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[Abstract]

This study presents TabNet, a novel deep learning method, to enhance corporate credit rating
accuracy amidst growing financial market uncertainties due to technological advancements. By analyzing
data from major Korean stock markets, the research constructs a credit rating prediction model using
TabNet. Comparing it with traditional machine learning, TabNet proves superior, achieving a Precision
of 0.884 and an FI score of 0.895. It notably reduces misclassification of high-risk companies as
low-risk, emphasizing its potential as a vital tool for financial institutions in credit risk management and

decision-making.
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I. Introduction
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II. Preliminaries

1. Corporate credit rating assessment
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2. Corporate credit rating using AI/ML
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IV. Empirical Test

1. Proposed credit rating model
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2. Data Collection and Preprocessing
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Table 1. Credit ratings of Korea data
Label Grade Count Ratio(%)

0 AAA 93 0.782
1 AA+ 107 0.899
2 AA 368 3.095
3 AA- 516 4.340
4 A+ 1477 12.42
5 A 1523 12.81
6 A- 1642 13.81
7 BBB+ 1009 8.486
8 BBB 1033 8.688
9 BBB- 874 7.351
10 BB+ 801 6.737
11 BB 645 5.425
12 BB- 557 4.685
13 B+ 430 3.616
14 B 383 3.221
15 B- 240 2.019
16 CCC+ 31 0.261
17 CCcC 70 0.589
18 Ccc- 5 0.042
19 CcC 14 0.118
20 C, D 72 0.606

Total 11,890 100.0

3. Experimental Model
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Table 2. TabNet Hyperparameters Description
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Table 3. Comparison of Machine Learning Models'
Performance Using 5-Fold Cross-Validation

KNN
Fold ACC. Recall Prec. F1
1 0.875 0.875 0.871 0.872
2 0.893 0.893 0.890 0.890
3 0.907 0.907 0.904 0.905
4 0.940 0.940 0.936 0.935
5 0.961 0.961 0.961 0.959
Avg 0.915 0.915 0.912 0.912
Std 0.031 0.031 0.032 0.031
CatBoost
Fold ACC. Recall Prec. F1
1 0.807 0.807 0.809 0.808
2 0.832 0.832 0.829 0.830
3 0.861 0.861 0.856 0.858
4 0.898 0.898 0.893 0.894
5 0.922 0.922 0.920 0.918
Avg 0.864 0.864 0.861 0.861
Std 0.042 0.042 0.041 0.041
LGBM
Fold ACC. Recall Prec. F1
1 0.808 0.808 0.812 0.809
2 0.833 0.833 0.833 0.832
3 0.867 0.867 0.863 0.864
4 0.915 0.915 0.911 0.911
5 0.935 0.935 0.933 0.932
Avg 0.872 0.872 0.871 0.870
Std 0.048 0.048 0.045 0.046
RF
Fold ACC. Recall Prec. F1
1 0.767 0.767 0.761 0.761
2 0.782 0.782 0.776 0.775
3 0.803 0.803 0.795 0.795
4 0.836 0.836 0.832 0.830
5 0.857 0.857 0.857 0.852
Avg 0.809 0.809 0.804 0.803
Std 0.033 0.033 0.036 0.034

TabNet
Fold ACC. Recall Prec. F1
1 0.983 0.912 0.883 0.894
2 0.983 0.912 0.885 0.896
3 0.982 0.907 0.884 0.894
4 0.983 0.912 0.882 0.894
5 0.984 0.912 0.886 0.896
Avg 0.983 0.911 0.884 0.895
Std 0.000 0.002 0.001 0.001
XGB
Fold ACC. Recall Prec. F1
1 0.823 0.823 0.827 0.824
2 0.850 0.850 0.849 0.849
3 0.881 0.881 0.878 0.879
4 0.923 0.923 0.919 0.919
5 0.944 0.944 0.943 0.941
Avg 0.884 0.884 0.883 0.882
Std 0.045 0.045 0.043 0.043
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