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Abstract

With the increasingly complex financial environment faced by agricultural enterprises in recent
years, measuring the credit risk of agricultural enterprises has become an increasingly important
issue. This paper aims to explore a credit risk measurement model for agricultural enterprises
based on BP neural networks. A total of 316 financially sound and representative agricultural en-
terprises’ data from 2023 were selected, and a credit risk assessment index system for agricultural
enterprises was constructed, consisting of 17 secondary indicators across four primary categories:
financial structure, debt-paying ability, profitability, and operational efficiency. Binary regression
was conducted using BP neural networks and SVM support vector machines, and compared with
XGBoost binary regression model, Decision Tree (DT) model, Naive Bayes (NB) model, and Random
Forest (RF) regression model. The results show that the BP neural network model has better re-
gression capability for enterprise credit risk measurement indicators and outperforms other mod-
els in terms of performance and accuracy.
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Table 1. Characteristic variables for selecting credit factor indicators of agricultural enterprises
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Table 3. Comparison of regression results of various models
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