class imbalance problem is inherent. AdaBoost algorithm has the
advantage of providing a robust learning opportunity for misclassified samples. However, there is a limitation
in addressing class imbalance problem because the concept of arithmetic mean accuracy is embedded
in AdaBoost algorithm. GMOPTBoost can optimize the geometric mean accuracy and effectively solve
the category imbalance problem by applying Gaussian gradient descent. The samples are constructed
according to the following two phases. First, five class imbalance datasets are constructed to verify the
effect of the class imbalance problem on the performance of the prediction model and the performance
improvement effect of GMOPTBoost. Second, class balanced data are constituted through data sampling
techniques to verify the performance improvement effect of GMOPTBoost. The main results of 30 times
of cross-validation analyzes are as follows. First, the class imbalance problem degrades the performance
of ensembles. Second, GMOPTBoost contributes to performance improvements of AdaBoost ensembles
trained on imbalanced datasets. Third, Data sampling techniques have a positive impact on performance
improvement. Finally, GMOPTBoost contributes to significant performance improvement of AdaBoost

ensembles trained on balanced datasets.

Keywords: Bankruptcy Prediction, Class Imbalance, Class Balance, Data Sampling, Geometric Mean,
GMOPTBoost
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