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Abstract 
By using the data of 2014 and 2015 about the 90 small and medium-sized en-
terprises credit default and normal samples from a joint-stock commercial 
bank, this paper builds the credit risk assessment evaluation index system to 
the small and medium-sized enterprise of commercial bank. Based on the lo-
git model, we make a test for the 30 enterprises of the testing samples. Finally, 
the evaluation model draws that the predicted probability of default of the 
model is as high as 90%, the reliability of credit risk assessment model is veri-
fied. 
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1. Introduction 

Credit risk assessment refers to the application of evaluation technology in 
commercial banks to quantitatively calculate the factors that may cause the risk 
of loan, which is to judge the borrower’s risk of default or the possibility of re-
payment, so as to provide decision and basis for the final loan, and to control 
and reduce the risk is the ultimate goal of credit risk assessment. Most of the en-
terprise credit rating standards implemented by commercial banks are based on 
the characteristics of large state-owned enterprises, which leads to the underes-
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timation of the credit rating of small and medium-sized enterprises to a certain 
extent, and the traditional credit management system of commercial banks can-
not meet the financing problems of small and medium-sized enterprises in the 
long-term development process. In addition, in order to promote the better and 
faster development of SMEs, we must first solve the problem of financing diffi-
culties for SMEs. Commercial bank loans are still the main way to solve the 
funding problems of SMEs. Therefore, for commercial banks, scientific assess-
ment of credit risk of SMEs is a difficult problem to be solved as soon as possi-
ble. Only in this way can commercial banks dare to support the financing of 
SMEs so that both parties can achieve a win-win situation. 

2. Literature Review 

At present, the research on credit risk of commercial banks at home and abroad 
is mostly biased towards large enterprises, while the research on credit risk as-
sessment of SMEs is relatively rare. 

Altman & Sabato (2007) used Logistic Regression Analysis to further expand 
Edmister’s forecasting model, and found through research that only the default 
forecasting model of SMEs constructed with financial indicators is considered. 
The accuracy prediction model built on a sample of all companies is 30% more 
accurate [1]. Altman et al. (2008) found that qualitative indicators can enhance 
the ability of SMEs to predict the default model, such as legal actions of credi-
tors’ recovery, company history documents, comprehensive audit data and 
company characteristics, etc. The role of qualitative information is significant 
[2]. Koyuncugil (2012) proposed the concept of establishing a financial early 
warning mechanism based on data mining technology. The reason is that the 
ratio of SMEs into financial crisis has increased year by year [3]. Yang Yuanze 
(2009) puts forward that financial enterprises should develop credit risk as-
sessment technology according to the characteristics of small and medium-sized 
enterprises, and gives some suggestions from the establishment of SME credit 
base database and the establishment of standardized SME credit risk assessment 
system [4]. Zhou Minliang (2010) thinks that the urgent task is to improve the 
credit division of commercial banks, enhance the efficiency of examination and 
approval, and improve the pricing [5]. Liu Cheng, Liu Xiangdong and Chen 
Gang (2012) constructed a risk assessment model based on credibility theory by 
using axiomatic credibility measure and analytic hierarchy process, and eva-
luated the loans of SMEs by examples. The results show that the model is feasi-
ble to some extent [6]. Guo Yan, Zhang Liguang, Liu Jia (2013) SME loan data 
to a commercial bank in Shandong Province issued as samples to build a credit 
risk evaluation index system for small and medium enterprises, and the estab-
lishment of a post-screening index logit regression model and LDA model, final 
select the credit risk assessment model for SMEs [7]. Guo Sujuan (2014) fo-
cused on analyzing the financial risk control and early warning of SMEs, and 
proposed solutions based on system construction, early warning indicators, as-
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sessment incentives and information sharing, and provided reference for the 
risk control of SMEs’ financial credit business under the jurisdiction of com-
mercial banks. And draw on [8]. Cui Linlin and Liu Rong (2015) summarize the 
successful measures of the international advanced banks on the internal control 
of SME credit business and risk management, and provide experience and en-
lightenment for strengthening the credit risk prevention and control of SMEs 
[9]. Wu Jingru (2016) combined the actual characteristics of small and me-
dium-sized enterprises, revised the credit risk evaluation index system, used 
fuzzy AHP to determine the weight of SME credit risk evaluation indicators, 
and constructed a scientific and reasonable SME credit risk evaluation index 
system [10]. 

At present, domestic research on credit risk of commercial banks is mostly 
biased towards listed companies. From the perspective of banks, there are rela-
tively few researches. The index system and evaluation model suitable for credit 
risk assessment of SMEs are scarce. Therefore, by referring to foreign advanced 
evaluation methods, the logit model is used to establish a credit risk assessment 
index system, and the credit risk of SMEs in China is comprehensively evaluated 
from a quantitative perspective. 

3. The Evaluation System Construction 
3.1. Sample Selection 

This paper obtained 63 data of defaulting SMEs from a domestic joint-stock 
commercial bank database, excluding 18 enterprises with incomplete data, un-
clear financial data and opaque information, and 45 remaining default samples, 
and selected 45 complete information credits. The companies are paired and the 
samples are based on data for 2014 and 2015. On the basis of the experience of 
discriminant model, 60 enterprises were randomly selected to form the modeling 
sample group, and the remaining 30 enterprises were test sample groups, among 
which the large sample number formation model was more persuasive, and then 
the rationality of the model was tested by using fewer sample numbers. 

3.2. Credit Risk Assessment Method 

The credit scoring method refers to giving a certain weight to a series of indica-
tor variables that affect the credit status of the borrower and can reflect the eco-
nomic situation of the borrower under certain circumstances, and then obtain 
the default of the borrower through certain specific techniques and methods. 
The probability value or the credit comprehensive score is finally compared with 
the previously set standard value, and the analysis determines whether to issue 
the loan. The credit scoring model enables banks to quantify the risks associated 
with special applicant credits in a short period of time. It is suitable for small and 
medium-sized enterprises with large and small-scale loans, including multiva-
riate discriminant analysis, logit regression and non-parameters method, etc. 
Because the database of SME loans in China is not perfect, multivariate discri-
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minant analysis and nonparametric methods are not applicable to SME credit 
risk assessment, while Logit regression model has fewer restrictions on applica-
tion than other methods, and the accuracy of judgment results is high practical. 
Therefore, logit regression analysis is used to evaluate the credit risk of SMEs in 
commercial banks. 

3.3. Credit Risk Assessment Indicator System 

Financial indicator system. Based on the characteristics of SMEs and the re-
search of reference scholars, the financial indicator system of credit risk as-
sessment is determined mainly from six aspects: solvency, operational capabil-
ity, profitability, development capability, cash flow and financial structure. 
Non-financial indicator system. Based on the availability of comprehensive sam-
ple enterprise information and the research of reference scholars, non-financial 
indicators are selected mainly from the aspects of industry status, enterprise as-
set scale, enterprise management level and quality of enterprise managers (Table 
1). 

3.4. Screening of Financial Indicators 
3.4.1. Inspection of Indicator Variables 
In order to obtain the significant difference of financial indicators, first of all the 
data normality test, and then use the parameter test and Nonparametric test 
method to select the 24 financial indicators selected, so as to eliminate the two 
groups of samples significantly less significant differences in the index. 

K-s (Kolnlogorov-smimov) was used to test the normal distribution of the 24 
financial indexes selected by two sets of samples. The test results were shown at 
0.05 of the significance level, X8, X9, X11, X22 and X23 in accordance with the 
normal distribution. Therefore, 5 indexes conforming to the normal distribution 
were tested by the Independent sample T test, and the non-conforming 19 fi-
nancial indexes were tested by nonparametric test. 

The Independent sample T test can be drawn: At 0.05 significance level, the 
significance of the Levene test of X22 and X23 was less than 0.05 in both 0.002 
and 0.032. The two-sided significance of the T-Test was observed, the P-value of 
X22 was less than 0.05, and the P-value of X23 was greater than 0.05, so X22 
passed the Independent sample T test. The Levene test of X8, X9 and X11 was 
more significant than the 0.05, P value and was more than 0.05, so it failed to 
pass the Independent sample T test. So only the X22 indicator has significant 
difference. 

By Mann-whitneyu Nonparametric Test, the results are as follows: There are 5 
financial indexes with P value greater than 0.05 i.e. no significant difference, 
which are X6, X10, X17, X18 and X21 respectively. 

After the normal test, the Independent sample T test and the Mann-Whitney 
u test, 15 financial index variables which have significant effect on the two sets of 
samples are retained. 
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3.4.2. Principal Component Analysis 
There is a certain correlation and substitution among the 15 financial indexes, so 
the main component analysis method is used to select the variables of the finan-
cial indicators. 

 
Table 1. Risk assessment indicator system. 

Indicator type sign Indicator name Calculation formula 

Financial  
indicator 

Solvency  
indicator 

X1 Current ratio Current assets/current liabilities 

X2 Quick ratio (current assets − inventory)/current liabilities 

X3 Cash ratio (cash + short-term investment)/current liabilities 

X4 Assets and liabilities (total liabilities/total assets) 

X5 Property ratio (total liabilities/owner’s equity) 

X6 Interest multiplier EBIT/interest expense 

Operational  
capability  
indicator 

X7 Accounts receivable turnover Net sales revenue/average accounts receivable balance 

X8 Inventory turnover Product cost of sales/average inventory balance 

X9 Current asset turnover Net sales income/average balance of current assets 

X10 Fixed asset turnover Net sales income/net fixed assets 

X11 Total asset turnover Net sales income/average total assets 

Profitability  
indicator 

X12 Operating gross profit margin (operating income − operating costs)/operating income 

X13 Net profit margin Net profit/sales income 

X14 Total asset profit margin Total profit/average amount of assets 

X15 Roe Net profit/average net assets 

X16 Operating profit margin Operating profit/operating income 

Development 
capacity  
indicator 

X17 Total asset growth rate Total asset growth this year/total assets at the beginning of the year 

X18 ROE growth rate 
(Return on net assets in the current period − return on net assets in the 
previous period)/Return on net assets in the previous period 

X19 Net profit growth rate 
(net profit for the period − net profit for the previous period)/net  
profit for the previous period 

Cash flow  
indicator 

X20 Cash flow ratio Net cash flow from operating activities/current liabilities 

X21 Cash due debt ratio Net cash flow from operating activities/debts due in the current period 

Financial  
structure  
indicator 

X22 Current debt ratio Current liabilities/total assets 

X23 Fixed asset ratio Fixed assets/total assets 

X24 Equity to debt ratio Total shareholders’ equity/total liabilities 

Non-financial 
indicator 

 

X25 Industry position Market share, influence level and technology leadership 

X26 Prospects for the industry 
State support, degree of technological development, stage of industry 
development, etc. 

X27 Business management level 
Business decision-making ability, management system, financial rules 
and regulations 

X28 Business owner’s own quality 
Manager’s management knowledge and management experience,  
education level, etc. 

X29 Corporate asset size Measured by total assets 
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Principal component Analysis (PCA) is a multivariate statistical method that 
uses the concept of dimensionality reduction to condense the original variables 
into a few principal components under the condition of least information loss. 
Xn is generally used to represent each variable, Fn represents the principal com-
ponent of the extraction, and its linear combination is:  

1 1 2 2n p PF an X an X an X= + + + . KMO and Bartlett test results show that the 
KMO value of 0.761 is greater than 0.7, can be the master component analysis. 
Bartlett Ball degree test P value is 0.00, less than 0.05 significance level, reject 0 
hypothesis, suitable for the analysis of the master component. According to the 
contribution rate of eigenvalues, variance and accumulative variance: The ei-
genvalues of 5 principal components are more than 1, and the accumulative 
contribution rate is 86.74%, so these 5 principal components can be more ideal 
instead of the original 15 financial indicators to reflect the financial situation of 
the enterprise. 

The orthogonal rotation method with the maximum variance is used to ob-
tain: F1 has a higher load on index variables X14, X13, X15, X16 and X19, which can 
be summarized as profitability; F2 has a higher load on index variables X24, X4, 
X1, and X2, which can be summarized as solvency; F3 has a higher load on X22, 
X20 and X23. Higher, these three indicators can be summarized as liquidity; F4 on 
the X5 load higher, this indicator can be summarized as capital structure; F5 on 
the X7 load higher, this indicator can represent the operating capacity of enter-
prises. 

3.5. Quantification of Non-Financial Indicators 

The previously built risk assessment indicator system includes 5 non-financial 
indicators, for the first 4 non-financial indicators, invited 6 experts according to 
the grading criteria and the company’s detailed information to the enterprise 
score, 6 experts have 3 from the financial institutions, has many years of expe-
rience in corporate credit, and 3 are college teachers, He has over more than 10 
years of teaching and research experience in related fields. The score is set to 1 - 
5, and each indicator averages the expert score. Asset size this indicator can be 
based on ln (total assets) (Table 2). 

4. Empirical Analysis 
4.1. Principle of Logistic Regression Model 

Logistic regression model is a non-linear model, which is mainly used to predict 
the probability of the variables affected by multiple factors through regression. 
The model’s dependent variable takes only two values (0 and 1), typically defin-
ing the dependent variable Y = 1 as an event occurrence, y = 0 defined as an 
event that did not occur. The probability of occurrence of events is usually 
represented by P, and P is regarded as a linear function of independent variables, 
that is, formula (6). Different forms of functions have different forms of the 
model, where we use the form of a linear function, the formula (7). 
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Table 2. Quantitative basis of non-financial indicator quantity. 

Indicator variable Rating setting 

Prospects for the  
industry 

According to whether the industry in which the enterprise is located has received strong support from the state, the degree of 
technological development, and the stage of development of the industry, it is divided into five levels: good, good, average, bad, 
and very bad. The scores corresponding to each level are 5, 4, 3, 2, 1. 

Industry position 
According to the market share, influence degree and technology leading position of the enterprise in the industry, it is divided 
into five levels: strong, strong, general, weak and weak. The scores corresponding to each level are 5, 4, 3, 2, 1. 

Business  
management  
level 

According to the ability of the enterprise to make important business decision-making, whether the management system of the 
enterprise is perfect, and whether the enterprise has complete financial records and financial rules and regulations, it is divided 
into five levels: high, high, normal, low and very low. The corresponding scores are 5, 4, 3, 2, and 1, respectively. 

Manager’s own  
quality 

According to whether the management theory of the main business operators is rich and perfect, whether there is enterprise 
management experience, education level and the number of years of leadership positions in the enterprise, it is divided into five 
levels: high, high, normal, low and very low. The scores corresponding to the ranks are 5, 4, 3, 2, and 1, respectively. 

 

( ) ( )1 1,2,3 ,i ip p y F X i kβ= = = = …                 (1) 

0 1 1 2 2 3 3 k kp X X X Xβ β β β β ε= + + + + +               (2) 

In order to overcome the problem of the higher nonlinearity of the function 
and the non-sensitivity of P-pair’s change in the vicinity of P = 0 or P = 1, the 
logistic transformation of P is introduced, i.e. the formula (8). After introducing 
the function ( )pθ  takes logit (0.5) = 0 as the center symmetry, ( )pθ  varies 
greatly around P = 0.5 and P = 1, and when p varies from 0 to 1 o’clock, ( )pθ
changes from −∞  to −∞ . Use ( )pθ  instead of p in the formula (7) to get the 
formula (9). 

( ) ( ) ln
1

pp Logit p
p

θ
 

= =  − 
                   (3) 

( ) 0 1 1 2 2 3 3ln
1 k kXp X

p
Xp Xβ β β βθ εβ

 
= = −

+ +…


+ + +        (4) 

The general representation of the Logit function can be derived from the for-
mula (9): 

( )0 1 1

e 1 1
1 e 1 e 1 e X kXK

p
θ

θ θ β β β ε− − + + +
= = =

+ + + 

            (5) 

Since the variables in the logistic model are two classified and discontinuous, 
the error distribution belongs to two distributions, so the regression coefficients 
in the logistic model need to be obtained by the maximum likelihood estimation 
method. 

( ) ( )( )11 , 1, 2, ,yiyi
i i i ip y p p i n−= − = …                (6) 

Among them, iy  = 1, if the company’s risk is high, the default rate is high; 

iy  = 0, if the company’s risk is small, the default rate is low. So when iy  = 0, 
( ) 1i i ip y p= − ; when iy  = 1, ( )i i ip y p= . Then the joint density function of n 

samples of the likelihood function can be expressed as: 

( ) ( )( )1

1 1
1

n n
yiyi

i i i i i
i i

L p p y p p −

= =

= = = −∏ ∏                 (7) 
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4.2. The Construction of SME Credit Risk Evaluation Model 

The probability of occurrence based SME loan defaults is p  

( ( )0 1 1

1
1 e K KX X

p
β β β− + +

=
+ 

), the probability that it will not default on a loan is 1 − 

p, 
1

P
P−

 for the SME loan default and non-default probability “occurrence ra-

tio”, recorded as odds. Then after the Logit transformation of P, there are: 

( ) 01 k k
pLn odds Ln X

p
β β

 
= = + − 

∑                (8) 

The Logisti credit risk assessment model is constructed based on 10 indicators 
selected from the Independent sample T test and 5 non-financial indicators: 

( )

0 1 1 2 2 3 3 4 4 5 5 6 25 7 26 8 27 9 28 10 29

1
pLn odds Ln

p
F F F F F X X X X Xβ β β β β β β β β β β

 
=  − 
= + + + + + + + + + +

(9) 

The transition to a nonlinear mode is: 

0 1 1 2 2 3 3 4 4 5 5 6 25 7 26 8 27 9 28 10 29F F F + F + F + X + X + X + + X )X(

1

1
p

e β β β β β β β β β β β+− + +
=

+
     (10) 

In practical applications, 0.5 is generally used as the dividing line of the de-
pendent variable to take 0 or 1. If the P value is closer to 0, the better the credit, 
the smaller the default rate, the more close to 1, the worse the credit, the higher 
the default rate. 

4.3. Logistic Regression Analysis 
4.3.1. Statistical Test of the Model 
After screening, 4 variables were retained, namely profitability F1, solvency F2, 
liquidity F3 and Industry development prospects X26 (Table 3 and Table 4). 

Test the goodness of fit of the model by Hosmer and Lemeshow test, the test 
results show that the chi-square value is 6.902, P value is 0.547, greater than the 
significance level, does not reject the original hypothesis, the model is estimated 
to fit the data at an acceptable level. In addition, the results from Table 3 can be 
seen that the model of Cox & Snell R side is 0.559 and Nagelkerke R Square is 
0.746, through the above analysis can be seen that the model goodness of fit bet-
ter. 

4.3.2. Coefficient Estimation and Interpretation of the Model 
In Table 3, the SME loan risk assessment model can be obtained by substituting 
factor: 

( )1 2 3 264.565 3.463 2.330 3.327 1.698

1
1 e F F F X

p
− − − − − +

=
+

             (11) 

 
Table 3. Hosmer and Lemeshow inspection. 

Step χ2 df Sig. 

7 6.902 8 0.547 
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Table 4. Variable filter tables. 

Variable B S.E, Wals Sig. 

Profitability 1F  −3.463 1.120 9.553 0.002 

Solvency 2F  −2.330 0.788 8.750 0.003 

Flow ability 3F  −3.327 1.009 10.875 0.001 

26X  1.698 0.807 4.422 0.035 

Constant −4.565 1.894 5.809 0.016 

−2 log likelihood value 34.001b 

Cox & Snell R side 0.559 

Nagelkerke R side 0.746 

 
Substituting p in Equation (9) includes: 

1 2 3 264.565 3.463 2.330 3.327 1.698e F F F Xodds − − − − +=               (12) 

As can be seen from the formula (10), the occurrence ratio also changes when 
the independent variable changes. The ratio of the occurrence of the change to 
the occurrence before the change is known as the rate of occurrence, so that the 
self-variable can be used to interpret the occurrence ratio. 

( )1 2 3 26

1 2 3 26

4.565 3.463 1 2.330 3.327 1.698
3.463

4.565 3.463 2.330 3.327 1.698
1

e e
e

F F F X

F F F X

odds
odds

− − + − − +
−

− − − − += =         (13) 

From the formula (11) It can be seen that: when the rate of occurrence is 
greater than 1 o’clock, the independent variable has a positive effect on the oc-
currence probability of the event, and when the rate of occurrence is less than 1 
o’clock, the independent variable has a reverse effect on the occurrence proba-
bility The ratio of the last remaining 4 variables (F1, F2, F3, X26) in the logistic 
model is calculated, as shown in Table 5. 

As seen from Table 4, profitability F1, solvency F2 and liquidity F3 have a re-
verse effect on the probability of default in enterprises, and the development 
prospect of the industry X26 has a positive impact on the probability of the oc-
currence of default. 

4.4. Model Evaluation and Predictive Ability Analysis 

The usual statistical inference hypothesis testing two types of errors may occur, 
the Type I error may cause the loss of bank interest and loan principal; Type II 
error may cause the bank not to credit the “good” corporate loans and lose some 
interest income. So in practice, you should minimize the probability of the first 
type of error occurring. This article analyzes the first and second classes model 
error rates by selecting different default demarcation point. As can be seen from 
Table 6, with the gradual increase of the default demarcation point, the proba-
bility of the first type of error gradually increases, the probability of the second 
type of error gradually decreases, the impact rate of the first type of error is more 
serious, so on the premise of low miscalculation rate of the first type of error and 
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strong overall predictive ability of the model, When the credit risk of commer-
cial banks is evaluated by using logit model, 0.5 is usually the boundary point, 
which is consistent with the traditional boundary point selection standard. At 
this boundary point, the first type of error rate is 3.3%, the second type error rate 
is 10%, the first class error rate is relatively low, the overall accuracy rate of the 
model is 93.3%, the prediction effect is more ideal. 

4.5. Logistic Regression Model Test 

Inspection of the credit risk assessment model developed above data test sample 
set, enter data into the formula, we can obtain the probability of default, and 
then compared with the default cut-off point, which can evaluate credit risks. 
Table 7 shows, in the default cut-off point of 0.5, the correct model was 90%, 
slightly lower than the 93.3% obtained by modeling the sample, which have a 
certain relationship with the test sample size of the sample set, but in general, 
prediction model or ideal. 

5. Conclusion 

Through analysis, it is concluded that the 3 financial index variables of profita-
bility F1, solvency F2 and liquidity F3 have a negative effect on the probability of 
default. This non-financial index has a positive effect on the probability of de-
fault of the enterprise by analyzing the X26 of the industry development. The  
 
Table 5. Variable occurrence ratio statistics. 

Indicator variables Coefficient β Occurrence ratio Exp (β) 

Earning power 1F  −3.463 0.031 

Ability to repay debt 2F  −2.330 0.097 

Flow capacity 3F  −3.327 0.035 

Industry development Prospects 26X  1.698 5.4630 

 
Table 6. Judgment results of different default cut-off points. 

Default point of 
demarcation 

Classification sample 
percentage 

First error  
rate 

Second type 
error rate 

Overall false 
positive rate Normal (30) Default (30) 

0.5 
27 3 90.0% 

3.3% 10% 6.6% 
1 29 96.7% 

 
Table 7. Test results statistics. 

Default point of 
demarcation 

Classification  
sample group Correct rate 

percentage 
First  

error rate 
Second type 

error rate 
Overall false 
positive rate 

Normal (15) Default (15) 

0.5 
13 2 

90% 6.6% 13.3% 10% 
1 14 
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overall prediction accuracy rate of the Logit model for SME credit risk assess-
ment is 93.4% for the selected sample group, and 90% for the test sample group. 
Generally speaking, the prediction effect of the model is better. The model can 
be used to measure the credit risk of SMEs in China and the actual operation of 
commercial banks. It has a good reference meaning. In view of the confidential-
ity of the information of commercial banks, the acquisition of sample data is dif-
ficult, resulting in that the selection of sample size is small, the future research 
can appropriately expand the sample scale, at the same time, the introduction of 
macro-economic variables, industrial variables and other non-financial factors 
for analysis, in order to further improve the accuracy and applicability of the 
model. 
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