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ABSTRACT 
With the rapid development of China's multilevel capital markets, small and medium-sized enterprises gradually occupy 
an important part of the market economy. Due to the characteristics of small scale, simple technology, low financing 
and capital utilization efficiency of SMEs, commercial banks will have concerns when facing loans, therefore a more 
effective credit evaluation criteria should be designed. This article studies the default risk and credit strategy of SMEs 
from the perspective of banks. For the default risk assessment system, the default risk prediction model is constructed 
based on the Logistic regression model, and the corporate reputation rating model is constructed based on the CART 
decision tree. For bank credit strategy decisions, risk reduction and profit gain should be balanced reasonably. The 
establishment of the dual-objective optimization model can better deal with the trade-off between risk and profit, thus 
determine the bank's loan strategy. The Pareto efficiency of the model is obtained by NSGA-II optimization technology. 
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1. INTRODUCTION 

In the development of China's national economy, 
Small and Medium-Sized Enterprises (SME) have an 
irreplaceable position, not only as a catalyst for economic 
growth, but also as a driving force for stimulating new 
vitality of the national economy [1]. Due to the 
characteristics of small scale, simple technology, low 
financing and capital utilization efficiency of SMEs, the 
state has issued a number of policies to support the 
development of SMEs in recent years, including credit 
policies [2, 3]. Therefore, credit loans have become an 
important way for SMEs to flourish, and it is also the 
economic lifeline of commercial banks. Bank credit is an 
economic activity in which banks temporarily lend part 
of their deposits to enterprises and institutions, then 
collect them within an agreed time and charge a certain 
amount of interest. In general, SMEs are susceptible to 
factors such as policies and markets, and the default risk 
is higher than that of the large enterprises. Therefore, the 
realization of risk avoidance and profit maximization of 
bank loans to SMEs has become an important concern of 
the contemporary era. 

In this article, the corporate default risk assessment 
model is constructed based on the statistical methods 
such as Logistic regression and decision trees to conduct 
risk assessments on companies with and without credit 

records, respectively [4-6]. All data is extracted from the 
invoices of 123 companies with credit records and 302 
companies without credit records. For numerical 
variables, the invoice data of a specific company is 
merged, so that the final indicator data is presented 
quarterly. For text variables, based on the sequence 
relationship and specific meaning, the text content of the 
variable is mapped to a numerical representation. 

2. INDEX EXTRACTION 

In order to measure the credit risk of SMEs more 
comprehensively, this article uses non-financial 
indicators and qualitative indicators to construct the 
credit risk assessment model, and obtains 5 primary 
indices and 17 secondary indices, as shown in Table 1. 

The correlation analysis of the 17 secondary indices 
selected above indicates the existence of 
multicollinearity, which would reduce the robustness of 
the credit evaluation model if the indices are used directly, 
and the prediction results will be inaccurate as a result. In 
order to reduce the impact of the correlation between 
indices and retain the effective information in the indices 
as much as possible, stepwise regression analysis is used 
to select indices. The idea is to introduce indices into the 
model individually: after each index is introduced, every 
index in the model need to be tested individually. 
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The stepwise regression results of the 17 secondary 
indices are shown in Table 2. The stepwise regression 
results of 17 secondary indicators are shown in Table 2. 
The analysis shows that the p-value of the F test is less 
than 0.005, and the model is valid through the 
significance test. The VIF value of each index is much 
less than 10, and there is no multicollinearity between the 
indices.  

Table 1. Primary and secondary index of the enterprises 

Primary index Secondary index 

Enterprise scale Tax payment 𝑋  

The total number of invoice 𝑋  

The number of income 

invoice 

𝑋  

The number of output 

invoice 

𝑋  

Profitability Tax payment growth rate 𝑋  

Operating revenue 𝑋  

Net profit rate on sales 𝑋  

Development 

ability 

High-tech enterprise 𝑋  

Operating revenue growth 

rate 

𝑋  

Net profit rate growth rate 𝑋  

Supply and 

demand 

stability 

The number of buyers 𝑋  

The number of sellers 𝑋  

Negative invoice rate 𝑋  

Trade stability 𝑋  

Corporate 

reputation 

Income invoice invalid rate 𝑋  

Output invoice invalid rate 𝑋  

Enterprise credit rating 𝑋  

 
Table 2. Stepwise regression results of the indices 

 B RMSE t-value p-

value 

VIF 

Intercept 1.056 0.115 9.195 ＜

0.001 

N/A 

𝑋  (0.012) 0.001 (9.139) ＜

0.001 

1.251 

𝑋  0.730 0.256 2.850 0.005 1.226 
𝑋  (0.047) 0.018 (2.564) 0.012 1.140 
𝑋  (0.012) 0.006 (2.172) 0.032 1.112 

After stepwise regression, 4 effective indices are 
finally extracted: net profit rate on sales  𝑋 , trade 
stability  𝑋 , output invoice invalid rate  𝑋  and 
enterprise credit rating 𝑋 . 

 

3. DEFAULT RISK ASSESSMENT SYSTEM 

From the perspective of bank interests, the risk 
assessment of a company is a necessary preparation 
before operating a loan. In order to quantify the credit risk 
more accurately, this chapter takes the four indices 
extracted above, combined with the credit rating of each 
company, and builds a reasonable credit risk evaluation 
system through the Logistic binary model to effectively 
reduce the credit risk faced by banks. 

3.1. Default Risk Prediction Model 

3.1.1. Logistic Regression Model 

Logistic regression is a non-linear model used to 
predict the probability of events affected by multiple 
factors. The default risk prediction model is established 
based on Logistics regression as follows: 

ln 𝑌 ln
𝑃

1 𝑃
𝛽 𝛽 𝑋 𝛽 𝑋 𝛽 𝑋 𝛽 𝑋  

Where 𝑌 is the enterprise default label, and 𝑃 is the 
enterprise default probability. 

Take 0.5 as the critical value, and provide loans to 
enterprises whose regression default probability does not 
exceed 0.5. The estimation of the model parameters is 
obtained through ten-fold cross-validation, and the 
regression results are as follows: 

ln
𝑃

1 𝑃
13.95 0.41𝑋 0.07𝑋 0.87𝑋 0.26𝑋  

3.1.2. Model Testing and Evaluation 

Comparing the enterprise default probability based on 
Logistic regression prediction with the actual default 
record, and combining the results of ten-fold cross-
validation, the confusion matrix of the default risk 
prediction model is shown in Table 3. 

Table 3. Confusion matrix of the regression model 

  Predicting 

value 

Accuracy  Error 

rate 

  0 1   

Actual 

value 

0 96 0 100.00% 0.00% 

 1 3 24 88.89% 11.11% 

Total value  97.56% 2.44% 

From Table 3, the model's prediction accuracy is 
97.56%. The p-value of the likelihood ratio chi-square 
test is less than 0.001, the AUC is 0.973, the recall is 
0.976, and the 𝐹 -value is 0.975, which is the harmonic 
mean of the precision and the recall. The AUC, accuracy, 
precision, recall and the 𝐹 -value are all close to 1, which 

Advances in Economics, Business and Management Research, volume 166

282



   

 

reflects the effectiveness of the default risk prediction 
model. 

3.2. Corporate Reputation Rating Model 

Corporate reputation is an important indicator for 
banks to assess the risk of default, divided into four levels: 
A, B, C, and D. Banks will not grant loans to companies 
with a corporate reputation of D [7, 8]. 

For companies with credit records, take corporate 
reputation as a known independent variable and establish 
a Logistic regression model according to section 3.1 to 
quantify the corporate credit risk. However, for 
companies without credit records, their corporate 
reputation cannot be directly obtained, then the credit risk 
assessment model lacks the indicator data. Therefore, 
banks first need to indirectly evaluate the corporate 
reputation level through factors such as corporate scale 
and corporate operating revenue, then bring it into the 
Logistic regression model to estimate the probability of 
default. The following provides a method to evaluate the 
reputation of companies without credit records by 
constructing a decision tree. 

The CART decision tree algorithm consists of feature 
selection, tree generation and pruning [9]. A bipartite 
recursive segmentation technique divides the current 
sample into two sub-sample sets, so that each non-leaf 
node generated has two branches. The CART decision 
tree algorithm for classification takes the Gini index 
instead of the information gain ratio [10]. The Gini index 
represents the impurity of the model, and a lower Gini 
index represents a higher model effectiveness. 

The factor data and corporate reputation of 123 
companies with credit records are used to train the CART 
decision tree as shown in Figure 1. Then the corporate 
reputation estimates of 302 companies with no credit 
records are obtained from their factor data through CART 
decision trees. Finally, through the Logistic regression 
model established in Section 3.1, the company's default 
probability 𝑃  is estimated to determine whether to lend. 

 

Figure 1 CART corporate reputation decision tree. 

4. CREDIT STRATEGY DECISION 

After evaluating the default risks of enterprises, banks 
should maximize their own interests while avoiding risks. 
Therefore, the credit strategy design of commercial banks 
needs to optimize both the tolerable risk and profit. 

In this chapter, in order to effectively balance default 
risk and loan interest, a dual-objective optimization 
model is constructed to propose reasonable and 
beneficial credit strategies for banks, and the optimal 
solution of the dual-objective optimization model is 
determined by genetic algorithm [11-14]. 

4.1. Dual-Objective Optimization Model 

Banks will not grant loans to companies with a 
corporate reputation of D. For companies with corporate 
reputations of A, B, and C, the amount of loans given to 
them by banks is also different due to various default 
risks. Assuming that the amount of bank loans to each 
enterprise is between 100,000 and 1 million, the annual 
interest rate for loans to each enterprise is between 4% 
and 15%. 

From the perspective of banks, it is necessary to 
simultaneously consider obtaining as high profit as 
possible while reducing the risk of corporate default and 
minimizing the churn rate of potential customers, so as to 
avoid the gradual decrease of bank customers in the 
future. Therefore, assuming that the relationship between 
the annual interest rate of loans of different corporate 
reputation and the customer churn rate is known, this 
section constructs a dual-objective optimization model to 
balance the relationship between profits and risks. 

Suppose the number of companies that the bank 
agrees to lend is 𝑛, the amount of the bank lends to the 𝑖-
th company is 𝑎 𝑖 1, 2, … ,𝑛 , the annual interest rate 
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is 𝑏 𝑖 1, 2, … ,𝑛 , and 𝑓  represents the total income 
obtained by the bank through loans in one year. Then 
introduce the reputation level parameter ζ 𝑖 ∈ 𝐴,𝐵,𝐶  
of the 𝑖-th company, let 𝜇 𝑏  denote the customer churn 
rate when the bank sets the annual interest rate of the 𝑖-th 
company as 𝑏 , and suppose the customer churn rate of A, 
B, and C levels are 𝜇 𝑏 ,𝜇 𝑏  and 𝜇 𝑏 , thus: 

𝜇 𝑏

𝜇 𝑏 ，ζ 𝑖 𝐴

𝜇 𝑏 ，ζ 𝑖 𝐵

𝜇 𝑏 ，ζ 𝑖 𝐶

 

𝑓 𝑎 𝑏 1 𝜇 𝑏
: .

 

When making loans for enterprises, it is necessary to 
consider the losses suffered by the bank in default of the 
enterprise. Generally, the larger the loan amount, the 
higher the risk of default by the enterprise, and the greater 
the profit that the bank may lose. Suppose the bank's loss 
amount is 𝑓 , thus: 

𝑓 𝜇 𝑏
: .

𝑛 

Assuming that the bank's total annual credit is 100 
million, the two-objective optimization model is 
established as follows: 

⎩
⎪
⎨

⎪
⎧𝑓 𝑚𝑎𝑥 𝑎 𝑏 1 𝜇 𝑏

: .

𝑓 𝑚𝑖𝑛 𝜇 𝑏
: .

𝑛
 s. t.  

⎩
⎪
⎨

⎪
⎧ 10 𝑎 100

0.04 𝑏 0.15

𝑎
: .

10000
 

4.2. Model Solving by Genetic Algorithm 

First, randomly generate an initial population with a 
size of N. After non-dominated sorting, the first 
generation progeny population is obtained through the 
three basic operations of genetic algorithm selection, 
crossover and mutation. Secondly, starting from the 
second generation, the parent population and the 
offspring population are merged to perform fast non-
dominated sorting, and at the same time, the crowding 
degree of the individuals in each non-dominated layer is 
calculated, and the appropriate individuals are selected 
according to the non-dominated relationship and the 
crowdedness of the individuals to form a new parent 
population. Finally, a new progeny population is 
generated through the basic operations of genetic 
algorithm, and iterates until the conditions for the end of 
the program are met. 

 

Figure 2 Pareto optimal solutions of the model. 

Set the number of iterations to 250, the training set is 
the data of 123 companies with credit records, and all 
Pareto optimal solutions are obtained as shown in Figure 
2. Each scattered point in the figure represents a specific 
lending strategy, that is, banks can issue different loan 
amounts to 123 companies in accordance with their own 
different preferences for customer churn rate and loan 
returns, where 𝑓  represents the total profit of the bank, 
and 𝑓  represents the average customer churn rate. The 
annual interest rate set by the bank when issuing loans 
directly determines the bank’s total loan profit, and 
Figure 2 shows that 𝑓  and 𝑓  are positively correlated. 
When the bank increases the annual interest rate and 
expects to obtain high profits, it will also cause an 
increase in customer churn rate. Banks need to balance 
profit and customer churn rate. Therefore, the solution 
that balances the total profit and the risk should be 
selected as the final solution of the model. 

5. CONCLUSION 

The development of small and medium enterprises is 
in a bottleneck period. Based on the data set of 123 
companies with credit records and the data set of 302 
companies without credit records, this article establishes 
a default risk assessment system through Logistic 
regression and CART decision tree, and balances bank 
profits and risks and design the credit strategy through 
dual-objective optimization model. 

In the social environment of the rise of big data, banks 
can establish big data risk assessment models to quantify 
credit risks. Combining the background of the times and 
market demand, banks can help small and medium-sized 
enterprises while effectively avoiding risks and 
promoting the vigorous development of the Chinese 
economy. 
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