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Abstract. The excavation of credit risk factors for new agricultural entities plays 

an important role in providing comprehensive credit evaluation and promoting 

stable growth of the agricultural economy. The current traditional mining meth-

ods lack objectivity and accuracy, making it difficult to provide effective support 

for the credit evaluation of new agricultural entities. In order to improve the ef-

fectiveness of credit risk factor mining and promote the healthy development of 

agricultural economy, this article takes Jilin Province as the research object and 

combines agricultural economic big data to conduct in-depth research on the min-

ing of credit risk factors for new agricultural entities. This article first analyzes 

the current situation of agricultural economy and the development of new agri-

cultural entities in Jilin Province. Then, computer technology is used to process 

big data of Jilin Province's agricultural economy. Finally, based on the big data 

of agricultural economy, credit risk factors of new agricultural entities are exca-

vated. And experimental analysis was conducted on credit risk factors. The re-

sults show that moral credit, business scale, market demand, and environmental 

risks have a key impact on the credit risk of new agricultural entities. In the anal-

ysis of impact degree, compared with the default rate in January, under the influ-

ence of these four factors, the default rate in December increased by 6.65%, 

6.45%, 4.84%, and 5.54%, respectively. The conclusion indicates that agricul-

tural economic big data can objectively explore the credit risk factors of new 

agricultural entities and achieve more accurate information risk assessment. 

Keywords: Credit Risk Factors, Agricultural Economic Big Data, Support Vec-

tor Machine, New Agricultural Entities, Jilin Province 

1 INTRODUCTION 

With the continuous advancement of agricultural modernization, traditional agricultural 

production and operation methods in Jilin Province are constantly transforming, and 

new agricultural entities are constantly emerging [1-2]. While playing a crucial role in 

promoting the development of rural economy in Jilin Province, its credit risk is also 

increasingly prominent. This not only affects the credit of agricultural entities, but also  
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development of the agricultural economy. Effectively identifying and mining credit risk 
factors for new agricultural entities is an important direction for current agricultural 
development [3]. With the continuous improvement of digital technology, agricultural 
economic big data has made significant progress and its application scope is becoming 
wider and wider. This article takes Jilin Province as the research object and applies 
agricultural economic big data to explore the credit risk factors of agricultural entities, 
revealing their mechanisms and influencing factors. This has important practical value 
for improving the credit risk prevention and control level of new agricultural entities 
and promoting the sustainable development of agriculture in Jilin Province. 

The credit risk of new agricultural entities has a significant impact on their credit 
level and development. Exploring the credit risk factors of new agricultural entities can 
reduce credit risk [4-5]. Martinez-Victoria applied a partially adjusted model to a sam-
ple of 11930 Spanish agricultural food cooperatives and agricultural food investor 
owned companies between 2011 and 2018, and explored the factors affecting the trade 
credit business of agricultural food cooperatives using a dynamic panel model and a 
two-step general moment method. The survey results show that external funding 
sources, positive cash flow, and essential operating goods are key factors affecting the 
trade credit of large cooperatives [6]. Based on survey data from 226 sample coopera-
tives in Guizhou Province, Liang Genhong used factor analysis to measure the opera-
tional credit risk of agricultural cooperatives in the planting industry. He used structural 
equation modeling to empirically test its influencing factors. Research has shown that 
the inherent factor of operator characteristics is the core factor affecting the credit risk 
of plantation agricultural cooperatives, which determines the development prospects of 
cooperatives [7]. Kumar Anil used a systematic literature review method to empirically 
review the identification method of credit risk factors for new agricultural entities based 
on machine learning. The results indicate that machine learning intelligent algorithms 
are suitable for credit evaluation of agricultural entities and can provide effective basis 
for credit of financial institutions [8]. In order to explore the impact of different factors 
on the credit risk of small farmers, Javed Iqbal conducted a survey using the least 
squares method on 200 farmers from Sargodha district. According to the research re-
sults, other variables such as age, family members, and land ownership have a positive 
and significant impact on the credit risk of farmers [9]. Qi Hao constructed a digital 
transformation index for rural financial institutions based on web crawler technology, 
and used data from 1700 rural financial institutions to explore the impact of their digital 
transformation on the credit of agricultural entities and the quality and efficiency of 
rural financial services. Research has found that digital transformation has significantly 
promoted the allocation of agricultural loans by rural financial institutions, expanded 
credit coverage, and optimized the proportion of credit and medium - to long-term loans 
[10]. The current methods for mining credit risk factors can provide some reference for 
credit evaluation of new agricultural entities, but there are still limitations in factor 
classification and objectivity in mining, making it difficult to meet the practical devel-
opment needs of agricultural economy. 

In order to improve the credit risk prevention and control level of new agricultural 
entities and promote the healthy development of agricultural economy, this article takes 
Jilin Province as the research object and combines agricultural economic big data to 
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study the mining of credit risk factors of new agricultural entities. To verify the effec-
tiveness of the method proposed in this article, an empirical survey collected 1068 sam-
ples of agricultural new subject credit in Jilin Province in 2023 as the dataset. It con-
ducted experimental analysis from several aspects, including weight ranking, impact 
analysis, and prediction accuracy evaluation. At the level of weight ranking, the relative 
weight values of the four factors of moral credit, business scale, market demand, and 
environmental risk are higher. At the level of impact analysis, compared with the de-
fault rate in January, the default rate in December increased by 6.65%, 6.45%, 4.84%, 
and 5.54% respectively under the influence of four factors. In terms of prediction accu-
racy evaluation, compared to the random forest method, this method has improved the 
average accuracy of credit risk prediction for agricultural entities by 5.65%. In practical 
applications, agricultural economic big data can provide effective data support for min-
ing credit risk factors of new agricultural entities, and help promote high-quality devel-
opment of agricultural economy. 

2 EXPLORATION OF CREDIT RISK FACTORS FOR 
NEW AGRICULTURAL ENTITIES 

2.1 Research Area 

2.1.1 Development of New Agricultural Entities 
Jilin Province has a long agricultural tradition and plays an important role in its eco-

nomic development. Especially after the implementation of the revitalization strategy 
for the old industrial base in Northeast China, the utilization area of arable land in Jilin 
Province has reached 16.41 million hectares. With policy support, the scale economy 
of agriculture in Jilin Province has developed rapidly. At the same time, Jilin Province 
also pays great attention to the development of new entities such as family farms, rural 
cooperative organizations, and leading enterprises in rural industrialization, and vigor-
ously cultivates high-quality new professional farmers to drive the development of ag-
ricultural economy and promote income growth for farmers. In 2023, the agricultural 
economy in Jilin Province achieved rapid development. Its grain production has ex-
ceeded 80 billion kilograms for three consecutive years. It is expected that by 2024, 
Jilin Province can carry out a three-year action to develop and strengthen new agricul-
tural entities, striving to cover 70% of land transfer and agricultural production custody 
services. The development status in 2023 is shown in Table 1: 

Table 1. Development Status of Rural Economy in Jilin Province in 2023 

Sequence Item Specifications 

1 Total grain output 83.73 billion pounds 

2 
Value added of total grain 

production 
An increase of 2.114 billion pounds 
compared to the previous year 

3 Grain yield per unit 958.2 kilograms per acre 

4 
Value added of primary 

production 
5% year-on-year growth 
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5 
Value added of fixed asset 

investment in the first industry 
62.7% year-on-year growth 

6 
Ranking of major grain 
producing provinces 

First place 

From Table 1, it can be seen that the agricultural economy in Jilin Province is devel-
oping well in 2023, with high growth rates in grain production and the development of 
the primary industry. 

2.1.2 Credit Risk of New Agricultural Entities 
At present, the operation of new agricultural entities in Jilin Province requires a large 

amount of funds, but due to the lack of a unified and acceptable credit risk factor mining 
system, their ability to obtain funds is insufficient, which has become a bottleneck re-
stricting their further development. In addition, most rural credit systems in Jilin Prov-
ince are not sound, resulting in small scale and chaotic management of new agricultural 
entities, lack of mortgage guarantees, agricultural insurance, etc., which is prone to 
moral hazard, adverse selection and other phenomena. 

Compared with traditional farmer production, the production of new agricultural en-
tities is more large-scale and socialized, and their modernization level is also more sig-
nificant [11]. At the same time, they also face different credit risks, which include both 
the credit risk characteristics of ordinary small farmers and the credit risk characteristics 
of large-scale companies. On the one hand, the new agricultural subject production 
model has a positive and negative promoting effect on the risks faced by farmers in 
production. For example, in specific production processes, because more production 
factors are added, the risks faced are also more diverse. On the other hand, in the pro-
duction process, new agricultural management entities have established long-term co-
operative relationships, which in a sense helps to enhance the stability of their produc-
tion operations. However, once a problem occurs at a certain stage of the production 
process, it is likely to affect the business activities of upstream and downstream coop-
erative entities in the supply chain. 

Therefore, exploring the credit risk factors of new agricultural entities is of great 
significance. By understanding credit risk factors, they can be effectively identified and 
managed, thereby improving the accuracy of credit evaluation. This can achieve the 
sharing and transmission of credit information, strengthen the punishment of dishon-
esty, and promote the healthy development of the new agricultural subject credit sys-
tem. 

2.2 Mining Credit Risk Factors under Agricultural Economic Big Data 

Agricultural economic big data is the mining of massive data that appears in the agri-
cultural production process, discovering patterns from it, and improving decision-mak-
ing efficiency. This article explores the credit risk factors of new agricultural entities 
based on big data of agricultural economy, and represents different levels of credit risk 
through credit risk factors.  
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Before mining credit risk factors, it is necessary to first analyze a large amount of 
agricultural economic research data, identify key factors that affect agricultural credit, 
and accurately evaluate the credit risk of agricultural entities. This article utilizes com-
puter technology to effectively process various agricultural production data and store 
them in a database, laying a solid foundation for further analysis of credit risk factors. 

The collection of agricultural economic data mainly includes data on agricultural 
production, prices, soil quality, policy changes, and other aspects. This article first uses 
computer and web crawler technology to extract statistical data released by the agricul-
tural department and operational data of new agricultural entities. Using class libraries 
in programming languages to automatically crawl agricultural data sources. On the ba-
sis of data collection, clean the collected raw data. Firstly, remove duplicate data, then 
use the drop_duplicates() function in the Pandas library to perform data deduplication, 
remove missing data, and finally convert agricultural economic data into the same for-
mat; In data storage, establish a database table structure through a database manage-
ment system, and store the preprocessed data in the database. 

After using computer technology to process agricultural economic data, describe risk 
factors, which are represented as 𝑓 𝑔 𝑚, 𝑛  in this article. 𝑚, 𝑛 represent the like-
lihood and degree of credit risk occurrence, as shown in Figure 1: 

 

Fig. 1. Mining credit risk factors 

In Figure 1, using support vector machine optimization problem, the classification 
hyperplane of risk factors is standardized. Let ∆ 1 compress 𝑘 and 𝑏 according to 
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corresponding coefficients and constrain the corresponding support vectors. This pro-
cess is represented by the formula [12-13]: 

𝑘 ∙ 𝑥 𝑏 1, 𝑖𝑓 𝑦 1
      𝑘 ∙ 𝑥 𝑏 1, 𝑖𝑓 𝑦 1    (1) 

Set the classification hyperplane distance of the support vector on the factor to 
1/‖𝑘‖. Factors are divided by linear programming functions with certain constraints 
[14]: 

min
,

‖𝑘‖  (2) 

𝑧. 𝑝. 𝑦 𝑘 ∙ 𝑥 𝑏 1, 𝑖 1, ⋯ , 𝑟  (3) 

According to optimization principles, solve linear programming functions with cer-
tain constraints. Its Lagrangian function is expressed as: 

𝑅 ‖𝑘‖ ∑ 𝛿 1 𝑦 𝑘 ∙ 𝑥 𝑏   (4) 

Among them, the constraint condition is 𝑦 𝑘 ∙ 𝑥 𝑏 1, and 𝛿 0 represents 
its Lagrange multiplier. Using the Karush Kuhn Tucker (KKT) condition to normalize 
the optimization problem at the optimal solution [15]: 

𝑅 𝑘 ∑ 𝛿 𝑦 𝑥   (5) 

Using the Wolf duality principle to solve optimization problems: 

max 𝑘 𝛿 ∑ 𝛿 ∑ 𝛿 𝛿, 𝑦 𝑥  (6) 

𝑧. 𝑝. ∑ 𝛿 𝑦 0, 𝛿 0, 𝑖 1, ⋯ , 𝑟   (7) 

By solving the above equation optimally, the corresponding optimized hyperplane 
can be obtained. If 𝛿∆ represents the best solution, then 𝛿∆ is generally 0; If 𝛿∆ is not 
0, then the vector corresponding to it is the support vector, and the linear set of training 
sample vectors obtained is represented as 𝑘∆ 𝛿∆ 𝑦 𝑥 . Randomly select the support 
vector 𝑥  for further determining 𝑏∆: 𝑏∆ 𝑦 -𝑘∆ ∙ 𝑥 , and finally, the obtained judg-
ment function is shown in the formula: 

𝑔 𝑥 𝑙𝑜𝑔 𝑠 𝑘∆ ∙ 𝑥 𝑏∆ 𝑙𝑜𝑔 𝑠 ∑ 𝛿∆ 𝑦 𝑥 ∙ 𝑥 𝑏∆   (8) 

According to the classification of credit risk factors, factor mining can be achieved 
and effective prediction of credit risk can be made. 
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3 EXPERIMENT OF CREDIT RISK FACTORS FOR 
NEW AGRICULTURAL ENTITIES 

3.1 Experimental Data 

To verify the effectiveness of mining credit risk factors for new agricultural entities 
under the big data of agricultural economy, this article collected 1068 samples of credit 
for new agricultural entities in Jilin Province in 2023 through computer and web crawl-
ers as the dataset. Preprocess the data and classify the new agricultural management 
entities into three categories based on industry attributes: planting entities, animal hus-
bandry entities, and agricultural and sideline product processing entities. Business en-
tities that have not experienced overdue repayment or breach of contract can be recog-
nized as non defaulting samples and recorded as 0. The operating entity that fails to 
repay the loan on time or experiences overdue repayment within a given time period 
can be identified as a default sample, recorded as 1. Among them, there are 583 samples 
that have not defaulted, 485 samples that have defaulted, and the default rate of the 
samples is about 45.4%. 

3.2 Experimental Results 

The factors that cause credit risk in new agricultural entities can be divided into subject 
factors and object factors. Among them, the subject factor depends on the moral credit, 
management ability, and business scale of the new agricultural subject. Object risk fac-
tors include market demand, policies and regulations, natural disasters, and environ-
mental risks. Under the credit risk factor mining algorithm based on agricultural eco-
nomic big data, the factor weights were sorted, and the results are shown in Table 2: 

Table 2. Factor Weight Sorting 

Sequence Factor Relative Weight (%) 

1 Moral credit 21.03 
2 Management ability 5.88 
3 Business scale 17.34 
4 Market demand 19.01 
5 Policies and regulations 7.82 
6 Natural calamities 6.11 
7 Environmental risks 22.81 

From Table 2, it can be seen that the relative weight values of the four factors of 
moral credit, business scale, market demand, and environmental risk are relatively high, 
reaching 21.03%, 17.34%, 19.01%, and 22.81%, respectively. 

Based on the sorting results in Table 2, this article constructs a partial correlation 
graph of four factors: moral credit, business scale, market demand, and environmental 
risk, to deeply verify the impact of these four factors on the credit risk of new agricul-
tural entities in the operating time series, as shown in Figure 2: 
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Fig. 2. Analysis results of impact degree 

From Figure 2, it can be seen that with the passage of operating time, the impact of 
various factor variables on the credit risk of new agricultural entities gradually in-
creases, and the overall impact of each factor shows an upward trend. From the specific 
analysis results, in January, under the influence of four factors: moral credit, business 
scale, market demand, and environmental risk, the default rates of new agricultural en-
tities were 22.36%, 20.34%, 26.12%, and 24.55%, respectively. By December, under 
the influence of four factors, the default rates of new agricultural entities reached 
29.01%, 26.79%, 30.96%, and 30.09%, respectively. Compared with the default rate in 
January, the default rate in December increased by 6.65%, 6.45%, 4.84%, and 5.54%, 
respectively. 

To further verify the objectivity of the mining effect of credit risk factors for new 
agricultural entities in this article, the accuracy of the paper’s method for credit risk 
prediction was evaluated using the true values of the data samples as a reference, and 
compared with the traditional Random Forest (RF) method. The final results are shown 
in Figure 3: 

 

Fig. 3. Prediction accuracy evaluation results 
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From Figure 3, it can be seen that the accuracy of credit risk prediction for new 
agricultural entities based on agricultural economic big data in this article has signifi-
cant advantages. Under the operating time series of new agricultural entities, the credit 
risk prediction accuracy of the method proposed in this article can reach up to 91.60%, 
with an average prediction accuracy of about 88.13%. The accuracy of credit risk pre-
diction under traditional RF methods can reach up to 86.70%, with an average predic-
tion accuracy of approximately 82.48%. From the specific comparison results, com-
pared to the RF method, the method proposed in this paper has improved the average 
accuracy of credit risk prediction for agricultural entities by 5.65%. 

4 DISCUSSIONS  

In the experimental analysis, this article tested the mining effect of credit risk factors 
for new agricultural entities under agricultural economic big data from the aspects of 
weight ranking, impact degree analysis, and prediction accuracy evaluation. At the level 
of weight ranking, compared to other types of factors, the relative weight values of 
moral credit, business scale, market demand, and environmental risk are relatively 
higher. In the analysis of the degree of impact, under the influence of four types of 
factors, the default rate of new agricultural entities has shown a significant upward trend 
with the passage of operating time. This indicates that four factors, namely moral credit, 
business scale, market demand, and environmental risk, have a key impact on the credit 
risk of new agricultural entities. In the evaluation of prediction accuracy, compared to 
the RF method, the method proposed in this paper has a more ideal average accuracy 
result for predicting credit risks of agricultural entities. This indicates that with the sup-
port of agricultural economic big data, the paper’s method can more accurately and 
objectively mine risk factors and achieve effective prediction of credit risks for new 
agricultural entities. 

5 CONCLUSIONS 

With the vigorous development of agriculture in Jilin Province, the credit risk issues of 
new agricultural entities are becoming increasingly prominent. Traditional methods for 
mining credit risk factors lack effective data support, making it difficult to objectively 
and accurately mine and evaluate credit risk factors. In order to improve the objectivity 
and accuracy of risk factor mining and achieve good prediction of credit risk for new 
agricultural entities, this article combines agricultural economic big data to conduct in-
depth research on the mining of credit risk factors for new agricultural entities in Jilin 
Province. It not only effectively classifies and identifies key factors, but also objectively 
analyzes their impact, achieving accurate prediction of credit risks for new agricultural 
entities. From experimental analysis, it can be seen that the four factors of moral credit, 
business scale, market demand, and environmental risk have a significant impact on the 
credit risk of new agricultural entities. In the future development of new agricultural 
entities, it is necessary to improve from the perspective of their own moral credit and 
business scale, while paying attention to the impact of market demand and 
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environmental risks, and promoting the healthy development of the agricultural econ-
omy. Although this study has certain guiding significance for the sustainable develop-
ment of agricultural economy in Jilin Province, there are still limitations in this article. 
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