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Study on use of Explainable Artificial Intelligence in Credit Rating
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Abstract The accuracy of the model and the explanation of the results are important factors that should be
considered simultaneously Recently, applications of explainable artificial intelligence are increasing, and it is
especially widely applied in the financial field where interpretation of results is important. In this paper, we
compare the performance of open API credit evaluation data using various machine learning techniques. In
addition, existing financial logic is verified through explainable artificial intelligence technologies, SHAP and
LIME. Accordingly, it is expected to demonstrate the applicability of machine learning in the financial market.
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Table 1. Datasets Summary
N =1 y=0
Data (5 F M (B (%)
German 1000 21 300 700
Australian 690 15 307 383
Taiwan 30000 25 23364 6636
2. 4% AX 2 A% vn
o3 A7 A A3 Bae wE Ao A
R = o] Fr}aL

T, 1213 ROC curve] AUCE E3lo] A5S
akar wlolelel wet v & 2, 3, 183 & 49 2k
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Table 2. Comparison of models on German dataset

Model  Accuracy Recall - G Aue

measure means
Logistic 65 83 615 67 700
Regression

Linear SVM 71.5 788 64.6 731 733

XGBoost 74.0 57.6 59.4 68.7 69.8
Random
Forest
KNN 75.5 63.6 63.2 7.9 725
RBF SVM 78.5 51.5 61.3 69.8 7.7
NN 68.0 78.1 61.0 70.3 70.7

70.5 65.2 99.3 690 691

¥ 3. Australian HlO[|E{e| 22 M35 H|l
Table 2. Comparison of models on Australian dataset

Model ~ Accuracy Recall - S

measure means
Logistic 818 7T &9 60 &3
Regression

Linear SVM 87.0 92.6 84.7 86.0 864
XGBoost 86.2 81.7 85.9 864 865

Random 877 &1 &0 818 878
Forest
KNN 862 817 &9 %64 %65
RBF SVM 870 926 847 860 864
NN &5 197 &5  H7 %0

¥ 4. Taiwan Hlo[Ee| 2@ M& H|w
Table 2. Comparison of models on Taiwan dataset

Model  Accuracy Recall - & Auc

measure means
Logistic 58.7 698 433 622 626
Regression

Linear SVM 59.6 68.7 43.5 626 628
XGBoost 66.5 66.7 474 666 666

Random 733 547 482 67 667
Forest
KNN 0.7 546 457 641 650
RBF SVM 640 605 467 659 660
NN 532 748 47 631 640

Australian H|°]¥
7132 AT oA W tis] & 4 flormw F
HA 2 A5o] £ German HlolEol| tigt 23 Az}
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Table 5. Interpretation of traditional statistical model of
German dataset

W coef std err t P> [t]
duration 00666 0014 4502 0000
other debtors
i 00455 0011 4069 0000
credit history 015 0017 2637 0008
A
credit history o ogp 0017 458 0000
A
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hecking Az 00000 0013 2325 000
existing 7 .
checking Al 004 0O 380 0000
existing 7 |
checking Al 0184 0014 9671 0000
saving 7 .
e 00254 0011 2329 0020
saving N .
e 0041 0012 3798 0000
installment
e 00305 0012 2559 0011
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