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,e paper aims to propose a new method to state the credit risk characteristics of the regional listed companies in China and
makes the listed companies avoid involving in credit crisis. ,e paper selects fifty-four listed companies of Hebei Province as the
research sample and establishes the index system of listed company’s credit risk evaluation from four financial index categories
which included profitability, operating capacity, solvency, and growth capability. ,e paper first filtrates fifteen indexes by using
the gray clusteringmethod from the four financial categories and finds out the effective variables of the predictionmodel.,en the
paper predicates the credit risk probability of the listed companies by using the logistic regression model. Finally, by analyzing the
financial data of annual reports of fifty-four listed companies in Hebei Province from 2012 to 2017 as sample data, the simulation
experiment empirical test is carried out by using SPSS software. ,e results show that the logistic regression model with gray
clustering analysis has high predictive accuracy and has a strong predictive ability to evaluate the credit risk of listed companies.
,e gray logistics evaluation plays a very good role in financial early warning for regional listed companies in China.

1. Introduction

Credit risk of the listed companies is concerned by increasing
investors and researchers. ,e researchers usually build a
credit risk assessment model to avoid credit risk. ,ere are
four evaluation methods which are widely used [1]. ,e four
methods include credit rating method, pluralistic statistic
analysis method, dynamicmeasurement analysis method, and
artificial intelligence like neural network method. However,
the four methods have some defects. For example, the credit
rating method is a subjective conjecture; therefore, the
method is quite limited. ,e dynamic measurement analysis
method can accurately describe the credit risk which is caused
by the change of enterprise credit quality [2]. However, the
stock market of China is not mature yet; the value of the stock
market cannot reflect the real value of the enterprise. ,e
defect of artificial intelligence method is that sometimes the

method may get into local optimum and sometimes the
method cannot get the optimal solution [3]. ,e pluralistic
statistic analysis method is a traditional statics method. It
mainly includes pluralistic discriminant analysis and logistic
model analysis. ,e method is comparatively mature and
widely used in many fields. ,e logistic model is adopted by
many scholars. For example, a famous researcher named Tang
Haiou has analyzed the financial indexes of 30 listed com-
panies and verified the effectiveness of the Z-score model.
Logistic model analysis establishes the logistic regression
model by using the original data. ,is method is easy to
operate. However, sometimes this method cannot get higher
prediction accuracy [4].

,erefore, in this paper, the authors establish the logistic
regression model of listed companies’ credit risk and make
use of the gray clustering method to estimate the parameters
of the model. ,e logistic regression model is easy to operate
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and the gray clustering method can improve the prediction
accuracy. ,e paper studies the credit risk of Chinese re-
gional listed companies and their financial condition. Fi-
nancial indexes are used as dependent variables to quantify
the risk. ,e credit risk evaluation focuses on the debt re-
payment ability. ,e value of variables is divided into two
types: “default” and “normal,” corresponding to the com-
panies with high credit risk and the companies with low
credit risk [5]. Variables that the paper selects are binary
variables, and the paper uses the logistic regression model to
predicate the credit risk of the listed companies because this
method is widely used in solving binary classification
problems. As we know, if the company with higher risk is
considered as a normal company, it will be more dangerous
than the lower credit risk company which is considered as a
higher credit risk company. ,erefore, the paper can use 0.3
as the cut point to build the logistic regression model. ,e
accuracy rate of the logistic regression model can reach
81.5%.,e paper uses logistic regression analysis as the main
modeling method. To select model indexes, the gray cor-
relation clustering method is used to simplify the index
system of credit risk evaluation and can avoid multicollinear
problems of explanatory variables [6]. ,erefore, this paper
combines the gray relational clustering method with the
actual conditions of the credit risk model to select variables
and constructs the logistic regression model. ,e paper also
analyzes and assesses the credit risk of the listed companies
in Hebei Province. It not only effectively reduces the mul-
ticollinear problems of explanatory variables but also en-
sures the explanatory maximum of variables [7].

2. Methods

2.1. Building Models

2.1.1. Standardization of Assessment Index. Assuming that
the number of observation objects is m, X � (X1, X2, ...,

Xn)T is an n-dimension random vector. X is the financial
index of the company. n is the number of selected financial
indexes. Due to the different value ranges or measurement
units of the selected financial indexes, it is necessary to
standardize the financial indexes. ,e common types of
index attribute values can be divided into benefit index, cost
index, and fixed index. ,e benefit index is the index that is
the larger the better. ,e cost index is quite opposite. ,e
fixed index is the index closer to a certain value, the better it
is [8]. Generally, we can take the following methods to deal
with these three types of indices:

,e benefit index

xij �

xi(j) − min
j

xi(j) 

max
j

xi(j)  − min
j

xi(j) 
. (1)

,e cost index

xij �

max
j

xi(j)  − xi(j)

max
j

xi(j)  − min
j

xi(j) 
. (2)

,e fixed index

xij � 1 −
xi(j) − xi

′(j)




max
j

xi(j) − xi
′(j)



, (3)

where xi
′(j) is the optimal value of the fixed index x(j)

,e standardized matrix Y can be obtained by stan-
dardizing the original index values according to the above
method.

Y �

y1(1) y1(2) · · · y1(m)

y2(1) y2(2) · · · y2(m)

⋮ ⋮ · · · ⋮

yn(1) yn(2) · · · yn(m)

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

. (4)

2.1.2. Gray Relational Cluster Analysis. ,e company’s fi-
nancial index is high relevance and multicollinearity. If the
independent variables are not tackled, the predictive func-
tion of the logistic regression model will be greatly reduced
[9]. ,erefore, this paper uses the gray correlation clustering
method to tackle the financial indexes of the company, to
simplify the indexes, and to reduce their correlation and
collinearity [10].

Gray relational clustering can calculate the correlation
degree of each sample according to the gray theory and
combine the similar factors by forming the correlation
matrix of characteristic variables [11]. ,is paper uses the
method of gray correlation clustering to cluster the selected
financial indexes. Each cluster is regarded as a collection of a
series of similar index variables. Financial indexes are
reclassified by clustering and the most representative factor
in each cluster is selected to represent this series. ,e gray
clustering method not only ensures the adequacy of infor-
mation but also reduces the multicollinearity problems
between variables [12].

,e standard matrix Y, for all i≤ j, i, j � 1, 2, ..., n,
calculates the absolute correlation degree εij of Yi and Yj;
thus, the triangular matrix A is obtained.

A �

ε11 ε12 · · · ε1n

ε22 · · · ε2n

⋱ ⋮
εnn

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

Here, εii � 1, i � 1, 2, ..., n, is called the characteristic
variable correlation matrix for matrix A.

If the critical value R∈ [0, 1] is taken, it is generally required
R> 0.5. When εij≥ R, Yi and Yj are merged into one class. ,e
critical value affects the classification. Generally, the larger theR
value is, the closer to 1 it will be. ,e finer the cluster is, the
fewer variables in the cluster group there will be. ,e smaller
the value of R is, the closer to 0 it will be and the coarser the
cluster is, and there will be more variables in the cluster group.
R can be adjusted according to the actual needs and the
correlation between the factors. ,en we determine the final
index variables to construct the logistic regression model. ,e
method mentioned above has no requirement for sample size
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and is easy to operate. It can effectively overcome the problem
of multicollinearity between variables [13].

2.1.3. Model Building. If we study the credit risk of a
company, the value of the credit risk of the company can be
regarded as a binary variable which is a random variable with
(0-1) distribution. Logistic regression is the most commonly
used method to study these variables [14].

Suppose that the original data sequence of financial
index variables of a listed company is Xi � (xi(1),

xi(2), ..., xi(n)); then Yi � (yi(1), yi(2), ..., yi(n)) is the
actual observation value [15]. ,e nonlinear relationship
between the probability of credit risk which the model as-
sumes and the variables of financial indexes will appear as
follows:

p Yi � 1|Xi(  � F Zi(  �
1

1 + e
− Zi

. (5)

By using the logit equation, (5) is transformed into a
linear function:

log itP � ln
p

1 − p
  � Zi � β0 + 

n

k�1
βkxki. (6)

,e financial index variables function as follows:

Zi � β0 + 
n

k�1
βkxki. (7)

Equation (6) is the logistic function. Equation (7) is the
linear combination of financial index variables that affect the
probability of credit risk occurrence. xi is the explanatory
variable. Parameter β0 is a constant term. Parameter βk is a
logistic regression coefficient. n is the number of financial
index variables. Usually, we use the iterative method to
estimate the constant term and regression coefficient in the
logistic function [16]. According to gray theory, we build a
differential equation [17]:

dt
(1)

dx
+ ax

(1)
� u. (8)

,e letter a and the letter u are called undetermined
coefficients [18]. ,e interval value of a is (−2, 2). We can
obtain the matrix a-u, and the matrix is called gray pa-

rameter matrix. ,e matrix is a �
a

u
 . By calculating the

parameter a and parameter u [19], we can obtain the
forecasting value x(0). ,en the paper carried out the ac-
curacy test of the gray model. ,e residual error test is
carried out. ,e residual error function is as follows:

E(k) � x
(0)

(k) − x
(0)

(k). (9)

,e variance of residual error is described as follows:

E �
1

n − 1


n

k�2
E(k). (10)

,e mean value of residual error is described as follows:

S2 �

�������

1
n − 1



n

k�2




[E(k) − E]
2

. (11)

2.2. Empirical Analysis

2.2.1. Sample Selection and Index Selection. From 2012 to
2017, there are 56 listed companies in Hebei Province; one of
them is an ST company. To ensure the comparability of the
samples, Fangzhan, which is ST company, is removed. Due
to the particularity of financial indexes of financial enter-
prises, Baoshuo shares were also removed. ,erefore, the
samples of this paper are 54 listed companies in Hebei
A-share market from 2012 to 2017. ,ese 54 companies
belong to 18 different industries in the industry classification
by China Securities Regulatory Commission, and they have
strong industrial representation [20]. ,e 18 industries are
numbered as follows.

A1: coal industry, A2: food manufacturing industry, A3:
liquor and beverage manufacturing industry, A4: metallur-
gical industry, A5: cement manufacturing industry, A6:
chemical industry, A7: furniture manufacturing industry, A8:
textile industry, A9: leather, fur, feather, and their products,
A10: pharmaceutical industry, A11: mechanical industry,
A12: electronic industry, A13: thermal power generation
industry, A14: water transportation industry, A15: informa-
tion technology service industry, A16: wholesale and retail
trade industry, A17: real estate industry, and A18: livestock
industry. Taking these 18 industry classifications as obser-
vation objects, each observation object has 15 characteristic
data, which come from financial indexes that affect the credit
risk of listed companies [21].

,is paper selects 15 financial indexes as candidate
variables from the four financial indexes of profitability,
operating capacity, solvency, and growth capability.,e data
of financial indexes are from the annual reports of listed
companies of various industries [22]. Financial indexes are
selected as follows, as shown in Table 1.

2.2.2. Variable Processing. Based on the above-mentioned
sample data and relevant data of financial indexes, the av-
erage value of each industry index is used as the basis of gray
clustering analysis [23] (see Table 2 for detailed data). ,e
gray clustering analysis of data is carried out using gray
modeling software which is called Gray Modeling (version
3.0).

,e relevance matrix of characteristic variables is ob-
tained as shown in Table 3.

In this paper, the critical value of 0.85 is taken as the basis
of classification. ,e critical value not only ensures the
sufficiency of information but also simplifies the indexes
[24]. ,ese 15 financial indexes are grouped into eight
categories. X1, X3, and X15 are grouped into one category;
X2, X6, and X10 are grouped into one category; X5 and X14
are grouped into one category; X7 and X11 are grouped into
one category; X8 and X12 are grouped into another category;
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and each of the other three indexes X4, X9, and X13 is
classified into one category separately. Finally, this paper
selects the eight financial indexes X1, X2, X4, X5, X7, X9,
X12, and X13 for modeling.

2.2.3. Modeling. Logistic model samples include unhealthy
companies and healthy companies [25]. Most scholars
regard those listed companies which have been specially
treated (ST; ∗ST) as unhealthy companies; the others are

Table 1: Index and definitions.

Index type Index name Definition

Profitability

X1 Return on net assets Net profit/net assets
X2 Return on total assets EBIT/total assets
X3 Operating profit margin Operating profit/total business income
X4 Cost profit margin Operating profit/total cost
X5 Turnover rate of total assets Operating income/average total assets

Operating
capacity

X6
Turnover rate of accounts

receivable Operating income/average accounts receivable

X7 Inventory turnover ratio Operating cost/average inventory
X8 Turnover rate of circulating assets Operating income/average circulating assets

Solvency

X9 Asset liability ratio Total liabilities/total assets
X10 Earned interest multiple Earning before interest and tax/interest expense
X11 Quick ratio Quick assets/current liabilities
X12 Cash flow liability ratio Net cash flow/current liabilities

Growth ability
X13 Growth rate of operating revenue Growth of operating revenue in that year/operating income of last year
X14 Operating profit growth rate Increase in operating profit of that year/operating profit of last year
X15 Growth rate of total assets Growth of total assets in that year/total assets at the beginning of the period

Table 2: Financial index data of various industries.

A1 A2 A3 A4 A5 A6 A7 A8 A9

X1 1 4.1 7.5 −3 5.1 1.8 1.8 2.4 6.6
X2 1.2 3.3 7.2 0.3 4.1 1.4 1.3 2.3 5.5
X3 9.6 12 22.2 2 12 8.8 11 7.8 11
X4 0.9 4.8 9.2 −2.6 9.9 0.8 4.7 1.5 4.8
X5 0.3 0.6 0.7 0.5 0.7 0.5 0.6 0.7 1
X6 3.5 5.3 12 98 13 6.2 5 11 9
X7 7.5 3.3 3.3 4.5 7.2 6.3 2.6 4.7 4.5
X8 1.1 2.1 1.2 1.6 1.8 1.6 0.9 1.4 1.9
X9 60 60 60 60 60 60 60 60 60
X10 0.9 2.9 4.6 0.4 2.6 0.5 3.6 1.7 5.8
X11 76.6 87 85.7 50 60.4 72 84.3 75.3 85.4
X12 5.6 5.5 12.8 2.6 9.4 8 4.9 5.3 5.9
X13 −35.5 5.4 4.7 −15 7.6 0.9 9.9 3.7 2.1
X14 −30.6 8.5 5.9 −20 −7.9 7 2.9 1.5 1.9
X15 4.5 2.2 7.8 6.7 12.4 3.5 3.8 3.5 3.6

A10 A11 A12 A13 A14 A15 A16 A17 A18
X1 9.9 3 3.4 4.2 1.4 4.2 3.6 5 5.7
X2 8.5 2.3 2.1 3.5 0.9 2.5 2.8 2.5 2.8
X3 27 12.1 7.9 13.5 3.5 14 2.2 15 11
X4 9 4.9 2.9 4.8 3.7 6.2 1.1 10 4
X5 0.5 0.3 0.6 0.3 0.4 1 0.6 0.3 0.8
X6 5.6 3.1 2 8 6.5 5.6 6.5 5 8.1
X7 3.3 3.5 2.3 11.2 9.3 14 7 0.5 4.8
X8 1.5 1 0.9 1.2 1.2 2.5 1.1 0.3 1.7
X9 60 60 60 72.5 65 65 65 70 65
X10 3.5 2.3 1.5 1.1 2.2 3.2 1.2 2.5 1.8
X11 81 78.2 98 30.1 97 83 77 65 66
X12 8.8 2.1 3.4 10.8 5.9 34 2.2 1 4
X13 9.8 0.1 5 −9.3 1.9 1.2 1.5 1 8.8
X14 8 0.1 5 1.2 1.8 −5.8 1 −2 −1.1
X15 9.6 7 4.5 2.1 2.6 4.7 3 8 2.2
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healthy companies. However, this classification method is
not suitable for regional listed companies with little sample
data. ,erefore, we cannot take those as grouping indices by
whether the listed companies are specially treated or not
[26]. We should put into consideration comprehensively all
aspects of the financial conditions of listed companies.

,e occurrence of the credit risk of listed companies is
related to the financial condition of the enterprises [27].
,erefore, this paper believes that if half or more of the
financial indexes of listed companies show signs of deteri-
oration while being compared with the industry average, the
company will have credit risk. If the company has credit risk,
that is unhealthy, the value is 1; if there is no credit risk, that
is, “healthy,” the value is 0 [28].

In the logistic model, the choice of cutting point has a
great influence on the result of the model [29]. In practical
application, the value of cutting point and the misjudgment
rate of unhealthy companies meet the increasing relation-
ship [30]. ,is means that the larger the value of the cutting
point is, the higher the rate of misjudgment will be. Gen-
erally speaking, it is not very dangerous that a healthy
company is misjudged as an unhealthy company. However,
it seems more dangerous that a company which has higher
credit risk is considered as a healthy company. ,erefore,
this paper takes the above considerations and finally selects
0.3 as the cutting point to construct the logistic model [31].

By using SPSS software, using maximum likelihood
estimation, logistic regression analysis was carried out on the
above 8 variables by forward stepwise regression method
[32]. ,e output results that come from SPSS software are
shown in Table 4. Finally, two variables get into the model:
return on total asset ratio X2 and growth rate of operating
revenue X13. If the significant values of X2 and X13 are less
than 0.05, this shows that the two variables have good
statistical characteristics, and the variables were significant.

To assess the fitting effect of the model to the data, it is
necessary to test H-L fitting degree of the model. ,e test
results are shown in Table 5

When the significance level is 0.05 and df� 8, the critical
value of chi-square is 15.507. ,e chi-square value of H-L

was 6.061< 15.507, significant value 0.64> 0.05. According
to this, it can be concluded that the H-L test can pass and the
model can fit the data well [33]. ,erefore, the logistic
function can be obtained.

ln
p

1 − p
  � ξ + 

m

k�1
βkxki � 1.884 − 0.127X2 − 0.084X13.

(12)

,e default warning model is

p �
1

1 + e
− 1.884− 0.127X2− 0.084X13( )

. (13)

Given the company’s X2 and X13 data, we can calculate
the probability of default of the company. ,e results of the
accuracy test of the model are as shown in Table 6.

2.2.4. Empirical Test. To further test the effectiveness of the
Logistic Default early warning model based on gray rela-
tional cluster analysis [34], this paper randomly selects 8
healthy companies and 8 unhealthy companies for the
empirical test (the data come from the annual report of
Hebei listed companies in 2017 made by Ruisi Database)
[35]. ,e default probability can be calculated by taking the
financial data of the 16 enterprises into equation (7).,e test
results are shown in Table 7.

Table 3: Correlation matrix of financial indexes.

X1 X2 X3 X4 X5 X6 X7 X8 X9 X10 X11 X12 X13 X14 X15

X1 1.00 0.56 0.85 0.608 0.542 0.563 0.658 0.769 0.647 0.568 0.68 0.762 0.51 0.546 0.92
X2 1.000 0.556 0.716 0.769 0.961 0.536 0.586 0.599 0.979 0.5 0.584 0.562 0.724 0.56
X3 1.000 0.583 0.5 0.558 0.726 0.690 0.60 0.558 0.76 0.687 0.511 0.533 0.920
X4 1.000 0.616 0.699 0.542 0.664 0.72 0.725 0.549 0.666 0.527 0.596 0.6
X5 1.000 0.791 0.526 0.548 0.55 0.768 0.528 0.548 0.616 0.916 0.54
X6 1.000 0.533 0.578 0.59 0.962 0.53 0.57 0.568 0.742 0.558
X7 1.000 0.585 0.54 0.534 0.929 0.583 0.510 0.526 0.688
X8 1.000 0.76 0.589 0.601 0.987 0.512 0.561 0.72
X9 1.000 0.601 0.555 0.780 0.512 0.543 0.624
X10 1.000 0.538 0.588 0.560 0.716 0.563
X11 1.000 0.598 0.510 0.526 0.723
X12 1.000 0.5 0.5 0.720
X13 1.000 0.639 0.511
X14 1.000 0.53
X15 1.00

Table 4: Final variables.

B S.E. Wald Sig. Exp (B)
X2 −0.128 0.05 6.453 0.011 0.880
X13 −0.086 0.02 8.232 0.004 0.92
Constant 1.886 1.068 3.233 0.072 6.58

Table 5: ,e H-L test table.

Chi-square df Sig.
6.01 8 0.641
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3. Results and Discussion

From the data analysis, we found that two indicators which
are the return on total asset ratio and growth rate of operating
revenue play an essential role in credit risk evaluation of the
listed companies.,e two indicators are a positive correlation
with the credit status of the listed companies [36]. In the
research of the regional listed companies of Hebei Province,
we use all the sample data for the parameter estimation of the
model because of the small number of sample data. ,en, we
achieve the prediction value of all sample data and check the
prediction effect according to the accuracy rate and mis-
judgment ratio [37]. According to Table 6, the comprehensive
classification accuracy rate of the logistic model is 81.5%. ,e
classification accuracy rate of healthy companies is 85%. ,e
classification accuracy rate of unhealthy companies is 71.4%.
,erefore, the model has good prediction ability [38].

FromTable 8, we can see that the prediction accuracy of the
credit risk assessment model of listed companies in Hebei
Province (which was established by logistic regressionmethod)
reaches 81.25%, and the probability of misjudgment is 18.75%.
,e prediction result is relatively satisfactory [39].

4. Conclusions

,is paper uses gray cluster analysis to cluster the financial
indexes of the selected listed companies to achieve the effect
of index reduction and reduce the correlation between the
indexes. And it is guaranteed that the financial index in-
formation is not damaged. Logistic regression analysis is
used to construct the credit risk assessment model for the
reduced indexes, which can reduce the workload of col-
lecting invalid data. ,e empirical research results show that
the model has strong prediction ability and accuracy for
assessing the credit risk of listed companies in China. It can
play an early warning role of the credit risk of listed
companies.
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Table 7: Results of logistic model data test.

Name of the company X2 X13 P-value Observed value Predictive value
Changshan BeiMing 8.6372 2.52 0.63356 0 1
Jidong Cement 37.12 23.9526 0.0079 0 0
Jidong Equipment 3.667 64.6809 0.0179 0 0
Ziguangguowei 15.1804 28.9392 0.0690 0 0
Bosun Tools 15.1306 32.687 0.0399 0 0
Sailhero Environment Protection 13.78 32.0431 0.0719 0 0
Changshan Pharmaceutical 10.169 26.9899 0.1576 0 0
Kailuan Co. Ltd. 33.726 58.2568 0.0007 0 0
Tianye Tonglian 15.1992 11.5804 0.2826 1 0
Huasi Co. Ltd. 3.0712 26.3622 0.3276 1 1
Jikai Co. Ltd. 9.7626 78.5319 0.0029 1 0
Hengxin Dongfang 7.5616 1.7748 0.6845 1 1
Laobaigan Liquor 17.9349 3.9631 0.3259 1 1
North China Pharmaceutical 20.008 -4.6193 0.4332 1 1
Fucheng Co. Ltd. 17.436 -0.7616 0.4337 1 1
Pangda Group 5.2019 6.7806 0.6579 1 1

Table 8: Accuracy of logistics model.

Original result Prediction result
Accuracy

Default Normal

Type of enterprise Default 6 2 75%
Normal 1 7 87.5%

Overall percentage 81.25%

Table 6: Classification table.

Observation
Prediction

Percentage of correctnessDefault or not
0 1

Default or not 0 34 6 85%
1 4 10 71.4%

Overall percentage 81.5%
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