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(Table 1) Acquisition Performance by Insurance System (Unit: 100 Million KRW)

Short-term Export Credit Medium and Long-term ) Foreign Exchange Risk
Year Program Export Credit Program Export Credit Guarantee Insurance
2014 1,694,183 127,940 64,934 15,096
2015 1,494,365 118,441 56,291 12,262
2016 1,394,770 112,568 47,278 11,060
2017 1,321,246 90,922 30,993 3,526
2018 1,351,620 99,951 26,955 7,748
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(Table 2) Adjustment of Initial Data by Year

" . Final Data aft
Initial Data Adjusted Data na bata a erv
(Unit: Guarantee) (Unit: Firm) CNN Under-sampling
Year (Unit: Firm)
Normal Default Normal Default Normal Default
2014 4,719 411
2015 4,397 426
2016 4,118 344 4,684 1,605 1,581 1,374
2017 3,888 379
2018 3,671 336
Total 20,793 1,896 4,684 1,605 1,581 1,374
(Table 3) Selected Variables
Classification Variable Classification Variable
Rate of Sales Cost Debt Service Coverage Ratio
profitabil Rate of Selling and Administrative Expenses Cash F Cash Operating Profit to Interest Expenses
rotitability : as ow
) Return on Invested Capital(ROIC) ) Cash Operating Profit to Short-Term
Return on Equity(ROE) Borrowings
EBITDA to Sales Ratio Free Cash Flow to Sales
EBITDA to Interest Expenses Activity Net Working Capital Turnover Ratio
EBITDA to Total Borrowings ?2) Total Assets Turnover Ratio
Total Borrowings and Bonds Payable to Total Sales Growth Rate
Assets Operating Income Growth Rate
Short-Term Borrowings to Total Borrowings Growth Net Income Growth Rate
. Fixed Assets to Net Worth and Fixed (%)
Sta(b91)11ty Liabilitics Total Asset Growth Rate
Interest Expenses to Sales Stockholders Equity Growth Rate
Debt to Equity Ratio Sector
. Firm Firm Size
Total Borrowings to Sales Overview Firm Type
] (5) Initial Public Offering
Current Ratio -
Firm Age
gs *}%3}04 AtZIgH AR7IFe] S o= AHHA ¥FEE FJorAN EdFS &
EAES A3tATh. CNN  doEHS HHo g A Foh wEtA, HFHom F4
o= Holert g2 2 of &89 AH 7P T 1,5813, AL 719

Hart(1968)7} A Qkgk

gzell DR Q= dolE 7t fl& wi7kA Al 1,3743L0]t},
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(Table 4) Results from Logistic Model

Probability Actual Accuracy

(%) Default | Normal |~ (%)

90-100 8 5 61.5

80-90 18 2 90

Default| 70-80 45 17 72.6
60-70 81 40 66.9
Prediction 50-60 97 68 58.8
40-50 70 99 58.6

30-40 40 133 76.9
Normal | 20-30 29 84 743
10-20 4 35 89.7

0-10 0 12 100

Total 392 495 69
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(Table 5) Results from Random Forest Model

Actual

Probability Accuracy
(%) | Default |[Normal| (%)
90-100 0 0 -
80-90 9 1 90
Default| 70-80 43 12 78.2
60-70 88 28 75.9
Prediction 50-60 119 91 56.7
40-50 84 138 62.2
30-40 32 111 77.6
Normal 20-30 16 71 81.6
10-20 1 40 97.6
0-10 0 3 100
Total 392 495 70.1
4.3. XGBoost, LightGBM
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(Table 6) Results from XGBoost Model

Probability Actual Accuracy
(%) Default|Normal| (%)

90-100 11 1 91.7
80-90 57 11 83.8
Default| 70-80 80 22 78.4
60-70 48 43 52.7
50-60 64 52 55.2
40-50 49 71 59.2
30-40 38 83 68.6
Normal | 20-30 29 86 74.8
10-20 14 91 86.7
0-10 2 35 94.6
Total 392 495 70.6

Prediction

(Table 7) Results from LightGBM Model

Probability Actual Accuracy
(%) Default|Normal| (%)
90-100 18 2 90

80-90 79 17 82.3
Default| 70-80 59 43 57.8
60-70 75 34 68.8
50-60 50 49 50.5
40-50 29 65 69.1
30-40 32 66 67.3
Normal | 20-30 24 82 77.4

Prediction

10-20 23 92 80
0-10 3 45 93.8
Total 392 495 71.1
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(Table 8) Results from DNN Model

Probability Actual Accuracy

(%) Default|Normal| (%)

90-100 7 1 87.5

80-90 37 5 88.1

Default| 70-80 64 29 68.8

60-70 89 44 66.9

Predictiont 50-60 71 57 55.5

40-50 55 83 60.1

30-40 30 92 75.4

Normal| 20-30 25 101 80.2

10-20 14 64 82.1

0-10 0 19 100

Total 392 495 70.7
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(Table 9) Overall Prediction Accuracy and Type 2 Error

Logit Random Forest XGBoost LightGBM DNN

Prediction Accuracy (%) 69 70.1 70.6 71.1 70.7

Type 2 Error (%) 34.6 33.8 332 34 33.7
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(Table 10) Type 2 Error for High(80-100%) Prob. of Occurrence of a Default

Logit Random Forest XGBoost LightGBM DNN

Type 2 Error Rate (%) 21.21 10 15.00 16.38 12

The # of Cases 33 10 80 116 50
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Abstract

The Prediction of Export Credit Guarantee
Accident using Machine Learning

Cho, Jaeyoung* * Joo, Jihwan** - Han, Ingoo***

The government recently announced various policies for developing big-data and artificial intelligence
fields to provide a great opportunity to the public with respect to disclosure of high-quality data within
public institutions. KSURE(Korea Trade Insurance Corporation) is a major public institution for financial
policy in Korea, and thus the company is strongly committed to backing export companies with various
systems. Nevertheless, there are still fewer cases of realized business model based on big-data analyses.

In this situation, this paper aims to develop a new business model which can be applied to an ex-ante
prediction for the likelihood of the insurance accident of credit guarantee. We utilize internal data from
KSURE which supports export companies in Korea and apply machine learning models. Then, we conduct
performance comparison among the predictive models including Logistic Regression, Random Forest,
XGBoost, LightGBM, and DNN(Deep Neural Network).

For decades, many researchers have tried to find better models which can help to predict bankruptcy
since the ex-ante prediction is crucial for corporate managers, investors, creditors, and other stakeholders.
The development of the prediction for financial distress or bankruptcy was originated from Smith(1930),
Fitzpatrick(1932), or Merwin(1942). One of the most famous models is the Altman's Z-score model(Altman,
1968) which was based on the multiple discriminant analysis. This model is widely used in both research
and practice by this time. The author suggests the score model that utilizes five key financial ratios to
predict the probability of bankruptcy in the next two years. Ohlson(1980) introduces logit model to
complement some limitations of previous models. Furthermore, Elmer and Borowski(1988) develop and
examine a rule-based, automated system which conducts the financial analysis of savings and loans.

Since the 1980s, researchers in Korea have started to examine analyses on the prediction of financial

distress or bankruptcy. Kim(1987) analyzes financial ratios and develops the prediction model. Also, Han
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et al.(1995, 1996, 1997, 2003, 2005, 2006) construct the prediction model using various techniques
including artificial neural network. Yang(1996) introduces multiple discriminant analysis and logit model.
Besides, Kim and Kim(2001) utilize artificial neural network techniques for ex-ante prediction of insolvent
enterprises. After that, many scholars have been trying to predict financial distress or bankruptcy more
precisely based on diverse models such as Random Forest or SVM. One major distinction of our research
from the previous research is that we focus on examining the predicted probability of default for each
sample case, not only on investigating the classification accuracy of each model for the entire sample.

Most predictive models in this paper show that the level of the accuracy of classification is about
70% based on the entire sample. To be specific, LightGBM model shows the highest accuracy of 71.1%
and Logit model indicates the lowest accuracy of 69%. However, we confirm that there are open to
multiple interpretations. In the context of the business, we have to put more emphasis on efforts to
minimize type 2 error which causes more harmful operating losses for the guaranty company. Thus, we
also compare the classification accuracy by splitting predicted probability of the default into ten equal
intervals.

When we examine the classification accuracy for each interval, Logit model has the highest accuracy
of 100% for 0~10% of the predicted probability of the default, however, Logit model has a relatively lower
accuracy of 61.5% for 90~100% of the predicted probability of the default. On the other hand, Random
Forest, XGBoost, LightGBM, and DNN indicate more desirable results since they indicate a higher level
of accuracy for both 0~10% and 90~100% of the predicted probability of the default but have a lower
level of accuracy around 50% of the predicted probability of the default.

When it comes to the distribution of samples for each predicted probability of the default, both
LightGBM and XGBoost models have a relatively large number of samples for both 0~10% and 90~100%
of the predicted probability of the default. Although Random Forest model has an advantage with regard
to the perspective of classification accuracy with small number of cases, LightGBM or XGBoost could
become a more desirable model since they classify large number of cases into the two extreme intervals
of the predicted probability of the default, even allowing for their relatively low classification accuracy.

Considering the importance of type 2 error and total prediction accuracy, XGBoost and DNN show
superior performance. Next, Random Forest and LightGBM show good results, but logistic regression
shows the worst performance. However, each predictive model has a comparative advantage in terms of
various evaluation standards. For instance, Random Forest model shows almost 100% accuracy for samples
which are expected to have a high level of the probability of default. Collectively, we can construct more
comprehensive ensemble models which contain multiple classification machine learning models and conduct

majority voting for maximizing its overall performance.

Key Words : Credit Guarantee, Guarantee Accident, Bankruptcy Prediction, KSURE, Machine Learning
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