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Abstract 
Credit risk evaluation of corporate loans is important for preventing credit default risk. 
Based on a national village bank's SME loan data, this paper provides a comprehensive 
analysis of the influencing factors of loan default and builds a logistic regression model 
to predict the default rate of corporate loans. The credit rating master scale designed 
according to the borrower default rate classifies borrowers into 10 different credit 
classes, which effectively differentiate the risk categories of borrowers and thus 
provides theoretical support for bank loan approval decision. The empirical results 
show that years of operation, number of loans, annual sales revenue, execution interest 
rate, loan term, and lawyer-population ratio are significant in the model; both modeling 
sample and prediction sample have good default prediction ability. 
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1. Introduction 

In China, bank loans are the primary source of financing for small and micro enterprises. Since 
the State Council issued a notice on promoting the development plan of inclusive finance in 
2016, in the past five years, the balance of inclusive loans for micro and small enterprises grew 
from 740 million RMB to 1.53 billion RMB, with an average annual growth rate of 19.9%. 
Although the volume of loans is increasing year by year, SME loans still face the challenge. The 
low quality of accounting reports, high degree of information opacity and insufficient collateral 
of SMEs have caused serious information asymmetry problems between SMEs and banks, 
making it difficult for banks to effectively assess SME loan risks and banks' willingness to lend 
is insufficient. With the outbreak of COVID-19 in 2020, the ability of borrowers to repay the 
principal and interest has also been affected. The non-performing loan rate has increased 
significantly. How to reduce the non-performing loan rate of banks and improve asset quality 
has become a pressing problem for commercial banks to solve now. Based on pre-lending 
information, constructing quantitative risk evaluation models, making accurate predictions of 
the default risk of each loan and carrying out the credit rating system, can effectively improve 
banks' credit risk control ability and reduce credit losses. 
Commercial banks are of great significance to enterprise development and financial stability, 
and bank risk management has been intensively studied. He and Yang [1] examined the factors 
affecting bank loans default for small and micro enterprises by using data from a branch of a 
commercial bank, and the results showed that the contract amount, credit rating, industry in 
which the enterprise is located, and the type of enterprise ownership have significant effects on 
the probability of default. Zhang and Chen [2]used the Heckman model and found that 
indicators such as enterprise size, enterprise age, shareholding rate of the first shareholder, the 
number of overdue loans of the enterprise, the number of relationship banks and the number 
of services provided by the banks are related to the default of SME loans. Carvalho et al. [3] 
found that the probability of default of small enterprises is negatively related to the level of 
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collateral. Qian[4]conducted a study on the impact of bank-enterprise relationship and bank 
competition on the credit risk of SMEs and found that bank competition has a significant 
negative impact on credit risk. Zhou[5]established a Logistic model and found that the financial 
profit, the number of corporate shareholders, recruitment, legal compliance, as well as the 
credit status, domicile and assets significantly related to default. 
This paper is organized as follows: Part 2 analyzes the main influencing factors of bank loan 
default and establishes logistic regression model for empirical analysis; Part 3 analyzes the 
default discrimination based on the predicted default rate; Part 4 establishes the credit rating 
master scale and performs accuracy tests; Part 5 concludes the paper. 

2. Model and Basic Results 

2.1. Data Sources 
The data contains 44536 SME loans of a national commercial bank from 2011-2020, including 
default records, borrower and loan characteristics and regional variables. The explanatory 
variable is whether or not a loan is default, and when a borrower has more than 90 days past 
due on a particular loan, all of his loans are recorded as default. The explanatory variables 
include information on firm characteristics such as years of operation, annual sales amount and 
number of loans; basic loan information such as contract amount, loan term, loan interest rate, 
revolving loan; region variables such as GDP growth rate, lawyer-population ratio, digital 
finance index, and loan balance of local financial institutions. Annual sales revenue and contract 
amount are treated as logarithms. If the loan is revolving, the revolving loan is taken as 1 and 
the rest as 0. The lawyer-population ratio is the ratio of the number of lawyers to the local 
resident population. The digital finance index is from the Peking University Digital Inclusive 
Finance Index (2011–2020) compiled by the digital finance research center of Peking 
University and Ant Financial Services. After default identification by customer, there were 
4,542 defaulted loans, with a default rate of 10.2%. The descriptive statistics of the sample are 
shown in Table 1. 
 

Table 1. Descriptive statistics of the sample 
 Obs Mean Std. Min Max 

Years of operation(Year) 44536 12.13 5.35 1 51 
Logarithm annual sales (RMB) 44536 16.61 1.20 11.51 22.29 

Number of loans 44536 2.83 2.14 1 11 
Logarithm of contract amount ( RMB ) 44536 13.94 0.92 10.60 17.22 

Loan term (months) 44536 19.50 11.99 1 82 
Loan rate (%) 44536 8.61 1.98 2.61 22 
Revolving loan 44536 0.68 0.47 0 1 

GDP growth rate 44536 8.01 1.36 1.2 13.8 
Lawyer-population ratio 44536 13.68 2.05 1.17 22.23 

Digital Finance Index 44536 258.39 62.59 32.68 431.93 
Logarithm of region loan balance 44536 10.75 0.54 7.96 12.18 

2.2. Model Selection 
In this paper, a logistic regression model is selected to analyze the relationship between default 
and borrower characteristics, and a stepwise regression method is used to select significant 
variables. The model is as follows: 
 

   P(Y = 1|X) =
(    ⋯  )

(    ⋯  )
                                                  (1) 
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Where Y is a dichotomous variable, with 1 representing loan default and 0 representing no 
default, X , 𝑋 , ⋯, 𝑋 represents the factors influencing the borrower's default. 

2.3. Analysis of Empirical Results 
The results of stepwise regression are shown in Table 2. 
 

Table 2. Results of significant variables of the logistic model 
 Estimate Standard Error Z-Value P-Value 

Years of operation 0.0089 0.004 2.36 0.018 
Logarithm annual sales 0.132 0.017 7.71 <0.0001 

Number of loans 0.0698 0.010 7.27 <0.0001 
Loan term  0.0116 0.002 7.11 <0.0001 
Loan rate 0.1160 0.010 11.62 <0.0001 

Revolving loan -0.3440 0.042 -8.28 <0.0001 
Lawyer population ratio -0.0512 0.010 -5.07 <0.0001 

Logarithm of regional loan balance -0.7540 0.040 -19.06 <0.0001 
_cons 4.1899 0.440 9.52 <0.0001 

 
From Table 2, it can be seen that the years of operation, logarithm annual sales, number of loans, 
loan term, loan rate, revolving loans, lawyer population ratio and logarithm of regional loan 
balances are the significant variables obtained using the stepwise regression method and are 
the main significant factors affecting the default rate. 
The years of operation are significantly and positively correlated with the probability of default. 
When a firm has a short operating life, it tends to be more cautious in its operation. With the 
growth of the operating time, the enterprise may make some risky investments or face market 
changes, which will increase the credit risk. 
Annual sales revenue is significantly and positively correlated with the probability of default. 
Companies with high annual sales revenue and large sales scale tend to have higher loan 
amounts, and in case of operational problems, they have more difficulty in repaying their loans 
and therefore have a higher probability of default and greater credit risk. 
The probability of default of SMEs has a significant positive correlation with the number of 
loans. For borrowers with a high number of loans, banks have access to a lot of private 
information about their related companies and demand higher interest rates on loans. 
Companies tend to invest in high-risk areas to obtain high profit returns as they can easily 
obtain loans, which can increase their business risk and finally increase the probability of 
default. 
Loan terms is significantly and positively correlated with the probability of default. In general, 
the longer the maturity of the loan, the greater the uncertainty, the higher the risk of default for 
the borrower, and the higher the probability of default. 
Loan interest rate is significantly and positively correlated with default rates. Raising the loan 
interest rate will make it more difficult for the borrower to repay the loan, and further 
aggravate the moral hazard of the borrower. The loan rate also reflects the bank's judgment on 
the borrower's risk, and the actual default risk is consistent with the judgment in advance. 
Whether the loan is a revolving loan is significantly and negatively related to the probability of 
default. Revolving loans, as a measure of the relationship between banks and firms, can 
significantly reduce the probability of default of borrowers. Generally speaking, enterprises 
that can obtain revolving loans tend to be those with good operating conditions, strong solvency, 
as well as good creditworthiness, thus reducing the probability of loan default. 
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The lawyer-population ratio is significantly and negatively correlated with the probability of 
default. The lawyer-population ratio reflects the local legal environment and the efficiency of 
law enforcement. Generally speaking, in regions with high efficiency of law enforcement, the 
stricter the legal constraints on enterprises, the better the protection of creditors, and the more 
severe the penalties for corporate default, so the higher the lawyer population ratio, the lower 
the probability of default. 
The regional loan balance is significantly and negatively correlated with the probability of 
default. The higher the regional loan balance, the more developed the economy, the better the 
business condition, the stronger the repayment ability and the lower the default probability. 

3. Default Forecast 

For banks, the most important thing before lending is the credit assessment of the borrower to 
discern the magnitude of credit risk. Based on the logistic model results, default prediction is 
performed. Seventy percent of the samples were randomly selected as the modeling samples, 
and the rest were the prediction samples. First, the default probability of each borrower in the 
modeled sample is calculated, and then a threshold value (the critical probability value between 
default and non-default) is selected. If the default probability is greater than the threshold value, 
record the predicted value as default, otherwise as non-default. Figure 1 shows the 
correspondence between the threshold value and the prediction accuracy. 
As can be seen from Figure 1, the prediction accuracy of default prediction accuracy decrease 
rapidly with the increase of the threshold; the prediction accuracy of non-default and full-
sample increases slowly with the increase of the threshold. Because the misjudgment of default 
as non-default will bring serious capital loss to the bank, therefore, the accuracy of default 
sample discrimination is more important. Weighing the three together, this paper selects 0.1 as 
the threshold value. 
 

 
Figure 1. Threshold value and prediction accuracy 

 
Based on the discriminant criterion, the default probability prediction is performed for the 
modeling sample as well as the prediction sample respectively. Table 3 shows the prediction 
results of the model for the default probability of borrowers in the modeled sample as well as 
the predicted sample. As can be seen from Table 3, the prediction models established in this 
paper have similar prediction effects on the modeling sample and the prediction sample. The 
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accuracy of all kinds of forecasts is above 60%, especially ensuring the accuracy of default 
discrimination and effectively identifying credit risks. 
 

Table 3. Default prediction results 

 Prediction accuracy  

of default 

Prediction accuracy 

 of non-default 

Prediction accuracy  

of full sample 

Modeling sample 64.21% 62.21% 62.77% 

Prediction sample 64.82%   62.31% 62.58% 

4. Establishment and Test of the Master Scale 

4.1. Establishment of the Master Scale 
We use the prediction sample to create a rating master scale, which contains 10 grades. General 
business operation experience shows that the number of very good and very poor borrowers 
is small, while the number of borrowers with intermediate credit quality is predominant, so the 
distribution of customers on the bank rating master scale mostly shows a beta distribution with 
the peak at or near the center. In the above-mentioned default judgment, the borrowers' default 
probability is ranked. Borrowers with a default probability greater than 0.1 are classified as 
default and are assigned a C grade. The rest of the borrowers are classified according to the 
principle of "more in the middle and less at the ends", and are divided into 8 grades from AAA 
to CC, and the lower and upper bounds of default probability for each grade are determined. In 
addition, borrowers who have actually defaulted are classified as D grade. 
The master scale is shown in Table 4. The average probability of default can be used as the 
probability of default for borrowers of the same grade. The characteristic description is a 
qualitative overview of the borrowers group of that grade, and expresses the credit status of 
that grade in easy-to-understand language. 
 

Table 4. Credit Rating Master Scale 

Credit Grade 
Default probability interval 

Average default rate characteristic  Description 
lower bound upper bound 

AAA 0 0.032 0.026 Best 

AA 0.032 0.043 0.038 Excellent 

A 0.043 0.053 0.048 Good 

BBB 0.053 0.069 0.061 Better 

BB 0.069 0.081 0.075 General 

B 0.081 0.089 0.085 Focus 

CCC 0.089 0.095 0.092 Highlights 

CC 0.95 0.1 0.097 Extreme concern 

C 0.1 1 0.157 Predict default 

D 1 1 1 Actual default 

 
The distribution of borrowers of each grade is shown in Figure 2. The borrowers of grade C and 
D are not listed in Figure 2, and the proportion of borrowers of each grade to the total number 
of borrowers of eight non-default grades is shown. It can be seen that the classification of 
borrowers is in line with the characteristic of "more in the middle and less at ends", and the 
concentration of borrowers is moderate, which is in line with the business requirements. The 
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master scale basically meets the requirements, and the accuracy of the master scale will be 
tested below. 
 

 
Figure 2. Distribution of non-default borrowers 

4.2. Test of the Master Scale 
In this paper, the accuracy of the whole master scale is tested to verify how well the actual 
default frequency of each grade matches the set default probability using a chi-square test. The 
test is based on the premise that default events within the same grade or between different 
grades are independent of each other. Null hypothesis: the probability of default for all levels 
of the master scale is correct; alternative hypothesis: the probability of default set for at least 
one level is wrong. Define the statistic T: 
 

T = ∑
( × )²

× ×( )
                                                             (2) 

 
Where N  is the total number of borrowers at the k level, the set default probability is PD , and 
the actual number of defaulted borrowers is D . If PD  is the true default probability, then by 
the central limit theorem, when N → ∞(for all levels), the distribution of T will converge to a 
Chi-square distribution  (K). 
The test was performed at the significance level α=0.1. A total of 9 grades, except for grade D 
(actual default), were calculated with a t-value of 2.853<

.
(9) = 14.684. Therefore, the null 

hypothesis cannot be rejected and the probability of default for all grades of the main scale is 
considered correct. 

5. Establishment and Test of the Master Scale 

In terms of factors influencing loan default, years of operation, annual sales revenue, number 
of loans, loan rate, revolving loans, loan term, lawyer-population ratio and regional loan balance 
are significant influencing factors on loans default rate of commercial banks in China. 
Commercial banks need to pay attention to regional economic factors and market factors when 
making lending decisions. Interest rates should be set reasonably according to borrower 
characteristics to avoid moral risks of borrowers. Post-loan supervision should be 
strengthened and the default risk of borrowers with a high number of loans should not be 
ignored. 
This paper establishes a default rate prediction model based on the basic information of 
borrowers and loan characteristics, which has good prediction ability on both the modeling 
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sample and the prediction sample, and provides a basis for commercial banks to identify default 
and credit rating borrowers. 
The credit rating master scale designed based on customer default rates classifies borrowers 
into 10 different credit grades, effectively differentiating the risk categories of borrowers. The 
default probability of each grade is consistent with the actual default frequency, and the master 
scale is set reasonably, which provides a strong basis for the bank's borrower classification 
management. 
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