ISSN 2288-4866 (Print)
ISSN 2288-4882 (Online)
http://www jiisonline org

J Intell Inform Syst 2017 September: 23(3): 139~153 http://dx doi.org/10,13088/jiis 2017 23 3,139

RNN(Recurrent Neural Network)= 0] ¢t
JHREUHS2HUN 2HHEe SH Bl M

A3z I Alglg

BHUTHSIm QUBicystel BIUTHSHI Usicsted SISt Zgcyst At
H|EL|A OIEME|ASHT} H|AL|A OIEHE|AStD} (minsooshin@hanyang. ac. kr)
(old kwon@gmail. com) (harry8256@naver.com)

7194e] B ol BARER okl ABllE AAAOR Z £4L o MekA AYRES
Qe Aol Qo] FAF AFFA F U2 A Yok )20 ATIHE RE )5S
4, AN, AZREA 5 0ot PHES o) §3el B9 BE o 3L Rol1 HAPY BAES
24 A=ST A F1Ee] AFEol A LaE TelskA ol WAT 5 Ut BAYES 2
o B HE oo Qold B4 BYS o] §7 AT B WYL A erow e}
2 olgsle) REAZSEY0] TS ANE A7} rhe AL FAT & Ytk

rlo

b 3o 1B
2 do O FlL o

olef] B AT A= RNN(Recurrent Neural Network)< ©]-83tc] AAE A F dolEle] 54 WslE wtgsh
2Ye BESOn 72 AR SRS HuEA S 53 B E d5ge] P Tgo] Hrte AL &
A 5 Itk BF ] §-84S AF8] 18] KIS Valued] AT HlolE S o] gato] MHS Faslgdy vln
RYPOTE thARIEEA, 2R, SVM, JAFANAES AAEGT AP A AkE 2ol Hlw Z¥o
Hgl -5 58S Hols A0 R Uelgth kA B A7 W] HslE 235 = $4 YL B s
el AFA AAst] FroS Ao e 71d 5 9le AoR y|iHTh
FA - e AT, T dF AAE 23
Y 20174 7™ 319 =25 20174 92 122 AIMEREY - 2017A 97 20
DR ¢ Y2 BUAR : MEls
1. M&E A% ATE FR3HA Q1ASkaL olof] #HEH ¢
F3 ATES ASKHoE Ffsih
7199 Fes Ao AAACR & IS FrdSAT+ 1960 thHE AIZME AT =
A& ARdoltt d¥e] AAH7IES Ao 71¢] Aol A= 8 E4(discriminant analysis),
Al 7199 RS AgsiA Adshs A ZAE-2(logistic regression), EZHIE-A(probit
O3k 84S U O AxH o Bk 9 analysis)s# 22 SAAZIMES 283 LIS
<5 B3l A AAA o2 A He &4 o] F& AFHJI 1990 dthol| o2 M= F
S Y F ATE HoA Rrd= 288 g TS Q1FA17 W (artificial neural network)3}
ke AL Ta3 |9t 7HA Szt mEbA 22 ey 7Iie A8ste 459 des
A} AGANAE 7199 FEE S35 FFA7IAL Bk AlEEo] EAPH. o]F=

139



= AR AFHRE TR BT oF
9e $9l AAHERE, o Zee] Yutale] glo]

A =L
Machine)&

01 Zﬂ Ll )~}\

A9 Hol:= SVM(Support Vector
3 o] A7} 123 of

% =
Al A (Altman,
AFATE ARESE] FEEA

TES= Z-Score 28-S A

Sharda, 1990)°] 7]& F& o
< AFANA e Hg3le] &
(Shin et al, 2005)& SVM< %}%SPO%
23S WEQTE AL BE d=S FA|
2 % A7 @3 AYHATE (Kim et al,
2017) ozl EFEA A Had &84

HZ2Y 2 o de| g 2e A& 7S H7t o
Rom, (Ok and Kim, 2009)= F34 Ldg)=
S &8st tdd 7] AAE fU)Hew
Tl #5 9= 28-S ALk (Kim and
Ahn, 2015)°l 4 ©]x EF

= =98 =

A= 3ROl A

B 71H B g gAA s
718 =#H39 . K-RNN(K-Reverse Nearest
Neighbor)2 ©]43}] OutlierS AlA 3}
OCSVM{(one-class support vector machine)& ©]-&
st AA) dlo]¥] F training dataE sampling3}
Atk (Jo et al, 2015; Lee et al, 2015)S 3 &
2] ol &
sko] 5§ A3t skt 53] (Jo et
AL s Bl 5kl
=9 /‘ﬂfﬂﬂ dukAl A
AR

_]

gt FF/< SOM(self-organizing map)-=

'/]EIT

aLA
[¢)

1

L

(Instance Selection)é’:_ 283k vl 7] (bagging)
ATedoH, EF71E
7 Xﬂ‘&@'—o—i’ﬁ =

ol 718kt
Ao g 3|Ate] AR ggoly AR RS
w2t WsletA At npRr A2 A
g Wslsto] ol 54 Ao HAERHS 7}
FEE o S3h7de B 01?4?0] AT
(Deakin, 1972)E o= W49
mebA wskgiths Hs w
2001)° 23 A EW
A 5§/]
+ Hlo]E 9 &
(Shumway, 2001
A5 A= 3

rulo rol

ATl = ARt 25

A8

(B oot fooau to mw bt

g A3 w3
e 1173,3}%11]- (Campbell et al., 2008)2] 31 A
E B0 o8 dE AW HTE oA 10
NEe] 7B datS ol8dtd olgd dile
FE3H = AEE 39T (Kim and Partington,
2015)2 Cox z‘sﬂ A mgo| ozl 7]7tke] HlolH

7:1] '3} '58] As} 7122 CoxEgoly

=2 ]ﬁﬁ'ﬁ'iq’lqu 7)"1%

L

[}

=

=

4 ol g St
RNN(Recurrent

‘:__Q‘

=

o

Neural
BEAFA]

/K-] J:_.Q_

S Hol=
Network) & AH&-38ke] F-Ed 2] 4



RNN(Recurrent Neural Network)S 0|83t 7| Eo|ZmsiolM S|HH 20| S5 et o7
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ol ztolE Flstr] #al 71& ATolA H=
dZo AME THFHEEAN 2R A SVM, 0t—1 0t Op+1
JAE3AAY 5 B394 AsS vastith 23 v v v
Tl AHeE WgE 7199 AFHETE AMS St—1 St Sti1
stk w3 MAAToN M T2 mFe] 2ol - - E
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RNN(Recurrent Neural Network)S 0|&%t

e

SO E2YM FAIYES S #e o7

(Table 1) Data Set

Altman’s Variable Kim and Partington’s Variable
Training Test Training Test
Normal 152 88 148 81
Bankruptcy 153 73 153 73
<= "ol o3 v A HolEe FEASE A, FEAFTE 37HA 7=l osiA @A
Pol A4 714w BFA SIS stol o] ok elA 4] mye chagmEry, 25
SHENAM FE7HE FohA Xdke EAE =¥, SVM, 3ot SVMe| kernel2
DAAZ 7 ok B d7E BE7EE Ao linear® 3R AFAALNA SlEE9]
=9 she] FEaZudge] A7 ARl o = 107) decay@ e 012 HA3I ATE 13
2 g8 a2 glo] 2 AEY Ade 2 HALk
21o] 7} QIth= (Zhou, 2012)] Aol =78k
7199 W2 v &R WS 4.1 Altman(1968)2| HE 0|28 24

sko] HolEle] W&ol AHES AT

<Table 1>& 4

2016 @A A 7194 7}

+}

4. 24 A} M

H oz]—”TLO]]/ﬂE
&l A RNNZ U= 47 23 2] o
HstH o, 45H7 e 9dHE=

278 A= tE

£ g I
= o
= }‘3‘*5‘3

Cc=
'_l

ZB Mo ALRE 20109 EE]
B2r9e 49] v & B

A WA HEHTE (Altman,  1968)2
Z-score 2ol AHgE WSS AHEITH
Z-score 28] HEEL 7 o
g HEE o]&EHUoH T AT
% &7t JSHAS =3 5709 Z-score B

g Wet Z1de) R84, A, $o4, BE

A dehlle $Ed % e 71Ee] H
= A2 ot itk ol#F o] F2 (Marcus,
1990)9 22 AFAEEE ] &3 AdFolM =
Z-score 89 HFELS ALY T WS O
g Adr2 <Table 2>} 2t}

(Table 2) Altman’s Variable

Origin Variable Variable Formula
X1 Working Capital / Total Asset
X2 Retained Earnings / Total Asset
Altman (1968) X3 Business Profit / Total Asset
X4 Equity / Total Debt
X5 Sales / Total Debt
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Altman®] Z-score =3 Al&=E W4 A& 3
ol &3l ¥H= HolE9 RE7|Y & NA#S <Table 3>, ROCﬂlﬂ_ T ZE <Figure 2>9F
AA & FAHARE, ASHEANA 7} 15371, 7370 da=

Ak BE71He e FARE, ASFEAA REdFEL FEd5Ego] R B
Z} 15270, 887H Atk Akl A o] (Outlier) 7} £ Ay AE3] o= sl9eEvE RAFeE A
2yl nXe FFE Hasletal LHIE 9 Folth. 9ol 7P @ 17 Fe93o]
AP =ol7] f8l ¥ EEAA 99%017F M w5 107 E 2 AR AA =
1% olatell 3F= = e 9%t 1% #E 719 F g 73] oY Rles S5
2 A o AA FErF g 719s R AT

Grid searchE ©] &3} RNNEF | A& 2 3 & dEo] 22 1Y dF-E ETHFE
Ao v E HAsAT. HFTHo=E ol ¥t & %OEﬂ Fx o Fo 53 &2
RNN HEQ Z9 g5E2 001, 27H«l 24y Holgta & & .6 - 10 HFE HokS
E, RELU ZA4ITE AHE3sIA Fully RNN©] 65.3%% 7W ¢t s BRAAT
connected layer= & SRF AHE-SFAL 0~1 /‘}019] SVM#Z} ANN®| #t#t= A =24 Fyoh g
Bz BES 317] 93 sigmoidZ2 &4 45 H RE=9go] 7P W2 1914 % RNN9 ol
AHE3FTE vl R o 2 8003 o] HEE S-S A 71 A UYERRT ol B FAVIYE ok
S o Overfitting®] 7Hg 42 A A5 stthal oS3k Zlojn o] FAAteA & &4
<= E%{E‘r < 2% & Uk AA B 7|99 B & gE

_g

o] =4 Ay A WA W AN AVAA G el Z3hs 2> RNN 23 of|A
RNN 4 AT o 81%2 UEREO AUCE  IaelEe) B st Z7bete Balgto] AR
oA9% e te RED vmae Ao Holw i XL Aay] 3 /)
W) Amel AUCOA BT 2 mguch ok Mo] Basiths e ¥ 5 Atk REAFES
Eo 226 nyr) o)= Uul ol TAAY 23 UERd E& <Table 4>} 2t}

;

Hoh 4 52 gFoln 4 239 Aol ¢

(Table 3) Estimated Model

Model GLM SVM ANN MDA RNN
Accuracy 0.755 0.780 0.761 0.755 0.811
AUC 0.868 0.879 0.874 0.818 0.889
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RNN(Recurrent Neural Network)2 0|28t 7|HE X0 Z=2& 0N SANES SX vig o7
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False positive rate
(Figure 2) Model with Altman’s Variable
(Table 4) Altman’s Variable Hit-Ratio
Decile GLM SVM ANN MDA RNN
1 0.042 0.028 0.097 0.042 0.263
2 0.111 0.083 0.083 0.028 0.028
3 0.069 0.083 0.069 0.056 0.014
4 0.097 0.069 0.069 0.056 0.014
5 0.069 0.097 0.041 0.208 0.028
6-10 0.612 0.640 0.641 0.610 0.653
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(Table 5) Kim and Partington’s Variable

Origin Variable Variable Formula
X1 Net Income / Total Asset
Kim X2 Working Capital / Total Asset
And X3 Current Asset / Current Debt
Partington
(2015) X4 Total Debt / Total Asset
X5 Net Cash Flow from Operation / Total Asset

42 Kim et al.(2015)9] HE 0|28 24

FTHA HEedols A
B gl anz e
Partington, 2015)%] A7-2] A+
%D} ' HEELS (Shumway, 2001)
I 0o (Shumway, 2001) HAl A5
Aol T2 Hstel thal ATkl
PR 2 5 2E e o] 83t
o BEo| o] £ AW B
< 4= AT Kim and Partington
& <Table 5>} 2t}
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3} AL, Fully connected layer= ¥ S5+ A8-3}
3 0~1 Atole] B = FE-S T317] 9130 sigmoid
2 24 I AHgsii o, 9003] 9 whEstksy
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MEE HTE AR 23 239 o5 2
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7

o] 45S 4§ FAR d%

(Table 6) Estimated Model

Model GLM SVM ANN MDA RNN
Accuracy 0.783 0.771 0.796 0.732 0.828
AUC 0.832 0.818 0.849 0.782 0.891
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RNN(Recurrent Neural Network)& 0|&8t 7|HEE0Z2H0|AM S|A™ES
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(Figure 3) Model with Kim and Partington’s Variable
(Table 7) Kim and Partington’s Variable Hit-Ratio
Decile GLM SVM ANN MDA RNN
1 0.068 0.055 0.055 0 0.164
2 0.110 0.096 0.096 0 0.096
3 0.082 0.096 0.096 0.110 0.014
4 0.096 0.096 0.055 0.178 0.041
5 0.055 0.110 0.068 0.205 0.014
6-10 0.589 0.547 0.63 0.507 0.671
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RNN(Recurrent Neural Network)
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Abstract

Dynamic forecasts of bankruptcy with Recurrent
Neural Network model

Hyukkun Kwon* - Dongkyu Lee* - Minsoo Shin**

Corporate bankruptcy can cause great losses not only to stakeholders but also to many related sectors
in society. Through the economic crises, bankruptcy have increased and bankruptcy prediction models have
become more and more important. Therefore, corporate bankruptcy has been regarded as one of the major
topics of research in business management. Also, many studies in the industry are in progress and
important.

Previous studies attempted to utilize various methodologies to improve the bankruptcy prediction
accuracy and to resolve the overfitting problem, such as Multivariate Discriminant Analysis (MDA),
Generalized Linear Model (GLM). These methods are based on statistics. Recently, researchers have used
machine learning methodologies such as Support Vector Machine (SVM), Artificial Neural Network (ANN).
Furthermore, fuzzy theory and genetic algorithms were used. Because of this change, many of bankruptcy
models are developed. Also, performance has been improved.

In general, the company’s financial and accounting information will change over time. Likewise, the
market situation also changes, so there are many difficulties in predicting bankruptcy only with information
at a certain point in time. However, even though traditional research has problems that don’t take into
account the time effect, dynamic model has not been studied much. When we ignore the time effect, we
get the biased results. So the static model may not be suitable for predicting bankruptcy. Thus, using the
dynamic model, there is a possibility that bankruptcy prediction model is improved.

In this paper, we propose RNN (Recurrent Neural Network) which is one of the deep learning
methodologies. The RNN learns time series data and the performance is known to be good. Prior to
experiment, we selected non-financial firms listed on the KOSPI, KOSDAQ and KONEX markets from
2010 to 2016 for the estimation of the bankruptcy prediction model and the comparison of forecasting
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performance. In order to prevent a mistake of predicting bankruptcy by using the financial information
already reflected in the deterioration of the financial condition of the company, the financial information
was collected with a lag of two years, and the default period was defined from January to December of
the year. Then we defined the bankruptcy. The bankruptcy we defined is the abolition of the listing due
to sluggish earnings. We confirmed abolition of the list at KIND that is corporate stock information
website. Then we selected variables at previous papers. The first set of variables are Z-score variables.
These variables have become traditional variables in predicting bankruptcy. The second set of variables are
dynamic variable set. Finally we selected 240 normal companies and 226 bankrupt companies at the first
variable set. Likewise, we selected 229 normal companies and 226 bankrupt companies at the second
variable set.

We created a model that reflects dynamic changes in time-series financial data and by comparing
the suggested model with the analysis of existing bankruptcy predictive models, we found that the
suggested model could help to improve the accuracy of bankruptcy predictions. We used financial data in
KIS Value (Financial database) and selected Multivariate Discriminant Analysis (MDA), Generalized Linear
Model called logistic regression (GLM), Support Vector Machine (SVM), Artificial Neural Network (ANN)
model as benchmark.

The result of the experiment proved that RNN’s performance was better than comparative model. The
accuracy of RNN was high in both sets of variables and the Area Under the Curve (AUC) value was also
high. Also when we saw the hit-ratio table, the ratio of RNNs that predicted a poor company to be bankrupt
was higher than that of other comparative models. However the limitation of this paper is that an overfitting
problem occurs during RNN learning. But we expect to be able to solve the overfitting problem by
selecting more learning data and appropriate variables. From these result, it is expected that this research

will contribute to the development of a bankruptcy prediction by proposing a new dynamic model.
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