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Study on Insolvency of Government Policy Loans for

the Small Enterprises in Marine Equipment Industries

Choe, Mi Na

Department of Marine Finance

Graduate School of Korea Maritime and Ocean University

Abstract

Insolvency of enterprises not only causes serious damages to the management
of enterprises as well as the stakeholders such as investors, subcontractors or
clients but also incurs significant losses to overall national economy. Since the
number of small businesses, in particular, accounted for a significantly high
portion, over 85% of the entire enterprises across the country, it is necessary to

predict any potential crisis of enterprises in advance and prepare for that.

Even if studies on prediction for insolvency of enterprises have been
performed for long time in both home and abroad, the empirical studies on
insolvency of enterprises have not been performed actively due to either a lack
of interests or hardships in relevant data collection. However, the small
enterprises are the critical economic entity in which creates employment,
activates local economy and contributes to a development of national economy.
In addition, the government has supported the business categories that are



sensitive on economic tendency during the period of economic recession with
much more budget, accordingly, in these contexts, a study on the small
enterprises that are playing in the marine equipment industries, which is one of
government supported categories, is absolutely required. Therefore, this study
aims to empirically analyze the factors that affect an insolvency of small
enterprises in order for making a contribution to an improvement in the credit
evaluation and insolvency management institutions of government policy loans for

the small enterprises.

For empirical analysis, information about the enterprises that received a
government policy loan for the small enterprises were collected from the Agency
for Traditional Market Administration in order to constitute samples. Afterwards,
collected data were analyzed using a logistic regression analysis and a random
forest that is one of machine learning techniques.

In the results of this study, a high prediction result was observed in a logistic
regression model. In other words, the model conducted an experiment with
combination of financial and non-financial factors exhibited a higher prediction
probability than the models that conducted experiments with financial factors or
non-financial factors alone. Based on that, it was possible to confirm a need for
development of non-financial factors. On the other hand, it is suggested that the
model with poor prediction results needs to collect more detail information about

the small enterprises and refine the credit evaluation model more elaborately.

KEY WORDS : small enterprise; Government policy loans; prediction for insolvency;

logistic regression; random forest
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32 R4 HYAT

Ao Zo] o3t AAAQJ A7+ Beaver(1966)o] ols] AlFEHSAT
Beaver= 1954 H-E 1964d7}A 2] 7|9S ZASEA 3ARA] 2F Eol

d, By, AT Wigs AT, 34t Sl sidets 19719 &

A7143 45 2 AR FAREE 79709 BARTIE S eAA BE
o2 MAsA :13]57_ 29I EAN Y oldBFAA S At AT
&9 7|g74d 558 BUeAT) GdHFEA RS 719
HiHE A 53et7] Y8l st AFRIES AMESIERE FA A SHSTE
A ZE & At YUY FAZ o SH AFHE e AARAE &
T AL o= AR dgFeYS VMR AeA &) "€ = AA

H AFREo et AS5AAE @2td F Adoe A Ao
G ERls 1Eshs G FEA Y A Had 5 s v
gk B4 (Multiple Discriminant AnalysisMDA)-& ol 2] W45 719 B
5 FA aEst 278 o] HEY AolE EAse WHeltt
Altman(1968)2 7149 FAd S AFo 2 zgadZAryHes &8
3t FAdES A 0433 Mol AFRlE F 7HE FFHo] & A
FHlE S7E Addste] BAES A58 5 e Z-ScoreRH S LA
< 347

oh & 1946394 19561 Aolel] 34k A S 7 337 7
o mROE MAARYL o AAEH AFol
ARG AA7Y 33E AP FEHOoE MAFYT 1

YA ZIFALL, SAARIFAL, G0l FAN, A AR A

7) Beaver, W. H., 1966. Financial Ratios as Predictors of Failure, Journal of
Account ing Research, pp.71-111.



FRA, EYFADE BAAFE AR t
Q. e BEAe H8Y Wre AR HAEo] ¢
1

o
o7t ZA BT TpsAo

>

T &

(logit analysis)<

["

AEEA Y] FAHFS SH8H7] #18l Ohlson(1980)2 ZAE4
A7 oS E&s9. 1= 197038 £ H 1976
[e)

=]
n
de] 7 F gAE AT A Axd 1057 F FA7HY

o

AR AASRAT. 2 A, AQY FE, LAAR/FAY, F
A/ EAL, FUBFAFTEE/FRA SOl #dF IFL F:
Ae & & A 2ARFe MWW AFREsy Pgw ¢ B
MR o] B0l BriE AN 2L aTHA gom MY
MEEe] JFYL AR MuY 5 YT EHFEL T 5 oD
A2jo] ke oldel 9

a7 | dTuE AdTEE A| 3% =714
D7) E, AR A AR & AR ol
Y RZZEE S AEN L, FEH L, T
AN | YA F= | 20099~2014F  F] &, A7) AE 0] o B, A 40 o &, o) A 7HChA S E B A,
A | Z19el R= | FAVIG:227) & iEdddeld E MEdAdeldE FENEY| 2A~
2015 | d& 2 AL | AA7I9:227 e E ol ARG & AV AL NS /B AFE A SR
& AT ARSI, T ARSTE N E A ST T
ARFAEE fE Z]‘*]’E A& &, T &

A7 AR & 5 &, B & A F o 2=, )
gy |TENEERE g T A EARA S B A R0
e | O1BR | ay B EARAN B N EN Ao E TS
e bsle | TEZIELE1TA Zo) g Z 9718 P 2ARY
oorny | VI | e oy [T E I Ol AL & FA 2 &

dawy | T AR BRI G ADET S

37 0l BT FAREAL L BAHA &

8) Altman E. 1.,1968. Financial Ratios, Discriminant Analysis and the Prediction
Corporate Bankruptcy, Journal of Finance Vol.23, pp.589-609.
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AN AEIF AN, FALFT AT, AN &Y A

o
£9d wE s 19983 9] ROAROE, @ 2223 o) X 2/ Y F 217 o 57
TR ERge)|  Rargi16 | D . ZA8H
(2011) ) =, A AR R G S AY /T YA T
BH AT AU T
T a
AN EEALEEF I AL ET & F ALY
F7HE M EAF7HE), T A H E(FAEIH 1Y
A7) &, EL7HE 5 207D, AR 28] (-5 1 &,
Age | °° 1] AR ] & ECF n CFuj) &2
T laaznae| womaonea o EAEEESCRATAN & SCEH A
343} M) & ZCPo) vl & < v] &, 1] &, o) 230 /v &
B3 AF 1.2 7] 310 ’ ’ ’ chagizhazy
AEF T o TH & S AAE/E=ARE L, oio_g/ix}u.u]% Teow =
cowy | IAETEEL AN oy o) 20 e 3 A n 0 0 2 w0
= Q=R Gro E‘,TL‘
FAo2-
N RS SRR A& A AR Lg,al
A A&, T A A&, v E A 1 E] &)
?JZH‘FEI &)
gy |THEEEEAM
DA7THE ol8st
by 2 J‘ﬁ:}ﬁz 2008 A LAANZHE AT AR SIS, A & f )
= A Tt m;ac:ﬂi FA719:337 & AT EE, AV AR TG &, v S = o] of| thHghEEA
— T = . = =3 5
AAE | ey gy SIS A
(2009)
AT
A7 AR B] &, o) A RG] &, 751 &, F A2 7 g o
FREpop 199843-20001 H}_lgl} 1 &, 598,34 O?Pl
494 Q) &, v E 73 o] 9] &, F A3 A &, LA A4S A
(2002) FRASEEA) R299 72 7 4 & RevPar, ™ 7 "*‘ﬁl'ﬂxle-‘iltﬂ A
B A7 247970 &, 7 & .Rev HEaw,a N aawE A
4
dHE
789 =l 2 Al 19983~2001  EAAA A S oA R TS, 2214 Qo] Q)
=4 = %jg]_‘?‘_/ia]l?_kl gul - [ e E, Al i o Hl =, QAN ﬁ]:]-aob‘tg‘ﬂ4
VIA | oy mmage | T2 BN E RGN A EIARAARET
@02 |~ ;‘; A371H:2270 | & AN &, A A, YU A= o
= OJ o =] Z] = o Hl K zt‘ H
7E ] igngaggpg [© A RIRITRAAKSIE FER S AT oy
s PRAEERE 8 152 oA A s JETA
SN I I e X LE B E °,uﬂgzﬁw§4x471 Foaleg " "
(1999) 27471946570 12 2 2R RA

>
2

i
o
2
>
ot
ofo
[
kl

m (¢3
gt
o
et

dasiA HHA HAAe FASHH 7Y
d(Machine Learning)d] 8%

ERE

R RE
FEL A5 & At

o
7} 2

ohF

et

s Ve



MEsts Yol HireH e AA"E dagFs o #uolgHo ©@xl
ARE Fstd 459 Add F8&3F HF-E AGHCRE st 2
29 =390 wagYe WEzte) BA e ARA A4e aTs
A gkom Foizl duelF BL ol8ste] HoEE et L 2
= T Utk ol% olHERE Ut HAHY S &8t tEAAHAY
AGEE Adst= A7 S7Fea ok dnk 2 E0] &5, 567
e, AAlof 5 AFAQD Mo o3 A8Hrt RdS A gk v
|, A2 WEA /e WdolHE Feste] £ Ao WrE AR
sta HAo Bt =g HEAt
[ 10] HAI Y S o] &3 APAF
ATA | AFUE AR A % 471
o) F 3 Sl 2009d~2018d, HH AN ESF, FEMEN A5
3-2018%, (A E5F FEAMEY JFERE
sag | TEFE AN o B aAAT AR T A A
I L 1 e N (FEEA)
QOI8) | e gz | EE7IREISI0ON FAPTS AAHE AT %
o] Hrfo] =, 9] A
E57, g ol te] Al &, 7] BAHE N &, Ak AU SVMKH
133, uwaw 7] soor oz OB AN & AT & A1 Tl 2ol 2A 2
EYE | AFe U | L ESANTHERASRA S F ALl 2784
1 57), 7&:& dz 2 g 21 2% )& Qs gRdn &, EA40N ER2AGTY2E
ol S | IBAE A5 A - FU & A EARAN S0 A IS AER2Y
(2018) Hl& o) ~ET 78lT] A
ER g
20154 ;rzH H) & xw:-m EE, :E: %,%‘o%:l
RN 4ﬂ1ﬂl°lxui H) & v &9 g 0] ) &,
ANE | BAdzRYe %-ﬁE S mEAeo B, Aol B, AV chAgREEA,
z|5F E]+ SE
(2016) 29 wm CorE S x}%:oua.og EErA R E R AR
A2718:1270 ,
_x?j]ﬂﬁgﬂ] CQO]Q]Z7}E%7]T/L\‘O]Q}%7]'%,Z
o W"ﬂ% FATHAL
o|5d, | ooy B &, A0 &, E R F o B, o) A
Agu, | NS S8 20049, (B &, EARA | EMEAFY A 2ARAR
olgg | mesIde | RANY 9 [o] )&, F AN A&, FAAEI R F (SOM)
(015) | HA8 53 24 S e e e LIE2
%2 | SYME ol &3 B9z pALEMITNEARFDANLE Al E SYM AT,
AGA | 243 2| AErE AR QI 2 E LA AR A AP AR O
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27471%4:500071

o] 2] 457 2} 71 2, v 2k Al ) ) 8
EECEE P BN DEPNY

F471%4:1037H

=0y S SN HAAFIMNLEAFH A RS _
(2007) =2y 497191500071 AUHE;,JJ T-37H‘_é ‘r‘oo IR EEEER
T3ML A Y o)A s 3] L A 2 o W
SIHE, FERUTHEES
B - o 7] ¢ =,
WA, | RS | 0002000, SARFAZESARETE AERA TITIETON
ARG | SR ol BR | BAAA0D) AL AT AR g I AR S
Qo) | el A | AT gzl e 2 e g aes g e | ;%ﬁ%};
QA F21 7 -3}
Support Vector | 199913~2002, = gon) ) v 29 29 2=0] ©) & 0] A}
- Machine 2] =] vzt N
o] gtk BAH & T AR A o] o &, =& A A
Qoo | IEREAS L BRSWNG L e e e Ry O RSYM
i , A =
Astulm-Support | AAIse |0 T
T i EAN P A S, BT EENENA
Vector Machinee] | =a7]eqos87y [ heAdSAE, Rl
FEe FHOoE-
A= =o) = =519 = NE
} 19953~19973, [WE N, FAS7HE, FTAEA Fol 9 &,
Az o] g% FA7Y 7 Az TR AT S o, FERA 2R}
= A - hl i) T
ol | REelZal gofA | S pe e R A e e ANN,CBR,MDA
2000 A719:1037  [(ZF7) AL H] &, 0] 2F A F FCF/ 588l &, 9]
R
O
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41 939 Y 2ERandom Forest)

HAl# Y (Machine learning)”1¥ = 3kl x
forest)= o AFA A U (decision tree) 7]14Fe] UAHE m o)t} AabE o]
g HARFERT O F2 AFHTS 471 A8l v g s
&35t 7ot dY ZH2Es= 4 JARAUTERE 42 ¢e ¥
o ol IARTASFAY -2
o] &g + JUtt. W;MT Ei‘ﬂéE—‘:— 2001 #l 2 Hgolv(Leo Breiman)9]
AFoA Hgor = low,  Jolxt A3 (Randomized node
optimization)®} ®i 7 (Bagging) ©. 2 o] A2 A F-(decision tree)e] A A
S Bag 7PHolth gARAE U (decision tree)e oAFEA 3
FTEE Uehdo] dfo] o]tk Aol oy Ay gheo] WF
o] Atke dAE A Stk FAHCIEHE AAA 4
A5 HF(bias)zt FE4Hvariance)e] AA I EZS AEAHAYFE
ol I Hoverfitting)=A17F B2 4 i, FPAAe e 77F LA

o)

al
w TAE 77 AuEE B4V AT

2 M
Rt o e O

ol
-

Az 2~EE 1) 7)(bagging)# 2)o)==3 2 sKRandomized node optimization)
o] 2 A(randomness)ol]l o8] B3 QAR UYEEo] WHEO XA

A Hi BYPE 1o FABAAHES FFO0EHN e FHANE 7 Uk

vl ZJ(bagging)  bootstrap  aggregating?] EY@oln HEXIEH
(bootstrap)H2] 0.2 FZ3+ THHOEHEZRE RE =
H st Zt dHolgrt SRS e § AFZAHE =St S5t



AWE HAZ —% Tt ot HlolEEE AEAEUTe 4 k=
(node)oll A £& 3h<=(split function)oll ojsf E&=w z} »-twojc} 2
AZ & A\g7t AdEHY 2gdEn. 4 £ ple] dSHsE EF
aEEtE wEoll YFEo] fARSte @ mdd HlE) #4ks A &
o| A ZetANE Zt Z&ollA FALE AEH pHEu A2 mife S
FE AHgste YRS A#A(correlation) S =Y & Ak §AF W
T2 ARHA A 7] A3 mPez EFAAE m=+p, IANA

= m=§% gulA o 27 Apgsth T o AFA AL}

dutsl s FEAIIH.



greol AAF wE B i dvhg sqseAE Atei
o}

@ 5 ook a3 Wse] FAEES AEs] o3 g HAs
A e o@ J5e AATAS AT 5+ ok BY TIH2EE WS

Z ol E & st Ex3d A 7Hdo] gl7] Wil Tl

dad TR WM5E 0 5 doks ool

C Training Data )

Bootstrap
Sample data 1

Bootstrap
Sample data 2

Bootstrap
. Sample data B

/% J N
/ \
y \ ¥

Decision Tree, Decision Tree, see Decision Treeg

Majority Voting

( Final Decision )

[28 4] 9d g ~E(Random Forest)e] =%
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Ay TH2E &3ElF (Random forest algorithm)?

o]

O Fddele L={(z,y),i=1,n}& Btk A7A z&

t muusolth dYWSE prle HYsE, o, =

I8
52

Z
)

PN
T
’

o

o]
H

[
v
E

= (z;
= 1A mle WsE AE JEusddeltt (m < p)
) L2XRE B FE2EZ HolE L, Ly WHET
Q) L[, ol&stq Cr)g AR} &, Clr)E ART w v F=csrich g
2 LA I 1,5 e AEANEE YT
@ b=1,,Bel t3te] A 39 HFHL w2 Fah g},
of

G) BAY EF718 2FAA HAzd=2ny flr)s WED
A s BEHA ) deas wE ol

A B
f(x) =argmaz; Z ,j=1,,J

42 2A 2 39 &4 (Logistic Regression)10)

2228 3] EA(Logistic Regression) %A 8kzF¢l D.R.Cox7} 1958
doll A4 ‘ﬂo“ﬁﬂi Mg mEll 24 sk o] 4 9] %%
1

A28 YARHE SPASe] S4ol gep AUAY 2A 2 F9

o

3}

LA Fa

At

9 A, AAF, =FE, 2016, FolErtold. FIIEFARGLED
10) o]¥%, 2012. AF=AMYHE, A= A3F A0 Fo
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A 28 3] 7 =3 (logistic regression model)o] 2t



o] e = Utk

pily;=1) )_ﬂ"‘ﬂ + Boxyy 4+ (D
1—p;(y; =1) 0 M1t T PaLip mTim

log,

o ﬁo + 611: (2)

Tdzz xdstd offol 2 x4 FHolH olF 2A

©
"

ZX2Y 3IARYY Ag:s = FHHMLM:Method of Maximum
Likelihood)< o] &3t & = g<=(likelihood function)S Hd =
st 3 AATE 7Y F AT 8a 2A2E IARYY AdEs
$-=H] 74 (ikelihood ratio test), FAFAA A4 (Pseudo - r?»), AT E

(hit-ratio= AAFT 4 Yt}

o

zy
rC
o
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43 FI7IAE

2 dFdA = EFEEe dsS Fristr] fs 29 e £53E
(Confusion Matrix)®2 A2t B7IAFZZE A5 (Accuracy)$t AA
& (Recall)S A3} T

[ 11] Confusion Matrix11)

Positive Negative

Positive True Positive(TP) | False Positive(FP)

Negative | False Negative(FN) | True Negative(TN)

lN-

7t mdol o4& AxREe &5y d(Confusion Matri)+x=2 EJE -
Atk ol FHole= Wl 7HA BFIF e 2 A5 S e 4
S AA S YEd. True Positive:= AAl &3 o= Fo] BEF
positiveZ o] &3 A& °]u|3tal False Negativer= A A k-2 Positive©]
A9t NegativeZ o =3k 718 on|dtt}. 18] a1 False Positives= A 3k
<& Negativex| 9k o] = ZkS Positive¢l Z-& ¢Jn|sla True Negative:=
AA I A= Zho] =5 Negative?l A& o|n] i}

A% (Accuracy)= A dHlo]EH A PositiveE Positive= o S3FaL
NegativeE Negative2 ZA| A& AI}E ©d vl &olth B AFolA
= AA 04]57534 ToA FA7|IHdS FAVIHder 2 5% S A
B71de AB7IFeE gA A53 Ae G HleS YERIT

11) Davis, J. & Goadrich, M., 2006. The relationship between Precision-Recall and ROC curves,
In Proceedings of the 23rd international conference on Machine learning, pp.233-240.
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) _ TP+ TN 3)
CeUracy = Trp Y FP+ FN+ TN

A'd & (Recall) > 17 E(sensitivity) 2t = 3t A Positivez ol A
A=R

Positive= SA| oS3 A 9] Hl&olH. AFoAM = AA FE7H =

oA FAZIFOoR BA oS¢ HlE&S YERATH
TP
= - 4
fecall = p T TN v
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7) AE3EA3 o A8 EALS A3 o

B A, 2UFE, EA =3 S AFE /19 ALHA Igol 2ag o)
9) Wrldel HEAAALZGA 2P, AA/Le FEZIAAARGA =
ol thatel ) A3E WA ATES] Af7E WA} o= st Bele] A

SAE7E A 3] <otstd o)

10) A3z WA ABE Fst= A= ASZE7E A ofsbd Zlo] ARAo
2 gdd

1D A 5ol st} 1 9] Z[EpAbr2 AdEel dATE f1de] o332 o

5.2 W A3

B Ao o] & E = HEeE AT AARTAA7Fe AFH AR
9} HIAEZ AR = J|gRazl ARAHE Ho|= ol ATEL HEE A
A3l AT

[ 12] B4 ALgH W
AT M A
Sales v = —“.
SalesbyWK 105 S A SN/ FAIZZ2AL 7+
Loan2Debt l'?—iH hH] &4 F
Debt F5A
NetProfit F7]1<4=0] 9]
OpProfit BHol
Asset F A4t
ROE ROE(Z 7] <=0] o} /A E-ZFA))
Interest O] AL B &(F H o] & /o] AHH] ])
Debtratio BB E(FAN FA A FA)
Receivable S A A E(ESH/FH Ao =AH)
Inventory A D A4S 7 () & B /38 A LA
AssetTurnover | FAHiFS] A (0] & /F2}4H)
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A5 A
< =
T

LoanF2 | 2564 ti& o

Worker | A2 &

CB(Credit Bureaw®d < : Al-823| 3| Al A Al&3t= 7NJAA 845
NI ESA R, MARSHEZ, 714K, AAZE, AL&AHN
AR, AEAR7|H AFE)PAHR, F=A S Bd AN~
AR 5o TFHHEP)

CBrate |CB&# : MAANEHTE S5 A
SOHOAHCBHG+7193 ) « Al g=3]3| Al A Algshe 7194884
ArFAAN 8, A EFAHR(2Y, H28 tEANAFR), AA %
A8 AAAHRGIEEFAR), 7EAFAHR, F218H R
A2 HH 5o THAF)

SOHOrate | SOHOS & : SOHOH+E 5333 7

CB

-—

(

A

SOHO

1=
Busi | ARIAHE ST AN A SE S B )

Busirate | A4 eH : AYAEHIMRFE SF3 & A

Firmrate | 719% 753 : SOHOS =

Life o

AP Z g ~ERandom Forest)2} =X 2E 3] (Logistic Regression) 3
&3t A5E EAsIR o WY FA o 44 kA 2

o] 43S AASAT Model 1& AF2 A&7 HHg3E Aoln

oE}‘%;]O]‘—’4(OpProﬁt), g7 1%:@]‘—’—‘,(NetProﬁt), & (Sales), FAMFES|ZE(Asset Turnover),
)] &(Debtratio)o] ™ BIAF-Z WHaE 57FA= AT HS4(SOHO), CBHE <
(CB), & (Life), At A ABus), AAZE2A ~(Worker)o] ot
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5.3.1 Random Forest =& 2] H7}

[E 13] Random Forest =3¢ o= ZAx}

Actual Recall
Random Forest Accuracy -
HAHO) | BA(T) (Sensitivity)

F4(0) 34 12

Model 1 | Predicted 63.2% 14.3%
2A(1) 9 2
HMa0) | 42 13

Model 2 | Predicted 75.4% 71%
2A(T) 1 1
HAHO 39 11

Model 3 | Predicted E1; A 3 73.7% 21.4%

¢ ¥+ Random Forestol] 2]3t d|ZZ3E Yepd Zolth $] EoA
02 AFd71dela 12 FA7YS ov gt

o

A WA AP A AFdolET HYs ‘Model 17 &2 oSS o
AAFRATY F FAVIHS 24 433 RecallAd &) 14.3%°] T
a3 AA AF F F BAVIAE AAVIHeE S FAVY
FA7IFe2 g o&F% ARE yd HEQd Acaracy(JEE)E

63.2%°] .

o

rl

T WA AFoA, HAFHolHY BEF3 ‘Model 2° B 53 S o
= Recal(A&&)o] 7.1%°]) 1 Accuracy(H & %)= 75.4%°| T},

Al ARZ AT olE et vA FdolEE 25 ¥ggt ‘Model 3° &2
=S uw Recall(A &)L 21.4%°]21 Accuracy(B %)= 73.7%°] th.



5.3.2 Logistic Regression =8¢ B7}

[& 14] Logistic Regression =& 2] o= 23}

- : Actual Recall
Logistic Regression Accuracy L
HAHO) | BA(1) (Sensitivity)
_ HAO) | 43 13
Model 1 | Predicted 77.2% 7.1%
BA(T) 0 1
. HAH0) | 40 12
Model 2 | Predicted 73.7% 14.3%
2H4(1) 3 2
. HA0) | 36 10
Model 3 | Predicted 0 e 4 70.2% 28.6%

$] ¥+ Logistic Regressionel] 2]3t oA AE yepd Zlojgh, A W
AR, AFdolE vk vka3 ‘Model 17 &2 =S uf FAV|PS
AE o F3 RecalAAE)S 7.1%°lt. 182 AA wlolE oA Hd7]
de AY7IHdeRm S5t FA7|Yde FAVIFeE g 453 A3
E ©3 H¥e2 Accuracy(H & =)= 77.2%°]t}.

4z

N

T HAZ, v AT olE Y ¥ 3d ‘Model 2° 2 =32 u] Recall
(AL 14.3%°) 2 Accuracy(H & =)= 73.7%°] T}

A WA Aol e nATHolEHE w5 urdd  ‘Model 3° o8
23S o Recall A& &) 28.6%°] 3 Accuracy(H =)= 70.2%0] o},
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AT Axe] vlste] v {3 WHol Qi) IRz FAZAE
Ao dare] T 4ol pAne] ANxde] B 93
A

& AAVD ABE 7G9S DHOR St FAdS A7E AASA

6.3 AFE4

AP Z g ~ERandom Forest)e} =X 2E 3] #(Logistic Regression)® 3
£ gstq AnE BHANen Agel PAA a4 S 2
S e A4S AASAT. Model 12 AF-Z MG AALFE Hb
3

& Zlola Model 2& HIAIFA W59 AALFE g d Zelnh g
3¢ Model 137 Model 2014 7b& 71 =7t =& 49 5719
WMol HALAHSE, I8T AAYSEE g Aotk AT

o
W 7 VY EEo® FYolOpProfit), F71eel(NetProfit), =<y
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Sales), EAMFE)A-&(AssetTumnover), F-#) 1] &-(Debtratio)o]| ™ B A F2 W4 5
7kAE 25 H(SOHO), CBH<=(CB), & (Life), AFAH<=Bus), F4
A 4(Worker)o| t}.

6.3.1 Random Forest =& ¢ 37}

[¥ 16] Random Forest 2 & 2] 9= Az}

Actual
Random Forest Accuracy Re.c<ja|.|
HAHO) | EA(1) (Sensitivity)
_ HM(0) | 42 8
Model 1 | Predicted 84.2% 42.9%
B2A(1) 1 9
. H40) | 42 4
Model 2 | Predicted 89.7% 71.4%
A1) 2 10
. HAHO) 42 9
Model 3 | Predicted 0 5 o 86.2% 57.1%

¢l ¥+ Random Forestel ¢|gt o|ZAAE Yehd
Bol dAY4E Wkg3 ‘Model 17 02 A ZFPE v Fa7|ges 374
2 g 33 Recall2 42.9%°]l3 AA71HS AA719L i
719e BAV|YPo g o =3 Accuracys 84.2%°|th. T WHAE, vA)F
dlolele} AAYsnt vEEE ‘Model 2° 2 o] =3k A3} Recall& 71.4%
o]1 Accuracys 89.7%°lth. Al HAZ vIAFHolH, AALTE EF
Htgste]  ‘Model 3° 22 o &3 A# Recall2 57.1%°]3L Accuracy&
86.2%°]th. A& o2 Random Forestoll A= ‘Model 2° 7} 7} # ol
qes EATH
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6.3.2 Logistic Regression 282 B7}

[ 17] Logistic Regression B3 2| o= 43}

. . Actual Recall
Logistic Regression Accuracy -
HAHO) | HA(1) (Sensitivity)
H¥0) | 39 2
Model 1  Predicted 89.5% 85.7%

Model 2 | Predicted 89.5% 71.4%

Model 3 | Predicted 93.0% 92.9%

?1 #E+ Logistic Regressionel] ¢t d&SZA3E YeERH Holth AT
olE| ¢} AAYFE w3 ‘Model 17 02 =3P S w FAVHS B
AR o =3 Recalle 85.7%°]1 A7 AAA7|Foz o=t F

A719S FA7IHQo g o =3 AccuracyE 89.5%°|th. 18] B A Fu)
o]El 9} AA YL WkE3 ‘Model 2° £ =3+ A3} RecallS 71.4%0]
I Accuracys= 89.5%°1th. 1E]al A F-HolE|, BIAFH oY, AALdTE
B Rkge ‘Model 3° o= o &3S W Recall 92.9%°]aL Accuracy
= 93%°1H 71 2 dSAAE YERTH

6.4 F-Aag Het

b

rlr o

3 AAES AAE 7|ge ARG A& HAse]
AMe dA 109 ARFEH Al 7Ider #eld Hedol dn &
ol AAAF 71 Fe oz AEEA3 A3} Logistic Regression
oA Accuracy 93%, Recall 92.9%2 JAdZo] 7}53sittsE AaE

Ql

o

f
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0>"
091, o
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[£ 19] #427]d9] 25 5H o8 EF

na7) 98] SOHOH 2=
A
0%~25% | 26%-50% | 51%~75% | 76%~100%
=138 gE
e 27 21 9 1 58
7= 21 20 9 1 51
(717t =0 =)
HF A H] 2~
(S 7 =0 2) 10 3 2 0 15
Azed o= 7 2 1 1 1
BB A B= 7 8 9 2 2%
=3 |
AGEd.THAE 11 13 8 1 33
=
ANeteFa o= 3 4 0 3 10
N g=
RF53k71A A ) 25 6 2 4 37
A= = 16 10 5 3 34
e} S 25 32 28 21 106
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e ] 7 2 3 2 14
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