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Credit evaluation of supply chain finance based on BO-XGBoost and
ensemble learning method

GU Tianxia, LIU Qinming, ~ YE Chunming
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Abstract: To solve the problem of the credit risk control of the small and medium-sized
enterprises(SMEs) financing in the supply chain finance field, an ensemble learning model BO-
XGBoost-Bagging (BXB) that combines Bayesian optimization and XGBoost was proposed under the
Bagging framework. Firstly, based on the XGBoost feature importance, the feature screening was
carried out, and the financial credit evaluation index system for the supply chain was established.
Secondly, the optimal super parameters of XGBoost were obtained by Bayesian optimization, and the
integrated model BXB was obtained by bagging. Finally, the prediction was performed on SMEs data
set, and the effectiveness of the credit evaluation model was verified by empirical research. The

empirical results show that the BXB model has a better predictive effect than other models and can

%5 B HA: 2021-10-27

EEWA: HK HARF ¥ T W H (71632008, 71840003) ; | 1 [ SR Bh 2% 3k 4 % B 5 H ( 19ZR1435600) ;
HE WA SR W5 R 4 % BT H (20YJAZHO68) ;3 b BE T K22 Bl # &k R I H
(2020KJFZ038) ; 2020 4F L i3 TR KA G A Y Zhit-4) 35 B (SH2020067)

FE—EF: R T (1998-), FB, WMok, WHoeirm. Plasse> . e 4maE. E-mail: gtx980801@163.com

BEEE: NEP(1984-), F, #Z. WF5Jrm . 4% . AT 8% . E-mail: 1gm0531@163.com


http://dx.doi.org/10.13255/j.cnki.jusst.20211027005
mailto:gtx980801@163.com
mailto:lqm0531@163.com

96 o B TR 2 2 R

2023 4F 5 45 4%

evaluate the credit risk of SMEs more exactly and comprehensively. The model can better distinguish

between risky companies and normal companies, and minimize default losses. It has high application

value in the credit evaluation of supply chain finance.
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Tab.4 Comparison between BO-XGBoost and other
algorithms

A bR ES AUC(H FUH

BO-LR 0.8730 0.9545 0.8000
BO-RF 0.8889 0.9645 0.8444
BO-SVM 0.8571 0.9379 0.7805
BO-KNN 0.8413 0.9246 0.7500
BO-XGBoost 0.904 8 0.9612 0.8636
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