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(Table 1) Original Models

Algorithm Description Detailed Description
Calculates variance between classes(Vz = Vit Ni (uy — ) (u; — #)T),
Algorithm ~ that ~ minimizes  the | variance within class(Vw; = Xixew; Ni (x — i) (x — .“i)T).
Multiple classification 1nformat19n Vbetween Conducts an Eigen value analysis on me1 Vp, select the Eigen vector
Discriminant classes and reduces the dimension. corresponding to q largest Eigen values, and find a transformation
Analvsi It collapses dimensions in a way that | matrix W that use it as q columns.
alysis - o X
4 maxu{uze.s variance betwee’n classes” | Converts data to be trained and tested as v = W)
over ‘variance within classes Decides the class from average comparison of converted test data and
training data.
A special case of a general linear model. S Probability: S that p = Pr(Y = 1|x)
However, when applied to binomial data, uccess Probability: Suppose tha pp
the result of the dependent variable y is | Odds ratio: Define that ODDs = 1p
. limited to the range [0, 1]. And p
Logit Model distribution of the conditional probability | Logit transform: In (E) =a+pxte

(P(y|x)) as the dependent variable

follows the binomial distribution instead Logit model: logit(p) = In (1 _

of the normal distribution.

Di

) = Bo+ 1 X1+ B Xo + g
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(Table 2) Non-Time-Series Supervised Algorithms

Algorithm Description

e A target variable classification algorithm with a finite number of values based on finite depth tree branches.

e It is useful for confirming the explanatory power of the independent variables.

Decision Tree e However, in Decision Tree algorithm, when an error occurs in the middle of learning, the tree is generated
with the error in the next step.

e There is a disadvantage that the model greatly fluctuates according to the learning data.

® A modeling technique used for classification and regression analysis

e A model that ensembles a number of Decision Tree models through bubbling and arbitrary node

Random Forest optimization.

e Generates N training data sets through bootstrapping method, and then learn Decision Tree for each set
and form and ensemble model through the same method as average and majority voting.

e Nonparametric algorithms.

Learning by adding more weights so that nearby neighbors contribute more to the average than farther
K-Nearest neighbors.

Neighbors(KNN) The larger K is, the less the Bias is, but the boundary between the items is also reduced. Therefore, it

is important to set the appropriate K value. In addition to Euclidean distance as well as various analysis

criteria, classification accuracy can be improved.

Non-probabilistic linear classification model.
An algorithm that finds boundaries with the largest margins to be classified and represented in bounded
spaces.

Support Vector
Machine(SVM)

e Since there are many overlapping data in the classifier, supplementing the data overlap modeling through
the concept of soft margin.

® An algorithm to place one or more hidden layers at the midpoint of the input and output layers of existing
artificial neural networks.

e Cost function is applied by backpropagation using average square error between output and target, and
commonly stochastic gradient descent method.

Output Laver Qurgjut
Multi-Layer Hidden Layer f/ M\ // M\ ,’/ﬂ \) { } {/ \:
Perceptron(MLP) :

e AN 3 Sy
Input Laver Frpity Inpity Inputy Input,

(Figure 1) MLP Model Diagram
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(Figure 2) Data Generation Method for Time-Series Deep Learning Algorithms
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Output Layer 0t O¢ Opy1 Ot+2
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N \ // S

T‘ T i T
Input Layer Xe_q X¢ Xeg1 Xiyo

(Figure 3) RNN Model Diagram

> R, =
Output Layer Y he = o » tanh(C,)
of ‘ 0r = o(W, - [Ae—1, %] + by)
Update Cell State — G Co = ferxCq+igx G
.
{
Update gate G Ce= tanh(We - [he_y, %] + bc)
Input Gate Layer . 4 i
Input Gate i iy = o(W; - [he—1, x¢] + By)
|
Forget Gate Layer fe fr = oWy - [hemy, xe] + Bp)
4
- ey : S —
Hidden Layer ( \_.( D
T T
Input Layer Xp_q X¢ Xt X X¢ Crq

(Figure 4) LSTM Model Diagram
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Precision, Recall, F1 Score(Precision®} Recall2]
Z3}19 1), Accuracy(*d8%), ROC AUC(Receiver
Operating Characteristics Area Under Curve), PR
AUC(Precision-Recall Area Under Curve)©]th.
ROC AUC® Az 22 B0 24 XZF9 gk
S FE79L W, BA7IHeE 5T FE, Y
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|2 F& ROC AUC, PR AUCE ©]§
Score= Threshold® F1 Score’} =<
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o
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22 OOl =& % HA|

(Table 3) Evaluation Index

Evaluation Index

Description

True Positive

Predicted: normal, Actual: normal (True)

True Negative

Predicted: default, Actual: default (True)

False Positive

Predicted: normal, Actual: default (False)

False Negative

Predicted: default, Actual: normal (False)

(Table 4) Confusion Matrix

Prediction Result

Normal Default
.\ False Negati FN
Normal True Positive [TP] alse Negative [FN]
Actual (Type 1I error)
Result ..
False Posit FP .
Default alse Positive [FP] True Negative [TN]
(Type 1 error)

10
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(Table 5) Advanced Evaluation Index

Evaluation .
valuatio Description Formula
Index
. S . TP
Precision Ratio which is predicted as default among the actual default data. —_—
TP + FP
o . TP
Recall Ratio which is actual default among predicted as default P —
TP + FN
) L 2 X Precision X Recall
F1 Score Harmonic mean of Precision and Recall —
Precision + Recall
- S TP + TN
Accuracy Probability that the prediction is true.
TP + TN + FP + FN
)
: ] X axis: FPR= ——"—
ROC AUC N ! )
| \ ] Y axis: TPR = ———
N TP + FN
Area under curve that FPR, TPR are expressed as X axis, Y axis.
1
Algeorithm 1 ——
Algorithm 2 -
0.8
§ 0.6 o)
7 .
PR AUC s 0 X axis: Re?a_ll
Y axis: Precision
0.2 )
,
[} 0.2 0.4 0.6 0. 1
Recall
Area under curve that Recall, Precision are expressed as X axis, Y axis.

Eol Q7 o) =of| A A|-3-5F= DataGuide E] 7]
S BaA ATl AHRE AsE dYgHeR
T-Eafokste HoJElZA HolElE o]&3sh=t
Aleko] & 4= ATt vlo]E= KOSPI, KOSDAQ

719E2] 200035 2009 7FA] A
ojth AT Z Fojx = &
AAA, AFEER

4 As}

O

-
yul
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% Fol BLAoln, ABISH Aoz 7 o 1o OEE ATl 6)
ZH; 0 N m_ﬂ;} o ‘;W - %;Oi 200086 2009'A7HA) dlolEjel] ojstd &
e 94;}’&;’ 1;(; - 519 N ak;i;]zi 174370 719, 18l 25470 HE]%e] £
s ehte] S8l A ;f_°7]zf£ . ol% F8A 79SS A 8 AZg AA
T j=JNcH i - = = N 4. =
ABISEt ] THHOoZ Holah g BE & At 1 A F 890719 714l
o Gt AFEE FAFH R AAET YTt Elsh 134709) 7] R olE7E e o] 8-
® o = = = 1= R HT.
_ ek
FAT B AN o] T HE Folt: Lee ]
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ol Fro sBEM, FEok #Ho| Y= A
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A A7 G, S FA 7 A HA, 3. A3

(Table 6) Original data distribution (Left) and data distribution after preprocess (Right)

Year Num of Num of Defaylt Year Num of Num of Defgult

Default Company Ratio Default Company Ratio
2000 28 1676 1.67% 2000 11 864 1.27%
2001 36 1682 2.14% 2001 22 860 2.56%
2002 21 1654 1.27% 2002 17 839 2.03%
2003 38 1635 2.32% 2003 14 825 1.70%
2004 30 1594 1.88% 2004 16 807 1.98%
2005 4 1557 0.26% 2005 4 788 0.51%
2006 9 1554 0.58% 2006 8 783 1.02%
2007 11 1554 0.71% 2007 5 774 0.65%
2008 42 1539 2.73% 2008 20 756 2.65%
2009 35 1486 2.36% 2009 17 722 2.35%
All 254 1743 14.57% All 134 890 15.06%
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(Table 7) Distribution Before/After Time-Series Data Generation

2000-2006 2007-2008
[Train Set] [Validation Set]
Al Default Al Default
Before Time-sgries 5.766 0 1,530 25
Data Generation
After Time-series Da‘ta Generation 14,649 27 1,530 25
(3 year period)
2000-2008 2009
[Train + Validation Set] [Test Set]
Al Default Al Default
Before Time-se;ries 7296 17 70 17
Data Generation
After Time-series Da.ta Generation 19239 302 720 17
(3 year period)
3.1 H MFE Zu} = Ak
SRR W MR FE U tlelEe F 729670 FollA A7
L Tl ‘1__ LN Tl il . —< =
AN L HelEE 71797, FESIEelEE F 177
A flo A = f|o o =
TE dojEolA RZr|Y HolHe FE nE A os Bake] golxs ATl 2
o AF J A AAL Z8E ok71
A AA Qo] A7 BxE ua2ciy /1A%
o‘FlLo T o BA ] o'ﬁ"\_r_‘ a[q\_.l:]'_L 7]‘01_ 57]%} 13]0]1:49}-/] ‘{'t_]“\ Hiy_ ]/\1 O]E—ﬂ'gi
olF ©.0]2~= 5o o3 B y)aizl AAF
o ]—r, o= 5% 3 & 7]1:1-‘4';80 :,:545]\_ 7_10 E]—%‘ES}E]— @3’/]-7(49.3, O]E-/ﬂ-%
719 F B¥7F 59§ #AHS RItgE AR .
‘l(ﬁ T W ‘l’ [e) E]. "’—VL_E ]' E]- :HT ]- 7]'7561' Welch,s ttes% % H/“] 7‘(_]_63% H&:F }‘\—7%]
AL 7RO 2 FtestE XYt A}, AF7H 0] & 2o

dslth= 7ol fFojmskA] @itk ddstd
o] -4H(Heteroscedasticity of variance) &2 T-test
(Welch’s t-test) S st aL, #F7Hdo] 712t
HA e Agoe AF7HEel frofsitta &
&3te] T E4HHomogeneity of variance)S 714
3lo] T-Test(Student’s t-test)S 1F3HTH 1 2
7, % 29709 WS <Table 8>3} 2o] A4
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4
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(Table 8) Feature Selection Result from applying F-test and T-test

) F-test T-test
category section feature -
p-value variance p-value
Accumulations 507 x 107% hetero 130 x 107*
Retained Earnings 837 x 107" hetero 7.06 x 10°%
Net assets of controlling
Balance Sheet (1,000 won) shareholders 943 x 10°% hetero 590 x 10°%
(before capital stock reduction)
Owners of Parent Equity 6.58 x 10°* hetero 948 x 10°*
Financial Total Equity 737 x 10°® | hetero | 233 x 107%
Statements Earnings before tax 1.82 x 107% hetero 415 x 107
Comprehensive Tncome (Total Comprehensive Income
State‘:nem (1,000 won) Attributable to) 359 x 107 | hetero 3.59 x 107%
’ Owners of Parent Equity
Total Comprehensive Income 741 x 107% hetero 322 x 107
CaSh(lF ggg fvf:)’mem Cash Flow 441 x 10 | hetero | 1.13 x 107®
Intangible Asset Ratio 747 x 107 | hetero 484 x 107
Equity Capital Ratio 234 x 107 | hetero 1.48 x 10°%
Borrowings a;(;ﬁ]zonds Payable 204 x 10°% hetero 992 x 10°%
111 0,
Stability (76) Borrowed Capital Ratio 204 x 107 hetero 9.63 x 10°%
Cash Flow/ Total Debt 3.08 x 10" | hetero | 223 x 10°®
Cash Flow/ Total Equity 3.63 x 1072 | hetero 1.65 x 107
Cash Flow/ Total Asset 173 x 1077 | hetero | 8.07 x 107"
h _ .
(y;:;’y‘;’t v Total Asset Growth Rate 351 x 1077 | hetero | 2.88 x 107"
0
Operating Revenue/ 542%x 107 | hetero | 671 x 1077
Operating Expense
Fl]l’;al’l.(:lal Profit Margin Ratio 244 x 107" hetero 245 x 10°*
atio
ROA(Current Net Income) 1.96 x 1072 | hetero 418 x 107%
ROA(Earnings before tax) 3.86 x 107 | hetero 1.79 x 107%
ROA(Operating Profit) 240 x 1077 | hetero 2.06 x 107"
Profitability (% ROA(Total hensi - -
y ) OA( Otf;m(;;rg’re enstve 260 x 102" | hetero | 4.51 x 107"
ROE(Current Net Income) 1.10 x 107 | hetero 558 x 107"
ROE(Earnings before tax ) 137 x 107 hetero 289 x 10°%
ROE(Operating Profit) 1.86 x 107 | hetero 252 x 10°%
ROE(Net profit of controlling 386 x 10~ hetero 591 % 107
shareholders)
o Total Debt Turnover 110 x 107 hetero 568 x 1077
Activity (times) ~5 ~03
Total Asset Turnover 1.17 x 10 hetero 1.99 x 10

14
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(Table 9) Feature Selection by Correlation Analysis

F-test T-test
category section feature
p-value Variance p-value
Balance Sheet . -03 —05
(1,000 won) Total Equity 7.37 x 10 Hetero 233 x 10
Financial
Statements . (Total Comprehensive Income
gg;iiiﬁfn(slwgog“;’omn;’ Attributable to) 359 x 10°% | Hetero | 3.59 x 10°%
’ Owners of Parent Equity
Intangible Asset Ratio 747 x 107% Hetero 484 x 107"
Equity Capital Ratio 234 x 107 | Hetero | 1.48 x 107
Stability (%)
Borrowed Capital Ratio 2,04 x 107% Hetero 9.63 x 10°%
Cash Flow/ Total Debt 3.08 x 107 | Hetero | 223 x 10°%
Growth (yearly) (%) Total Asset Growth Rate 351 x 1077 Hetero 2.88 x 107"
o Operating Revenue/ 542 %107 | Hetero | 671 x 107"
Financial Operating Expense
Ratio —04 —04
Profit Margin Ratio 244 x 10 Hetero 245 x 10
» ROA(Earnings before tax) 3.86 x 1072 Hetero 1.79 x 107%®
Profitability (%)
ROA(Operating Profit) 240 x 1077 | Hetero | 2.06 x 10"
ROE(Earnings before tax) 137 x 10°* | Hetero | 2.89 x 107"
ROE(Operating Profit) 1.86 x 107 | Hetero | 2.52 x 10°®
Activity (times) Total Debt Turnover 1.10 x 107" | Hetero | 5.68 x 1077
o B35 B3 e Lasso 3] # &40l 2|3t W4 A4

al
3t} whEbA] Backward stepwise selection ¥
of o8l WS st A AsHAA K3k W
T ARE e v HTOE dol AW =AY

2 1-11'"HE WiAA 7] 538k Bh(Table 10).

A ele]), ROE(MAAEAIG o] Q), FH- 3] d&
5ol A= ATHTable 11).
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(Table 10) Feature Selection Result from applying Logit Model

category section feature rank
Current tax liabilities 6
Balance Sheet (1,000 won) Retained Earnings 11
Financial Owners of Parent Equity 2
Statements
Income Statement(1,000won) Payroll cost 9
Cash Flow Statement(1,000 won) Investments Earnings in Associates 5
Stability (%) Equity Capital Ratio 10
Total Debt Growth Rate 4
Growth (yearly) (%)
Financial Total Asset Growth Rate 1
Ratio ROA(Earnings before tax) 7
Profitability (%)
ROA(Total Comprehensive Income) 8
Activity (time) Total Debt Turnover 3
(Table 11) Feature Selection Result from applying Lasso Regression
category section feature rank
Financial Balance Sheet (1,000 won) Non-Current Provisions for Employee Benefits 11
Statement Cash Flow Statement (1,000 won) Interest Expenses 3
Equity Capital Ratio 4
Borrowings and Bonds Payable Ratio 8
Stability (%)
Borrowed Capital Ratio 6
Cash Flow/ Total Asset 9
Financial Growth (yearly) (%) Total Asset Growth Rate 10
Ratio Selling Administrative Expense Rate 7
ROA(Operating Profit) 1
Profitability (%)
ROE(Earnings before tax) 2
ROE(Operating Profit) 5
Activity (times) Total Debt Turnover 3
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(Table 12) Feature Selection Summary from 3 models

category section MDA Logit Lasso
Total Capital Current tax liabilities Non-Current Provisions for
Employee Benefits
Balance Sheet Retained Earnings
Financial Owners of Parent Equity
Statement (Total Comprehensive
Income Statement Income Attributable to) Payroll cost Interest Expenses
Owners of Parent Equity
Cash Flow Statement Investments Eammgs n
Associates
Intangible Asset Ratio Equity Capital Ratio Equity Capital Ratio
. . . Borrowings and Bonds
t tal Rati
Stability Equity Capi ° Payable Ratio
Borrowed Capital Ratio Borrowed Capital Ratio
Cash Flow/ Total Debt Cash Flow/ Total Asset
Total Asset Growth Rate Total Debt Growth Rate Total Asset Growth Rate
(yearly) (yearly) (yearly)
Growth
Total Asset Growth Rate
Financial (yearly)
Ratio Operating Revenue/ ROA Selling Administrative
Operating Expense (Earnings before tax) Expense Rate
. . ROA(Total Comprehensive .
Profit Margin Ratio Income) ROA(Operating Profit)
Profitability ROA(Earnings before tax) ROE(Earnings before tax)
ROA(Operating Profit)
ROE(Earnings before tax)
ROE(Operating Profit)
activity Total Debt Turnover Total Debt Turnover Total Debt Turnover

Kim(2011) 52| A7l w}

[e)
AN EH L

R
RS A, B
FEEUUT

EERMEEEED

AL AV LS Bol HETS

2 Times 3 Times
£ 719 FEFEC] Folethe AHRE gRls)
Row, & Hrse] FFH v s A
sttt kAR, 719 FEol dFHe mA=
AFHAFES] =28 Fa49S geobshA Xat
= AR st AFHse RegE Ay
Aol HE Ao HeAde AT
Ahn(2014) A7 A FH]E&E o] &3 FEd =
of gk AFolME 11770 Hs A" 177
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2 Ao e o BEEA S VMo R ROA(F oI, FTAEIHE, AMFFAE

714 p-valueZt W2 W STNE A2 AAS)H FTHANF7HE, ROE(AIHAILAY o] oyell th3l

A3, 23 2y 9 Lasso 3] A4S o]9} #HH A 2]stH <Table 13>4Jr 2}

3F] backward stepwise selection ¥4 7]HHO. Ao g Wy AASE wale Zz g%t

(Table 13) Train/validation result with features selected by Multiple

Discriminant Analysis

Evaluation Index

Description

Formula

Total Debt Turnover

To pay off the debt, the total debt turnover rate should be high.
In other words, the higher the total debt turnover rate, the less
the default probability.

Revenue / [(Total debts of the
beginning at this year+ Total
debts at the end of this year)/2]

Equity Capital Ratio

The higher the ratio of equity capital in operating a business, the
more likely the probability of default is reduced.

(Equity Capital / Total Capital)
x 100

Operating Revenue/
Operating Expense

The higher the cost-to-revenue ratio, the better the company is
operating. That is, the larger the value of the operating profit /
operating cost, the less the probability of default.

Operating Revenue/
Operating Expense

ROA(Operating Profit)

The higher the eamning based on assets including capital and debt,
the less the probability of default.

Net income / Total assets

Total Asset Growth Rate

Which is the ratio of assets to assets at the end of the year. This

means that there is a payoff depending on whether the capital is

increased or not and the result is that the probability of default

decreases when capital increases and the probability of default
increases when debt increases.

(Total assets at the end of this
year / Total assets at the end of
last year) x 100-100

Owners of Parent Equity

The amount of the economic entity's stockholders' equity
attributable to the parent excludes the amount of stockholders'
equity which is allocable to that ownership interest in subsidiary

equity which is not attributable to the parent (noncontrolling
interest, minority interest).
The higher the controlling shareholder's equity, the less the
probability of default

Total Debt Growth Rate
(yearly)

Which is the ratio of debt to debt at the end of the year. As a
general rule, the greater the liability increases, the greater the
probability of default.

(Total liabilities at the end of
this year / Total liabilities at the
end of last year) x 100-100

ROE(Earnings before tax)

A measure of the profitability of a business in relation to the
equity, also known as net assets or assets minus liabilities.
ROE is a measure of how well a company uses investments to
generate earnings growth.

The higher the return on equity, the lower the probability of
default.

Net income / Total equity
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<Table 14>9] A= 7+ ¢a2]EP} Train
4 Validation Setol| 4] ROC AUC 7|22 Zko]
< A9 I A wol uA e AE
Parameter Tuning $ A4 H 22| 4 Ax}o]

o} 2000~200613 2] 4 AAE AW EH, SVM

< A9 BE 2y g A3 ROC AUCY}
0.85 °]/do| ATt g5 FofstA & i =
FIe 4 dom, gFolA ROC AUCT} 0.9
HdE= 292 Random Forest?t KNN 181
LSTMO| At} 2007~2008'F o] E] &4 ZA3}ol
2™, ROC AUCY} 2318 o Az A$7}
A3FATE o)== Under-fitting® H$Z% &
Ao}, Re B9 o] wUH F85917]
Aol dolg7t 23H FE4Q AF tlolHo|
2 24l ROC AUCH®] 2318 o AA= 4
&S YeR L Ak A3H o2 2007~20083
9] ¢ ROC AUC7} 095 2331 9= DT,
KNN, SVM< Al9)§ 253t

2 dATolMe 58971 oA o]F9 md

> A

(Table 14) Train/validation result with features selected by Multiple Discriminant Analysis

Training Result Validation Result
Algorithm
Accuracy ROC AUC PR AUC Accuracy ROC AUC PR AUC
LDA 0.976 0.851 0.182 0.976 0.919 0.258
LR 0.984 0.861 0.266 0.980 0.912 0.255
DT 0.991 0.897 0.626 0.982 0.888 0.282
(Max_depth=6) ’ ' ’ ’ ' ’
RE 0.987 0.919 0.455 0.982 0915 0.279
(Max_depth=3, n_estimator=500) ’ ’ ’ ’ ' ’
KNN
(K=30) 0.984 0.950 0.277 0.983 0.869 0.190
SVM
(C=0.001) 0.987 0.735 0.287 0.982 0.682 0.062
MLP
(Neuron=300, Dropout=50%, 0.985 0.870 0.275 0.980 0.935 0.278
EarlyStop=10)
RNN
(Neuron=300, Dropout=50%, 0.986 0.899 0.345 0.978 0914 0.231
EarlyStop=10)
LSTM
(Neuron=250, Dropout=50%, 0.981 0.909 0.413 0.980 0.901 0.246
EarlyStop=10)
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(Train + Validation Set/Test Set)

% 90 484 45 Fo) 448 2EE
T}A] Train Data®} Validation DataS gH4rste] =
g Sk T Test Setoll A A2 FsYslHTh
St 2y 9 HF Byo] XAE o] Aol
SVM 24| A EA4 A ALt
THTable 15).

ZAg-l=

(Table 15) Test result with features selected by Multiple Discriminant Analysis

Train+Validation Result Test Result
Algorithm
Accuracy ROC AUC PR AUC Accuracy ROC AUC PR AUC
LDA 0.975 0.868 0.192 0.979 0.804 0.306
LR 0.983 0.882 0.510 0.982 0.702 0.373
br 0.989 0.897 0.587 0.975 0.645 0.101
(Max_depth=6) ’ ’ ' ' ’ ’
RF
(Max_depth=3, n_estimator=500) 0.986 0.922 0.423 0.975 0.861 0.381
KNN
(K=30) 0.984 0.956 0.270 0.977 0.832 0.242
MLP
(Neuron=300, Dropout=50%, 0.984 0.892 0.295 0.981 0.756 0.396
EarlyStop=10)
RNN
(Neuron=300, Dropout=50%, 0.987 0.926 0.457 0.978 0.875 0.330
EarlyStop=10)
LST™M
(Neuron=250, Dropout=50%, 0.987 0.926 0.439 0.977 0.844 0.159
EarlyStop=10)
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(Table 16) Train/validation result with

= Z]8{(Train/Validation Set)
ISR 4 Ao} EYA 23]
2y W A 7N R 97kA] REd SRyl
A A3k A7 ROC AUC 7]Eol A=
DT % KNN°] &S 2 Over-fitting =oAL
, RF, RNN, L LSTMO| =& 7} olAA S T2

Z+331 Q) ATHTable 16).
3

&4 A% dolg el PR AUCS| 7%,
RF= Ao 2 58917 AHS X333+
T FA FoE A E Ho}l Overfitting™ ©]
o, LSTM =39 7971 03028 7 1
ARgke] =%t

features selected by Logit model

Training Result Validation Result
Algorithm
Accuracy ROC AUC PR AUC Accuracy ROC AUC PR AUC
LDA 0.982 0.822 0.169 0.976 0.881 0.167
LR 0.984 0.858 0.268 0.982 0.884 0.255
DT 0.988 0.912 0.595 0.981 0.836 0.170
(Max_depth=6) ’ ’ ' ’ ’ ’
RE 0.987 0.916 0.433 0.982 0.930 0.270
(Max_depth=3, n_estimator=500) ’ ’ ' ' ’ ’
KNN
(K=30) 0.983 0.958 0.253 0.984 0.877 0.246
SVM
(C=100) 0.984 0.850 0.484 0.984 0.479 0.053
MLP
(Neuron=300, Dropout=50%, 0.985 0.855 0.251 0.982 0.889 0.247
EarlyStop=10)
RNN
(Neuron=300, Dropout=50%, 0.985 0.893 0.268 0.985 0.899 0.270
EarlyStop=10)
LSTM
(Neuron=250, Dropout=50%, 0.985 0.910 0.355 0.983 0.928 0.302
EarlyStop=10)
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(Table 17) Test result with features selected by Logit model

Train+Validation Result Test Result
Algorithm
Accuracy ROC AUC PR AUC Accuracy ROC AUC PR AUC
LDA 0.981 0.839 0.190 0.978 0.693 0.327
LR 0.983 0.873 0.250 0.978 0.684 0.340
br 0.989 0.919 0.618 0.971 0.897 0.245
(Max_depth=6) : ‘ : : : )
RE 0.986 0.922 0.410 0.981 0.899 0.390
(Max_depth=3, n_estimator=500) ' ’ ’ ' ' ’
KNN
(K=30) 0.982 0.959 0.253 0.979 0.881 0414
MLP
(Neuron=300, Dropout=50%, 0.983 0.871 0.250 0.982 0.714 0.426
EarlyStop=10)
RNN
(Neuron=300, Dropout=50%, 0.984 0.906 0.259 0.981 0.862 0.512
EarlyStop=10)
LST™M
(Neuron=250, Dropout=50%, 0.985 0.921 0.375 0.978 0.830 0.233
EarlyStop=10)
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(Table 18) Train/validation result with features selected by Lasso Regression

Training Result Validation Result
Algorithm
Accuracy ROC AUC PR AUC Accuracy ROC AUC PR AUC
LDA 0.975 0.851 0.188 0.973 0.927 0.199
LR 0.983 0.862 0.237 0.980 0.902 0.203
bT 0.991 0.933 0.601 0.978 0.846 0.211
(Max_depth=6) ’ ’ ' ' ’ ’
RF
(Max_depth=3, n_estimator=200) 0.987 0914 0.458 0.983 0.924 0.262
KNN
(K=30) 0.984 0.949 0.236 0.984 0.892 0.245
SVM
(C=50) 0.984 0910 0.711 0.984 0.513 0.137
MLP
(N=200, Dropout=50%, 0.985 0.875 0.275 0.981 0.940 0.265
EarlyStop=10)
RNN
(N=200, Dropout=50%, 0.987 0.906 0.417 0.982 0914 0.182
EarlyStop=10)
LSTM
(N=200, Dropout=50%, 0.986 0914 0.443 0.980 0.915 0.247
EarlyStop=10)

om, DTS KNNO| ThA Over-fitting®] A13}S3
o} A9t FY3HA SVME FEA AFA 051
o @2 7Kl Hol o FHo] FomlEith
(Table 18).

PR AUCS ZAAg-S A HE™ RF, KNN,
MLP, 183l LSTM®| Z}7} 0.262, 0,245, 0.265,
024724 - FH o2 sk ¥ A
A% A= o)l EEZA= LSTMO] RNNo|
HE|A did o= o &35 o|qth

e Lasso 3|AEAN =g HA Hy H2E A3}
(Train + Validation Set/Test Set)

ROC AUC? 7A$-E ZEY dlolg k&7
© Z RF, KNN, RNN, LSTM®] 095 3|3t}
KNN$] 7 o] Al@ZAe A9 L& 13
S = Over-fitting =7} a0 &2 A3t
232 714 ROC AUCS] E27} g Aol e
o, RNNI LSTMS 1 FAEZEA ekg A<l
Hol| &3l th(Table 19).

PR AUCS| Z3}+= RF, KNN, RNN, LSTMS
Hl w3 2 Ao)F o2 RFSF LSTMO] -3l o

a G
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(Table 19) Test result with features selected by Lasso Regression

Train+Validation Result Test Result
Algorithm
Accuracy ROC AUC PR AUC Accuracy ROC AUC PR AUC
LDA 0.974 0.867 0.195 0.979 0.836 0.309
LR 0.983 0.882 0.216 0.981 0.702 0.330
br 0.989 0.885 0.537 0.974 0.836 0.324
(Max_depth=6) ’ ’ ’ ’ ’ ’
RE 0.986 0.922 0.413 0.977 0917 0.382
(Max_depth=3, n_estimator=500) ’ ’ ’ ’ ’ ’
KNN
(K=30) 0.984 0.954 0.264 0.975 0.844 0.375
MLP
(N=200, Dropout=50%, 0.984 0.895 0.281 0.979 0.773 0.401
EarlyStop=10)
RNN
(N=200, Dropout=50%, 0.985 0.916 0.394 0.978 0.869 0314
EarlyStop=10)
LSTM
(N=200, Dropout=50%, 0.986 0.919 0.381 0.979 0.873 0418
EarlyStop=10)

M, Ad Aol A= LSTMO] 041824 AA &
FE T 7 A
4. 12

4.1 ZE

2 A7 VA W AR RYeREE
A 1y 23 2 Lasso 3HAEA)S F3lA
HA WETS 37 AP ol RYEE
Parameter TuningZ1 8-S ol QlojA = A A
2 QHAstE AT oilet 22 F897]
oF e Z 7 SHollA doEI HBAQ dF
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(Table 20) Test result based on ROC AUC

Rank 1 2 3 5 6 7 8

MDA RNN RF LSTM LDA MLP LR DT
Logit RF DT KNN LSTM MLP LDA LR
Lasso RF LSTM RNN DT LDA MLP LR

ROC AUC High Ranks
(Table 21) Test Result based on PR AUC

Rank 1 2 3 5 6 7 8

MDA MLP RF LR LDA KNN LSTM DT
Logit RNN MLP KNN LR LDA DT LSTM
Lasso LSTM MLP RF LR DT RNN LDA

& RNN©] 0.5120.2 w]-$- %34t} Lasso W A
A RYoZE= RFS LSTMO] SRy oz Al
AEJ1L, PR AUCE ZH7} 0.382, 0.4127}F L&
A HJh A3}H 02 ROC AUCE EF HlS:
SHAl 90 = Eom, webA PR AUCY <&
A& Has| R P e BEo] vy
OJEE g 24 R4S RNNEFo| e
o, 302 A doly Y bs3HdE 1
3= Lasso 3| AEA A WS 7|6 LSTMEY
o]t

Min(2014) A A}e] Ao 2, B3 do]
EZ o]Fozl 10914 709 Ake]?l = Bl
7 719 ¢] HolEl &< Undersampling”] ¥ <
A 1,832 2 = 1,832 F 57
91672 Fi AFE ZW3HATE SVM
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Accuracy”’} 0.780, ROC AUC7} 0.879%.°.H,
MDA Accuracy”| 0.755, ROC AUC7} 0.8189]
At ofo HIs| RNN®| 79+ Accuracy’}
0.811, ROC AUC7} 0.88924 714 && Az
S golalgdth Kim et al.(2015)2] 34 W
o] &%t A= SVMY  Accuracy”} 0.771,
ROC AUCZ} 0.818%2H, MDA+ Accuracy”}
0.732, ROC AUC7} 0.7820]%]t}. o|¥ 4 W<
T T3 RNN9 7% Accuracy’} 0.828, ROC
AUC7} 0.891 24 7+ w2 A3z glst

to

WS A4 W, o8 4T BjolE] 713, H]
B4 o, AEY Sol & AT BYsHA

25



SGEFHAe] AAR NEEE F712 ol gatd
o QAo AGEA dolE st Bobok o

AHE M ER 352 Hole
29 Jg2E At J8n AEHoE
AAD S FOE EHA THAHOE Hol

€ A 5ol 01%3% T AMT= He 7
H

o 2 HolE7} 58 & e A& sfdst
Aot 2220 2= Kwon et al.(2017)8] I+5
3 RNN 83448 45sid A5 st
o RNN Z1Z]3l LSTM©] &5 T darg]Fd
Hlg 11 %ol ¢3e g<lsianh

RNN} LSTMO| 7| AlSts date]soll M
B 23 o2 {93 Random Forestol] “3-8-3=
A% 5L 1 olE YElE A9t e &
e 7Idke] duEES WA AAE ook
gt AgollA dugEs Bl aFE £t
oA 5 BFES Fol RAHES F5317]
wiZo] 7[BEH o R B9 gFHo] uj ¢
stttk sk Held AlAE daEss o 83
@G 2y dox F&3] aHA ARE <l
& AT wEA F3 ATEE g Al

. [e)
A &¢118]Z =3 Random Foreste} 722 A4
Robust3t &S 5| ok

1A ST ek FF ol

B9 ATE Ba ARG 0% AN 4
& Bol: YHA 99y AAY dueF 7]
B REAZRES ANT U Aol

26

42 AAIH

ATE Jf]'*‘ g B =FoMe vuEE
1]7% a7 FZAQ =¥l Lasso 37
T ’?jxé WAloll A= A8ttt w3
| o] ]S undersampling 7] < ©]-8-3}4]
TE Y3 Ao]2~2A HolHE F4
Fokal, ki Aoz dejy AAE
o 0]3_7].351. 7].1:11;(4(3_] st=t| o8 AY

Omiﬂﬁlﬂﬁiﬁoi_

5on &g 2 ofl o o
T B

-lN'

N

2o

Obo

r-1n:

1

rUlo

2L

°¥°

gﬂ

e

O

[

M L
sE Mo N
p

o
(e}
o

(il
v
O
o
>
=
o
i
il
oft
N
&2
o}
N
=

g/

r
o o

slolEl AW elolevt
Sgro AYFE WA
e AAY dugze $54S
1717 olele AER dZo] Boj &
Aok webA G AAYD duelE
Y= A ZRY FEHA 7hal dolE 4
WA e w9 F8% Qsolth
Z7bHog 719 ¥ 239 dolge o
olElE 4RI o] Hole] A Ol%SP
o dole AAe) g 2 Y& Mokirhs
A G Hdeh HolE HAeE 94 )
oJEE wgoz Ao olgbsd HolHz
ARt B e BHT AFE YA HlolH
g 2% AGEAS Wgos Axels WYt
g Axd 71F St Jol2 otglolokd
dlolEl7k Aekd QAL of i 27k WaH o] 9l
22 sl HUek ol 71YEo] BT T
o HolE 2 FAE PEE ot I3
Fe PEE TG Utk 7QRE AAD B
A8 FeetEg 71E dolHe 84 54
4 AysioRly, AFHoE Yoy

Jo R
rlr oo
3

o
O
y <
x
v

{0

QoA ol NN o o oox Al O 5 mr Mz
0l

o o o oz

ox N



galg A 2IE XS )

>
2

frong

drgES BHE YAeE 7E B
HAQ] dlolH S ¢ F A

= volE A E )2

B

[
o
FLL?t_.'.
-
X0,
bt

Y

of 221 7]<=#Ql F-2 Python¥l o]
scikit-learn, tensorflow, kerass T &

55 o] &3t stEdoiZd
g 3AF U] AN E FEliA A

i=] [e) =
4 F= 24s 1

71%7 ozl gol sheslol 23l

N e o
%E;%rﬂzrﬁ
l‘ll‘r_@m e}

2 W oo =

)
o
09‘:‘,
ol
N

© o I v o
O [ TS e
>
02(:",
gh

AAZ A BXoll EA7 SR E== ThF
Z nEske], gl AAIE &arg

=
h=
FAYNA A 29 5 9

Zt 29l (References)

Addal, S., “Financial forecasting using machine
learning”, African Institute for Mathematical
Science, (2016), 1~32.

Ahn, S. M, and J. W. Park, “Corporate
Bankruptcy  Prediction
Ratios: Focused on the Korean Manufacturing

Using  Financial

Companies Audited by External Auditors”,
Korean Management Review, Vol.43, No.3,
(2014), 639~669.

Altman, E. I, “Financial Ratios, Discriminant
Analysis and the Predication of Corporate
Bankrupcy”, Journal of Finance, Vol.23.

No.4, (1968), 589~609.

Bae, J. K., “An Integrated Approach to Predict
Corporate Bankruptcy ~ with Voting
Algorithms and Neural Networks”, Korean
Business Review, Vol3, No.2, (2010),

79~101.

Beaver, W. H., “Financial ratios as predictors of
bankruptcy”, Journal of Accounting Research,
Supplement, (1966), 71~102.

Deakin, E. B., “A Discriminant Analysis of
Predictors of Business Failure”, Journal of
Accounting Research, Vol.10, No.l, (1972),
167~179.

Grice, J. S. and M. T. Dugan, “The Limitations of
Bankruptcy Models:  Some
Cautions for the Researcher”, Review of

Prediction

Quantitative Finance and Accounting, Vol.17,
No.2, (2001), 151~166.

Hong, S. H. and K. S. Shin, “Using GA based
Input Selection Method for Artificial Neural
Network
Bankruptcy
Intelligence and Information Systems, Vol.9,
No.1, (2003), 227~249.

Jo, N. O, H. J. Kim and K. S. Shin. “Bankrupcy

Type Prediction Using A Hybrid Artificial
Model.”
Intelligence and Information Systems, Vol.21,
No.3, (2015), 79~99.

Jo, N. O. and K. S. Shin. “Bankrupcy Prediction
Modeling Using Qualitative Information
Based on Big Data Analytics”, Journal of
Intelligence and Information Systems, Vol.22,
No.2, (2016), 33~56.

Modeling; Application to

Prediction”. Journal of

Neural Networks Journal of

Kapinos, P., and O.A. Mitnik, “A Top-Down
Approach to Stress-Testing Banks”, Journal
of Financial Services Research, Vol.49, No.2,

27



(2016), 229~264.

Kim, G. P., H. K. Lee, J. H. Kim and H. J. Kwon,
“The Fourth Industrial Revolution in Major
Countries and Growth Strategy of Korea:
U.S., Germany and Japan Cases”, Korea
Institute for International Economic Policy,
Policy Analysis, (2017).

Kim, J. B. and J. S. Lee, “Usability of Cash Flow

Predicting Bankruptcy = Using

Artificial Intelligence Techniques: The Case

Data in

of Small and Medium Sized Firms”, Korean
Journal of Business Administration, No.26,
(2000), 229~250.

Kim, M. J., “Ensemble Learning for Solving Data
Imbalance in Bankruptcy Prediction”, Journal
of Intelligence and Information Systems,
Vol.15, No.3. (2009), 1~15.

Kim, M. J, H. B. Kim and D. K. Kang,
“Optimizing SVM Ensembles Using Genetic
Algorithms in  Bankruptcy  Prediction”,
Journal of information and communication
convergence engineering, Vol.8, No.4,

(2010), 370~376.

Kim, M. J.,, “Ensemble Learning with Support
Vector Machines for Bond Rating”, Journal
of Intelligence and Information Systems,
Vol.18, No.2, (2012), 29~45.

Kim, S. B., P. Ji and K. J. Jo, “The Analysis on
the Causes of Corporate Bankruptcy with the
Bankruptcy Prediction Model”, Journal of
Market Economy, Vol.40, No.l, (2011),

85~106.

Kim, S. J. and H. C. Ahn, “Estimation Model
applied Random Forest for Corporate Bond

Ratings”, Journal of Intelligence and

Information Systems,
(2014), 371~376.

Spring Conference,

28

Kim, Y. D, C. H. Jun and H. S. Lee, “A new
classification method using penalized partial
Least squares”, Journal of the Korean Data
and Information Science Society, Vol.22,
No.5, (2011), 931~940.

Kim, Y. T. and M. H. Kim, “An Artificial Neural
Network  Model
Prediction”, Korean Journal of Accounting
Research, Vol.6, No.1, (2001), 275~294.

Kwon, H. K., D. K. Lee and M. S. Shin,
of bankruptcy with
Recurrent Neural Network model”, Journal of

for Business Failure

“Dynamic forecasts

Intelligence and Information Systems, Vol.23,
No.3, (2017), 139~153.

Lee, . R. and D. C. Kim, “Evaluation of
Bankruptcy ~ Prediction = Model  Using
Accounting  Information and  Market
Information”, Journal of Korean Finance

Association, Vol.28, No.4(2015), 626~666.

Lee, J. S. and J. H. Han, “Test of Non-Financial
Information in Bankruptcy Prediction using
Artificial Neural Network - The Case of
Small and Medium - Sized Firms - ),
Journal of Intelligence and Information
Systems, Vol.1, No.l, (1995), 123~134.

Lee, K. C., “Comparative Study on the Bankruptcy
Prediction Power of Statistical Model and Al
Models : MDA , Inductive Learning , Neural
Network )”, Journal of the Korean Operations
Research and Management Science Society,
Vol.18, No.2, (1993), 57~81.

Min, S. H., “Bankruptcy prediction using an
improved bagging ensemble”, Journal of
Intelligence and Information Systems, Vol.20,

No.4, (2014), 121~139.

Min, S. H., “Simultaneous optimization of KNN
ensemble model for bankruptcy prediction”,



=1}

g2y A 2TelE NEs

2r

b

7|

o1
=]

Journal of Intelligence and Information
Systems, Vol.22, No.l, (2016), 139~157.

No, G. M. and W. G. Han, “ICT Policy Direction
After 100-days Moon Jae-in government
launched.”, National Information Society
Agency, Hot Issue Report, (2017).

Ohlson, J. A, Ratios and the
Probabilistic of Bankruptcy”,
Journal of Accounting Research, (1980),
109~131.

“Financial
Prediction

Park, J. Y., Y. W. Kim and M. Y. Lee, “A
Prediction Model of Small
Bankruptcy”, Journal of Korean Logos
Management, Conference, (2007), 202~204.

Business

Presidential Committee on the Fourth Industrial
Revolution, “Data  Industry = Promotion
Strategy — I-KOREA 4.0 Data Field Plan,
[-DATA+”, (2017).

Shapiro, S. S. and M. B. Wilk, “An analysis of

variance test for normality (complete
samples)”’, Biometrika, Vol.52, (1965),
591~611.

Swedberg, R., “The Structure of Confidence and

the Collapse of Lehman Brothers”, Research

in the Sociology of Organizations, (2009).
Tibshirani, R., Shrinkage

Selection via the Lasso”, Journal of the Royal

“Regression and

Statistical Society, Series B (Methodological),
Vol.58, No.1, (1996), 267~288.

Wang, H., Q. Xu and L. Zhou, “Large Unbalanced

Credit  Scoring  Using  Lasso-Logistic
Regression Ensemble”, PLoS One, San
Francisco, Vol.10, No.2, (2015).

Welch, B. L., “Student’ and Small Sample
Theory”, Journal of the American Statistical
Association,  Vol.53, No.284,  (1958),
777~788.

Yeh, S., C. Wang and M. Tsai, “Corporate default
prediction via deep learning”, Wireless and

Optical Communication Conference, Vol.24,
1~8.

Zmijewski, M. E., “Methodological issues related
the
prediction models”,

estimation of financial distress
Studies
Econometric Issues in Accounting Research,

Vol.22, (1984), 59~82.

to
on Current

29



Abstract

Corporate Default Prediction Model Using
Deep Learning Time Series Algorithm, RNN and LSTM

Sungjae Cha* + Jungseok Kang**

In addition to stakeholders including managers, employees, creditors, and investors of bankrupt
companies, corporate defaults have a ripple effect on the local and national economy. Before the Asian
financial crisis, the Korean government only analyzed SMEs and tried to improve the forecasting power
of a default prediction model, rather than developing various corporate default models. As a result, even
large corporations called 'chaebol enterprises' become bankrupt. Even after that, the analysis of past
corporate defaults has been focused on specific variables, and when the government restructured
immediately after the global financial crisis, they only focused on certain main variables such as 'debt ratio'.
A multifaceted study of corporate default prediction models is essential to ensure diverse interests, to avoid
situations like the 'Lehman Brothers Case' of the global financial crisis, to avoid total collapse in a single
moment.

The key variables used in corporate defaults vary over time. This is confirmed by Beaver (1967,
1968) and Altman’s (1968) analysis that Deakins'(1972) study shows that the major factors affecting
corporate failure have changed. In Grice's (2001) study, the importance of predictive variables was also
found through Zmijewski’s (1984) and Ohlson’s (1980) models. However, the studies that have been carried
out in the past use static models. Most of them do not consider the changes that occur in the course of
time. Therefore, in order to construct consistent prediction models, it is necessary to compensate the
time-dependent bias by means of a time series analysis algorithm reflecting dynamic change.

Based on the global financial crisis, which has had a significant impact on Korea, this study is
conducted using 10 years of annual corporate data from 2000 to 2009. Data are divided into training data,
validation data, and test data respectively, and are divided into 7, 2, and 1 years respectively. In order to
construct a consistent bankruptcy model in the flow of time change, we first train a time series deep

learning algorithm model using the data before the financial crisis (2000~2006). The parameter tuning of
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the existing model and the deep learning time series algorithm is conducted with validation data including
the financial crisis period (2007~2008). As a result, we construct a model that shows similar pattern to
the results of the learning data and shows excellent prediction power. After that, each bankruptcy prediction
model is restructured by integrating the learning data and validation data again (2000 ~ 2008), applying
the optimal parameters as in the previous validation. Finally, each corporate default prediction model is
evaluated and compared using test data (2009) based on the trained models over nine years. Then, the
usefulness of the corporate default prediction model based on the deep learning time series algorithm is
proved. In addition, by adding the Lasso regression analysis to the existing methods (multiple discriminant
analysis, logit model) which select the variables, it is proved that the deep learning time series algorithm
model based on the three bundles of variables is useful for robust corporate default prediction.

The definition of bankruptcy used is the same as that of Lee (2015). Independent variables include
financial information such as financial ratios used in previous studies. Multivariate discriminant analysis,
logit model, and Lasso regression model are used to select the optimal variable group. The influence of
the Multivariate discriminant analysis model proposed by Altman (1968), the Logit model proposed by
Ohlson (1980), the non-time series machine learning algorithms, and the deep learning time series
algorithms are compared.

In the case of corporate data, there are limitations of 'monlinear variables', 'multi-collinearity' of
variables, and 'lack of data'. While the logit model is nonlinear, the Lasso regression model solves the
multi-collinearity problem, and the deep learning time series algorithm using the variable data generation
method complements the lack of data.

Big Data Technology, a leading technology in the future, is moving from simple human analysis,
to automated Al analysis, and finally towards future intertwined Al applications. Although the study of the
corporate default prediction model using the time series algorithm is still in its early stages, deep learning
algorithm is much faster than regression analysis at corporate default prediction modeling. Also, it is more
effective on prediction power. Through the Fourth Industrial Revolution, the current government and other
overseas governments are working hard to integrate the system in everyday life of their nation and society.
Yet the field of deep learning time series research for the financial industry is still insufficient. This is
an initial study on deep learning time series algorithm analysis of corporate defaults. Therefore it is hoped
that it will be used as a comparative analysis data for non-specialists who start a study combining financial

data and deep learning time series algorithm.

Key Words : Optimal Feature Selection, Lasso Regression, Deep Learning Time Series Algorithm,
Corporate Bankruptcy, RNN, LSTM
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