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Randomized Bagging for Bankruptcy Prediction

Sung-Hwan Min*

B Abstract m

Ensemble classification is an approach that combines individually trained classifiers in order to improve prediction
accuracy over individual classifiers. Ensemble techniques have been shown to be very effective in improving the
generalization ability of the classifier. But base classifiers need to be as accurate and diverse as possible in order
to enhance the generalization abilities of an ensemble model. Bagging is one of the most popular ensemble methods.
In bagging, the different training data subsets are randomly drawn with replacement from the original training dataset.
Base classifiers are trained on the different bootstrap samples. In this study we proposed a new bagging variant
ensemble model, Randomized Bagging (RBagging) for improving the standard bagging ensemble model. The proposed
model was applied to the bankruptcy prediction problem using a real data set and the results were compared with
those of the other models. The experimental results showed that the proposed model outperformed the standard
bagging model.
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Randomized Bagging for Bankruptcy Prediction

PEETEY YRR HT N ® T T LA T RT T
=W TE S ®T Q3w Wy -
1rHL = % = oS — = r- ! M K]

o = = 2T G o2y TR NT AR o o Hp R W)
= o oy Nr .8 g oF 1% 0 = do | %o T Hp oS0 MH i =n <
TR dom_ﬂ@d\ﬁcl_]%o ﬂa%j.éaﬂ lnxnuJIMo k__ooiu,A aa wl
ﬂ%ﬂuua_EoM%iaT7o#no_eﬁ«taozz] o 20 oy B WO g
TR p DR ez e B e I I
o B o B T po W N5 ) o)) = X 0 MoKl Y
%%W%Mw@wEMMQKM@_ﬂn%% wm_:uﬂfmr%ﬂﬁghzf

i el . —_ o AR
ﬂl.oTﬂrlo xﬁ@omﬂotmr_%;ﬁoa@owﬂrlﬂozmq ﬂuuTNi‘_m}rﬂEmﬁWTﬂeE
MAdlduMdﬁqni%ioL]ﬂAlEonmaomIEE o o 7L1oAEmﬂ;1mﬂ
By PTeaFTR o DA I T S O S
o me o) BE X9 I o = o N g
M_.ﬁ),_@utwrﬁor%muﬂﬂoﬁu%;ouT;u ™ o N A — =T 2
B Mg X o g om T TR o PN RS
B R T e S 7 70 Mo o o o R o
S — fon oo B | 10 cal=o m
B ST RS RN DD o < = o KK e B =
mﬂﬁ.mﬁoEE@ﬁei%ﬂﬂwﬂeﬂMEHT i) Hﬂo@iﬂﬁoﬁﬂaﬁuﬂ
T g ENT L EETE B PE SN LS
ﬂ%.ﬁo..mM mrLM\n/&oHo.lqu_ﬁto]th ll JlﬂmﬂmMmﬂUr:l s
H EEME e SR 2 TR L A . TR
T EPC e EE e X T s T E T . md Fam oo
TROoOWH W T M FE T MR D o T OB ap) e NTTR®RFRNDT
ﬂwﬂaaﬁﬂmﬂ%mmb @WW%H%QOT%&TU H%%m%lww%@ﬂ
o T o o o s S N R TR > o .~
TorpfEEf 9T Ea Ry T Mgz BREe o0t
T2 [ AW o = R Mo oy ™o o ow W0 ;%9@”% - T g o5 o
Juﬁﬁ%ﬂﬂdrﬂmwwx TR AT s KR T = ﬂosulEM%E_o
[ TR <R MeeTNag s 55 TERH = 0
> R o b @A R . ) [y T o bil= o o g oo W omo Xy o By
Hoﬁimﬂé = 5 5 ™ o _s_n_suut%Auw 5 L W B o 8 do T
5o dﬂ1%&«WeY o C S A ﬁ?%%mfﬁobtaowiﬂrwﬂ.mﬁﬁw
— [E .~ 0 ~ — =0 X N <
CTALLTE B Ewammﬂmkwﬂ%D%mrwnfﬁﬂmmﬂw
i . b =0 o X o o %o X o ] &3
s T  ESS Pasd pme 2B o285
uﬂﬂﬂ%ﬂﬂmﬂﬂx&d 41&0.gafﬁe@.%w&o%E%od._jmhuwmﬂvl &
%%ﬂﬂoﬂoﬂe]ﬂr%d @Ww@mrﬂr,ﬂo_e%ﬂﬂWﬂﬁwTEE%mEi%ﬂ
N = o — o) ) _— — -

w2l L Egh o3 ﬂ%ﬂwxLﬂ.ﬂaoﬂzﬂemxO%Hfa_.mMﬂEE
S B B - Do T B i Rl I = I N B i
ﬂfrﬂ@m?ﬂﬂ.@mm.ﬂg%ﬂo%?wﬂ%ﬂﬂ%&ﬂuﬂHﬂar.,%mﬂmm
TRE S NN R T PR e N s g TR
FURD LT EGRSTUT =g @2 o dEFRw B MRS
B T L A BT m e A TR g0 T B oy woog o
Wodom " WH I g CRWHBR P PFRETERT YT ©Ep R
TR AT HH EE OFEWUEBRETITET OBRPTESH NP

3L
=

2R
=g

EME

O
g

P REsE A5 Ao]2

o]

A% 7% AR 2

1.

spA, A

o

g,
%43

43} 7hAdel

}

o
hid

oA el Ay o] YERA] ekttt

% 9

SEEE B

=)
pUlE]

2

L

L

a}

o



156

a=

el 714 E77] E(classifier pool)oll A A&
TOo® I HE o] ANHE MdElste] o
S A AdE e (Selective bagging)
HoF 7]1,] HH7

S R

ox Mt b4 oft o
oy =z

b = [ o

rlo %

X >

o= oif

) fo
K

Eﬁ =

o

ne

S

A,

2

N,

o

)

o

fetl

oS

Ny ok
ox
oX
&
R
2
fitl
vl
i
e

L
i 4o
:C‘ﬂ:l“
=
N,
O
L
m
>4
m
Y
3
e mf

of
:?1;
Z,
=
o,
=
o,
vl
fetl
hut
_‘J ”
0>~
o
rio
Lot
oy
=
o

oy @
o o
I
Ry
i of
1>
x 2
o lo,
Ru-1)
(0
ot o
=
lo,
=
il
4o

oy
g
= q
o

=
o

!
AZE Feje] st dolHE Kl utb

s AAskaL o]F K A= thE g 1
oJHE o] &3l tde] EAldke A= tE V1A
=i71E A HH, ol A ER7IES &
g o «loH AifstA ek ol HEA
o] ¢ N'& N3t e =712 &fo] uj

A

_Il-ﬂi O oft 1o I
H To
oL
i, 1o

4

LI RARRAISS
B e Eﬁé% T/3sHAl "tk

Aol ARMEE MEE Feje] wid Wy
232l A3} w7 (RBagging)> 714 #5/71<]
e AFE Eol7] f8 N9 A7]8 No=
agate] FEAER MERS dhe Alo] of L,
dHstAl 2718 AAste Aotk ol & W
How wWrh o thddt Feje] sk dlolErt A
BEA HH, o5 ol&ste] VA EF7IE A
atm AgtslA "ol o= 71E dEAC wjd Hb
AEh g A7 =& 714 BR71E LA
4 A0R 7gEY, ol YEE RPY 7|2 A
2 Bxote dAete waelgta & 4 vk o
gh AHEA REAER AFe] A7]E AASH
o] N'¢] gto] HEAQl wid wArt o 22
s ZHA HoR gy dloly A Av]E dntk
AR AnkE oz Zopx] A & ot} o= <l
3 7z} 714 ER719 E Aae vebd Aow

m:

Randomize(Bootstrap s

mple
Original i
Training Bootstrap Classifier Selected ina
Data Samples Pool Classifiers Output
J
Ran Train e .
wi

Model

{Figure 1) The Overall Process of the Proposed Model

o gy, o]& 1B&alr] 913t RBagging® 4
9l RBagging(p)28% At ol5<] A
o] nlulste] Kottt
RBagging ®8o] #dsA N9 z27|E ZA
sk, ofel uwhal AT tho] E<y to]H
A BAAZ BE VA 2HRIES SES] T
4 842 AHgele 27 23, RBagging(p) &2
9] 79 RBagging Wao=2 FA4H 7|4 &7/
EA dFE 7IFoE 9] p%el Ae 714
F71ES Adste] WA HES 8= A
ol wjZ(selective bagging) E&olzlx &
oAtk E =ell A A|SHeE 23 <1 RBagging ¥
RBagging(p)9] W4l dx}= <Figure 1>l
vhel olom A W82 ok 2t

=g
=
=

oL

2,

ﬂl

J

N

4 2 Mo

re

197 : doly 24 2 93
) dlole] Fv]
AA] HolE S 358 BloESKT) 7

R A

58. cﬂ o]

(V)& et 858 volHe oAl 28
S A dolH(Tysh A4 wjdel A o= A
S HwE s7]9ls) AHER HolE(Ty) = &7
gt}

" K, S p(%)
FAQ seEHEE EE
# AEe] A7|(S)7F e
o5 UntH o Ag Aol mAgste] HAgtt
ol REoA FEAEY AZ] A7) ¢
gk ol o] Av|ef ZA 1Azl FEAER
AEGE Aaggie} AT 2 =l A Algker =
&

el ARt wjd ByPeA e FEXEF &
A71E8 AHsHA WA 7h FEAEF WEY
S zlegeic}



ol Ackd A w7 2o
R EERSE R R
2]

dl 7)5=0] ") & 7)A EH7

Mo

~
=
oY,

b
ol
o
-

b Aol A A4
s A,

2°A - A4
B =wolA Ak = FEje] A-st v

S’ = a+int(Rand(Size(T)-a))
G=1, -, K 1)

o714 Size(T))E 355 Sl AHES dlolH
Ti9 2715 9, av= 23 755 98] 48
gt 4 dlo]y & 9ustt} Rand(Size(Ti)-a)
= 0% (Size(Ty-a) Atele] 5 dHsHA 24
Al7IH, intOE AGsHA B 5 A5 W
3 F= FE et aejae, 99 A (DS
3l [a, (Size(T))] Afele] A2& FEXER HE
A7 AREA EH, o]F F3 GFEY 271
K9 M= o2 REXEN AZ 37|17} A4 H
Al Hr.

39 : REAEY UEY
T’; = bootstrap sample(Size(S’})) from T,

Gi=1-,K )
gh58 dlolEdlA 271 SiQl HolHE H95
= WAl ofs) A"t dEste] Aj2e FES

A% A} o5 157

o A7 AR o Koo &
EZES AE 7 (T, T, -, Txlol A4€ch

ojx Al BAE s HlolHE o] &8 &
& SEA1A KAe 714 2771 & (G, -,
Cus A Ao

C:i = classifier(T) G =1, -+, K) (3)

Accuracy(C;) =

64 : "1@41* e -TL’%?

Accuracy(C)E WH A< 443 T 49
p(%)A 714 rvﬂ% ’d‘ﬂio}oi AeA e
T3 g,

T2A By AF

AelE 7710 A58 dlolg VE 4831
A e T § - T Aol o8 TF

dMe v4d F% Waoz Ay

3!

o

(o]

0, -
= @ =
°© o ooN i B
oogt O Mo oft o

<o}
(=)
(e}
=
L
—Ll

oX,
i
>

>«
B
=
H:T
A
O
12
=
X
-
(e
12

>~
>
o



158 Sung-Hwan Min

tlo Lot M\ mx O
oo o0 T
B to r|r

SR e
il
o

ol
ol
8

=2 v
validation) WHoZ H¥& 3}9,114. 1 c], A3
W73 2o AE mEel AL zkzhe] glolH

-
HlA 108 wEstel YL slo

9] Bt Atste] distgiow ARgslth 7t
zre] s Bl 714 E771¢ F = 100
o7 uAgste] AFE FHsTh # AFA =
e BFY 7A BR7IE gAEAA - (De-
cision Tree : DT)¢t k &4 ©]%(k Nearest
Neighbor : KNN)& AR&3}3ith

(Table 1 Input Variables

Category Description

EBITDA to Sales

Financial Expenses to Sales

Financial Expenses to Debt

Profitability -
Ordinary Income to Sales

Net Income to Capital

Ordinary Income to Capital

Fixed Asset to Owner’s Equity

Debt Ratio

(Capital Surplus+Retained Earnings-

SEDIY | pyividend)/ Total Assets

Borrowings to EBITDA

Cash Ratio

Growth | Coefficient of Variation of Sales

Cash Flow |Cash Flow after Interest Payment to Sales

Activity |Sales to Net Change in Working Capital

7199 § %
/xéy A(-)]?é]—/\éy 3}
131709 A0
o] Fo|A A4 (independent—-samples
t-test)S AAIS}S p-value 7o) 0.06KT & WS
= At YR HeE didem [zl duy

Mo offf
il
jinss
i)
SR -
F
o
b
fetl
>
oo
_O|L
2
o
=

&
S
e
—t
X
™

(forward selection)S ©]-&3F ZA| 28 374
S ol g3to] FHF WH4E MAASY ey 1 Ade
<Table 1> ¢} 2t}

ol r}n‘,
i
Mo
=
>
rir
2
o,
Ol
3u!
oflt
Lo
o
r o)
i
i,

(o3
0,
ol
M
_l_u
tjo
>
k1
ol
ol
2
v}
o
i
o o »
2
o2
ox

b
A

MEoHow
fo o

a1 ot
lo,
o,
i)
=2
Mgy M
RO opoh ogh L

N
il
o
o,
2

ME M of
B
N
EY
Hr
Hu
~
)
L
o
0%
Y
N
4
1
o
=
=

Co, Cy7} vk
1070} Atgloll tigk el Z3ke] C) = (1,

1,1,1,0,0,C =(1,1,1,1,1,1,1, 1, 0, 0),
C3=(1,1,1,1,1,1,1,0, 0, 0)ol &} st A A
e (1,1,1,1,1, 1,1, 1, 1, Del=ka 74 kAL
oluf Cy, Cy, C3Y dl&E2 2+ 80%, 80%, 70%
oW 714 & 7124 &S TEAol stk
B 7 gtk dE 77 ColA FA £/

AtElE 15 SHWH Atelo] L QFEFe AldlE
o

WA, 109 AR BRI Cosh e A
o % ek olsh ol tiapgel A9l gl o5

o 91e] elst the Felel olF Anghe
Aﬂ Ao BHCo= (1, L1111 L0,
=(1,1,1,1,0,00, 1,1, 1), Cs = (0,0,

, 1,1, 1, D7F dekaL skak ol ¢, C,
C,l oﬂ%%% 747} 0%, T0%, 60%2 ko] 73-



189

Pair of Classifiers

(Table 2> The Table of the Relationship between a
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Single Bagging(All) Best(Bagging(p)) Rbagging (All) Best(RBagging(p))
DT 65.68 71.95 72.27 73.35 73.35
KNN 66.49 66.27 67.38 69.84 69.97
(Table 4 t-test(p-Value)(Base Classifier : DT)
DT Bagging(All) Best(Bagging(p)) RBagging(All) Best(RBagging(p))
Single 0.000 0.000 0.000 0.000
Bagging(All) 0.140 0.018 0.018
Best(Bagging(p)) 0.045 0.045
RBagging(All) B
(Table 5) t-test(p-Value)(Base Classifier : KNN)
KNN Bagging(All) Best(Bagging(p)) RBagging(All) Best(RBagging(p))
Single 0.000 0.008 0.000 0.000
Bagging(All) 0.002 0.000 0.000
Best(Bagging(p)) 0.000 0.000
RBagging(All) 0614
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