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Study on credit default prediction based on optimal base model ensemble algorithm
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[ Abstract] In order to ensure the financial safety of financial institutions, the application of machine learning in credit default
prediction has become a research focus. To this end, six machine learning base models are constructed, and after tuning to optimal
parameters, they are integrated separately using Voting, Stacking and Adaboost methods. The experiment shows that among multiple
base models, the Random Forest (RF) achieves better results; while in the ensemble methods, Adaboost had the most significant
improvement on the base models. The Adaboost—RF model achieves a cross—validation score of 0.904 in credit prediction, which is

significantly better than other methods, and this method has certain reference value for financial institutions in making credit

decisions.
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Fig. 1 Illustration of K—Nearest Neighbors
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Fig. 2 Illustration of Stacking
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Tab. 2 Confusion matrix
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Fig. 4 Illustration of cross—validation
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Tab. 3 Optimal parameters of each base model
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Tab. 4 Performance of each base model
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Fig. 5 ROC curves and AUC values of each base model

4.2 Stacking & 2R

JH Stacking ZA Y 42 57 54 AN ] (1) AR Y M
A, FTLAGE & AR 2 2] S5 21 T+ B A 1Y
TOOMPRS B, eI rh R BAS T W] S AT )
AR DU R B ALK R L SR B30k 2
FIEBEEIEA TS0, 40 Stacking FERUS , B Y
() HE AR 8 LU BB AURRAE T I 3 i P Tt S R LR
5. M5 0B, 25 ) LR P SRR Y
A VISR DU BEHLARAR DS 1 20 65 B
THEAFRICR  FERRAE T2 EHIFRS 40 0.815,



70 B o /5 M5 MM

ERRES

&5 Stacking EHR R

Tab. 5 Performance of Stacking ensemble model

BRI A T A SURAERF
NB+RF+LR 0.808
LR+RF+DT 0.815
NB+RF+DT 0.815
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Tab. 6 Performance of Voting ensemble model

MEAIH A T I UERR 53
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Tab. 7 Performance of Adaboost ensemble model
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Fig. 6 Performance comparison of Adaboost ensemble model
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