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[Abstract]

Nowadays, artificial intelligence (Al) technology is widely being used alongside traditional methods to evaluate corporate credit
status and predict potential bankruptcies. However, machine learning and deep learning models learn complex correlations among
high-dimensional and intricate data and parameters to derive predictions or conclusions, making it difficult to explain the patterns
and decisions learned by these models. Moreover, owing to their complex black-box nature, proving clear explanations or
understanding the reasons behind their conclusions becomes challenging. Considering this opacity, this study aims to enhance the
reliability and transparency of the corporate bankruptcy prediction model by utilizing interpretable AI’s integrated gradients. We
analyze the features that are relevant to corporate bankruptcy prediction and visualize how these influence the model’s conclusions,
thereby exploring the factors that affect the prediction results, ultimately improving the credibility and transparency of the

predictions.
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Table 1. Number of analyzed corporations

Corporations KOSPI KOSDAQ

Non-Defaulted 711 1,300

Defaulted 118 411
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Table 2. Composition of training data

Index Description
TL/TA Debt to Assets
TL/MV Debt to Market Vale
FL/TA Financial Liability to Assets
FL/TL Financial Liability to Total Liability
CA/CL Current Ratio
NCA/TA Non—Current Assets to Assets
Ol/TA Operating Income to Assets
NI/MV Net Income to Market value
ROE ROE(Return on Equity)
RE/TA Retained Earning to Assets
AGR Assets Growth Rate
SGR Sales Growth Rate
NIGR Net Income Growth Rate
Cash/TA Cash to Assets
Cash/MV Cash to Market Value
OCF/TA Operating Cash—-Flow to Assets
Sales/TA Assets Turnover
Sales/AR Account Receivables, Turnover
In(Sales) The natural logarithm of Sales
In(TA) The natural logarithm of Total Assets
~ Employee Employee growth rate
~ Salary Salary growth rate

MajorOwn(%)

Equity ratio of majority shareholders

2 MajorOwn MajorOwn growth rate
CD 91-day Certificate of Deposit yield
GDP GDP in billion won
FX Foreign exchange rate
KOSPI KOSPI closing price
KOSDAQ KOSDAQ closing price
2 CPI Consumer Price Index growth rate
2 PPI Producer Price Index growth rate

Bond rate(%)

3-year government bond vyield
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Table 3. Training dataset

Set 1 Set 2 Set 3

financial ratios financial ratios financial ratios

corporate
characteristics

corporate
characteristics

macroeconomic
indicators
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Fig. 1. The structure of a Deep Neural Network
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Fig. 2. The structure of a Convolutional Neural Network

CNN2 ofn|#] sf§lg 4ol 83 ¢are]Fo= Con-
volutional Layere} DNN R@lo] ZAghe ﬁoﬂ}i e
e 719del8E o] A|8et] Input(Y ) o2 A-8-31%1

o™ Convolutional Layer& &3l o|n|#|e] 7+l A1

Gl
A
%ﬁ‘f
%
M
o S
©

=X —P +
S
i

| Q

L

A 4

J8 3. LSTMe| =
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Table 4. Classification metrics

Division True False

True True Positive(TP) False Positive(FP)

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

712 g2 Bdlo] oSgt s e AZ g2 2A|
A= ustH(F 4). Classification Metrics(FEH 7]15F)
A Accuracys WERHH 4242 v53} 2t
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Table 5. Result of prediction
Set 1 Set 2 Set 3
F1 Acc F1 Acc F1 Acc

DNN 92.90 | 92.57 | 90.99 | 90.47 | 99.56 | 99.56

Division

CNN 90.05 | 89.48 | 91.34 | 90.87 | 99.64 | 99.64

LSTM | 93.12 | 92.97 | 93.09 | 92.85 | 99.72 | 99.72
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Table 9. Result of prediction

Set 1 Set 2 Set 3
F1 Acc F1 Acc F1 Acc

Division

DNN 90.94 | 90.31 90.61 90.04 | 88.88 | 88.09

CNN 81.70 | 79.95 | 87.89 | 87.10 | 99.64 | 99.64

LSTM | 90.27 | 89.76 | 91.22 | 90.79 | 99.68 | 99.68
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