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Tree 1

Tree 2

Majority voting

Tree n

Final Class

(Figure 1) Random Forest Method
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(Figure 3) Convolutional Neural Networks (CNN) Method
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(Figure 4) Stacking Ensemble Model
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(Table 1) Model comparison

Model 1 Model 2 Model 3 Model 4
Division
Random Forest (RF) MLP CNN Stacking Ensemble
Main logic Decision tree Neural network Neural network Comblll?iﬂz i;ﬁ;cmns
Base learner (RF, MLP,
Input data for training Training set Training set Training set using se: gIr)rrl Zilzz(iliairzjsrl:gltsset
(7-fold)
Input data for testing Test set Test set Test set BaiZsLelfsrnfrlr tp;rse;d;ceilon
Training data dimension (7382, 160) (7382, 160) (7382, 160) (7382, 4)
Test data dimension (3163, 160) (3163, 160) (3163, 160) (3163, 4)
4. NE BM HEol 7199 IAYRE BT e ATAE
2 2o Mg TFAIEE Ik g, A
4.1 HIO|E{ &MY s 7o A5 ARE B 5 e
e o o e AT ES LHEQARAN, BFEFEY F
el S Z KR
e ;ﬂ;’lwl o 714 . ?110 ;f & BB ETIAD, F1%le] A, AR,
K-IFRS” 2re 2012\ 5B 2018WA7rA| 9= s i
e e LTSI T o, gEAe el dEA ARe
U | s i} . .
Hal BE9d s 2 7E/AsE A7 ) =
e TR R e PE g aasl dzastolzeia Az g
Zoly Al & = d ]
o;-‘j’ “l‘j_’ }1_ & ]o-_ ou_ui_a 7] \_‘]__i Merton-; AT A} 387] FHE, B2 AAA A 26
B2E S AMEsl A=t A7) A], Merton B3 _ s .
o ;im; /0\01104 -L: %q}j }]‘19’} sy ) T SFERE A 1) IR B &
T T A "E A 1__7 A A W = - —
o e et s e VB AR PO B8R, AR e 0
7% H = 9 - - . ~
ARy A S Qs e AR AEE AgHon
HA3ZE EFF =Xo olZ 93] slo
#ol Scipy 2ol E o] gate] A . i
ol Scipy EOIBEIEE clgStel AT e wasa 2 16009 WeE e
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S DO
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(Table 2) Input-data descriptions

Division Num of Division Nu.m of
Variables Variables

Total asset 1 Total assets ratio 14

Current asset 6 total capital ratio 5

Non-current assets 8 asset liability ratio 5

Total liabilities 1 Cashflow ratio 4

Current liabilities 9 Profit-related ratio 3

Balance sheet

non-current liabilities 9 Balance item 3

capital assets 1 Sales profit item 12

capital surplus 1 Return on Capital 7

Comprehensive Income 1 Turnover Related Items 9

Retained Earnings 1 Period related items 2

Sales 1 Financial EPS 1

Cost of Goods sold 1 Ratio BPS 1

Gross profit or loss 1 SPS 1

S&A expenses 8 CFPS 1

Operating Income/Loss 1 EBITDAPS 1

Financial income 4 PBR 1

State-ment of finance costs 3 PSR 1

comprehensive

income Other Income 1 Beta 1
Other costs 1 WACC 1

ILBIT 1 Total Cashflow 1

Income Taxes 1 CAPEX 1

Net Income or loss 1 EBITDA 1

Other income 1 2012 1

Total income 1 2013 1

Operating activities 6 2014 1

Investing activities 1 Y?;ri:g:?y 2015 1

State-ment of Financing activities 1 2016 1
cash flows Cash & cash equivalents 1 2017 1
Cash at beginning 1 2018 1

Cash at end 1 Other Number of employees 1

Target Default risk 1

Total Total number of variables 160
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Ao AMSE dHolEle dE V|EeE F FTEY A% ARAIAE YA E &= Ae
10,54570(SF 2,19470 7198 iAo = 201295 I 4 At
E 2018 d7kA1 9] A= HoJE AR, TR A ol FEgEo| AFAFEt obd FF HE
oolH, 160709 9= T A 2o AR ARS EUE EE2FHAL, A

Table 3-& RE3HE A|712d AZFEE2H, F FA 7T} Aol Feko] xpo]S Holy] wjiEo
A F ool AFFE T Ay TR/ AE AT 2 48 5 A} RxesEI nwd ok A
FES TEF DR 29 tolgd i 7] FABA(p > 02)F Hol= HFEE Fa7A, A
& E=A%S YERITE Figure 6 Table 39 Urek o, 7IetH o] o, vlf-5RA, B4t
W 7 WpEol gk Al B4 Aol A ARG T, e T ol Tk oFgk 4o
AFAES 3ol & FBRA AFE0] vet AR > 0.)F Hole AR YEEG
U= A 24, FEEVHS Ui |

Trade receivables and
other current
receivables

Current financial
assets

Other current asset

Cash and cash
equivalents

Total

non-currant
assets

Property, plant and
equipment

Trade receivables and
other current
receivables

Balance Total asset Total asset Fman‘csal Total Assets Borrowed capital ratio|
sheet Ratio ratio
Current . . .
Inventories Capital adequacy ratio|
assel

Total borrowings and
bonds I:ayab e to
total assets

Component ratio of
currents assets

Component ratio of
non-currents assets

Component ratio of
cash and cash
equivalents

|| Component ratio of
quick assets

Component ratio of
inventory

(Figure 5) Input-data samples
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(Table 3) Descriptive statistics for representative variables

Division Obs Mean Std. Dev. Min Max

V1 | Default probability 10,545 0.34819 0.36766 0.0 1.0
V2 | Market cap 10,545 761.0 6,550.0 33 329,000.0
V3 | Current assets 10,545 598.0 4,070.0 0.9 175,000.0
V4 | Non-current assets 10,545 926.0 6,240.0 0.1 166,000.0
V5 | Current liability 10,545 458.0 2,440.0 0.1 69,100.0
V6 | Non-current liability 10,545 348.0 2,940.0 0.0 92,300.0
V7 | Capital stock 10,545 493 208.0 0.0 3,660.0
V8 | Capital surplus 10,545 117.0 425.0 -574.0 7,060.0
V9 | Accumulated Other Comprehensive Income 10,545 3.5 165.0 -7,990.0 1,940.0
V10 | Retained earnings 10,545 530.0 5,450.0 -3,590.0 243,000.0
V11 | Sales 10,545 1,280.0 7,720.0 0.0 244,000.0
V12 | Cost of sales 10,545 1,000.0 5,610.0 0.0 138,000.0
V13 | Gross profit 10,545 286.0 2,620.0 -1,580.0 111,000.0
V14 | Selling, general and administrative expense 10,545 201.0 1,650.0 -273.0 56,600.0
V15 | Operating income 10,545 84.9 1,090.0 -3,270.0 58,900.0
V16 | Financial income 10,545 25.6 279.0 0.0 11,400.0
V17 | Financial cost 10,545 345 289.0 0.0 10,700.0
V18 | Other income 10,545 224 137.0 -0.6 4,220.0
V19 | Other expense 10,545 28.1 157.0 0.0 4,420.0
V20 | Continuing income and loss before income taxes 10,545 78.5 1,160.0 -4,060.0 61,200.0
V21 | Tax expense 10,545 21.5 290.0 -985.0 16,800.0
V22 | Net income 10,545 59.0 878.0 -3,080.0 44,300.0
V23 | Accumulated other comprehensive income 10,545 -3.2 82.7 -5,500.0 1,990.0
V24 | Total comprehensive income 10,545 55.8 842.0 -3,400.0 44,300.0
V25 | Cash flow from operating activities 10,545 115.0 1,400.0 -3,460.0 67,000.0
V26 | Cash flow from investing activities 10,545 -109.0 1,170.0 -52,200.0 4,330.0
V27 | Cash flow from Financing activities 10,545 0.0 356.0 -15,100.0 8,380.0
V28 | Cash and cash equivalents 10,545 54 168.0 -2,510.0 9,470.0
V29 | Cash and cash equivalents at beginning of period 10,545 92.7 682.0 -54 32,100.0
V30 | Cash and cash equivalents at end of period 10,545 98.1 738.0 -5.5 32,100.0
V31 | The number of employees 10,545 876 3961 0 103011

[decimal point, one billion KRW, person]
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(Table 4) Hyper-parameter setting results
Division Model Hyper parameter Value
Number of trees 1000
Random forest Loss function MSE
Random state 1
Number of nodes 100
Number of hidden layers 2
MLP Epoch 300
Loss function MSE
Sub Model Optimizer Adam
Dimension 1
Filter size 2
Kemer size 2
CNN Pool size 2
Epoch 300
Loss function MSE
Optimizer Adam
Number of nodes 20
Number of hidden layers 2
Stacking Ensemble Model MLP Epoch 300
Loss function MSE
Optimizer Adam
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(Table 5) Results of prediction error

Model 1 Model 2 Model 3 Model 4
Division
Random Forest MLP CNN Stacking Ensemble
MAE 0.094751 0.111714 0.134892 0.09079
MSE 0.022263 0.036053 0.037492 0.022175
RMSE 0.149209 0.189877 0.193628 0.148912
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(Figure 12) Results of normality test using normal Q-Q plot
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(Table 6) Results of normality test (Shapiro-wilk normality test)

Pair composition Shapiro-wilk normality test
Division
Set 1 Set 2 W p-value Results
Pair 1 Stacking Ensemble Random Forest 0.98303 < 2.2e-16 Non-normal
Pair 2 Stacking Ensemble MLP 0.89026 < 2.2e-16 Non-normal
Pair 3 Stacking Ensemble CNN 0.95428 < 2.2e-16 Non-normal
(Table 7) Results of wilcoxon rank sum test with continuity correction
Pair composition Wilcoxon rank sum test
Division
Set 1 Set 2 W p-value Results
Pair 1 Stacking Ensemble Random Forest 4920409 0.2596 Non-difference
Pair 2 Stacking Ensemble MLP 4687668 1.479¢-05 difference
Pair 3 Stacking Ensemble CNN 4753811 0.0006236 difference
olof we}, v =4 HHHE 2l Wilcoxon rank sum AL =T} o)l 53 7|& EEe] AT
testE &l Pairg 7%= 7 EH < S3Ecl Sol 7HAAL A9 343 FEARd o mE Hlo]
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Abstract

Machine learning-based corporate default risk
prediction model verification and policy
recommendation: Focusing on improvement
through stacking ensemble model

Eom, Haneul* - Kim, Jaeseong** - Choi, Sangok***

This study uses corporate data from 2012 to 2018 when K-IFRS was applied in earnest to predict
default risks. The data used in the analysis totaled 10,545 rows, consisting of 160 columns including 38
in the statement of financial position, 26 in the statement of comprehensive income, 11 in the statement
of cash flows, and 76 in the index of financial ratios. Unlike most previous prior studies used the default
event as the basis for learning about default risk, this study calculated default risk using the market
capitalization and stock price volatility of each company based on the Merton model. Through this, it was
able to solve the problem of data imbalance due to the scarcity of default events, which had been pointed
out as the limitation of the existing methodology, and the problem of reflecting the difference in default
risk that exists within ordinary companies. Because learning was conducted only by using corporate
information available to unlisted companies, default risks of unlisted companies without stock price
information can be appropriately derived. Through this, it can provide stable default risk assessment
services to unlisted companies that are difficult to determine proper default risk with traditional credit rating
models such as small and medium-sized companies and startups. Although there has been an active study
of predicting corporate default risks using machine learning recently, model bias issues exist because most
studies are making predictions based on a single model. Stable and reliable valuation methodology is
required for the calculation of default risk, given that the entity's default risk information is very widely
utilized in the market and the sensitivity to the difference in default risk is high. Also, Strict standards
are also required for methods of calculation. The credit rating method stipulated by the Financial Services
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Commission in the Financial Investment Regulations calls for the preparation of evaluation methods,
including verification of the adequacy of evaluation methods, in consideration of past statistical data and
experiences on credit ratings and changes in future market conditions. This study allowed the reduction of
individual models' bias by utilizing stacking ensemble techniques that synthesize various machine learning
models. This allows us to capture complex nonlinear relationships between default risk and various
corporate information and maximize the advantages of machine learning-based default risk prediction
models that take less time to calculate. To calculate forecasts by sub model to be used as input data for
the Stacking Ensemble model, training data were divided into seven pieces, and sub-models were trained
in a divided set to produce forecasts. To compare the predictive power of the Stacking Ensemble model,
Random Forest, MLP, and CNN models were trained with full training data, then the predictive power of
each model was verified on the test set. The analysis showed that the Stacking Ensemble model exceeded
the predictive power of the Random Forest model, which had the best performance on a single model. Next,
to check for statistically significant differences between the Stacking Ensemble model and the forecasts for
each individual model, the Pair between the Stacking Ensemble model and each individual model was
constructed. Because the results of the Shapiro-wilk normality test also showed that all Pair did not follow
normality, Using the nonparametric method wilcoxon rank sum test, we checked whether the two model
forecasts that make up the Pair showed statistically significant differences. The analysis showed that the
forecasts of the Staging Ensemble model showed statistically significant differences from those of the MLP
model and CNN model. In addition, this study can provide a methodology that allows existing credit rating
agencies to apply machine learning-based bankruptcy risk prediction methodologies, given that traditional
credit rating models can also be reflected as sub-models to calculate the final default probability. Also, the
Stacking Ensemble techniques proposed in this study can help design to meet the requirements of the
Financial Investment Business Regulations through the combination of various sub-models. We hope that
this research will be used as a resource to increase practical use by overcoming and improving the

limitations of existing machine learning-based models.
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