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At present, the number of enterprises in �nancial crisis in China is rising sharply, and the ability of enterprises to resist risks is
generally weak.  erefore, it is necessary to establish a corporate �nancial crisis early warning system, to detect the signs of
corporate �nancial crisis before it arrives and to inform managers in advance, so that e�ective measures can be taken as soon as
possible to eliminate hidden dangers.  is paper selects the two-year data of 40 companies from 2017 to 2019 as training samples
and the data of 20 companies as prediction samples. After testing, 12 index variables that can re�ect the �nancial problems of
energy companies are �nally selected as the basis for modeling.  en, we use Logistic and BP neural network modeling, re-
spectively, to study and compare the data from 2017 to 2019 to predict the �nancial risk in the following year. e results show that
the BP neural network model in the two models is better than the Logistic model in terms of �tting degree or prediction accuracy
for enterprise �nancial early warning.  erefore, the BP neural network model has a better e�ect and is more suitable for the
practical application of enterprises in China.

1. Introduction

With the rapid development of the economy in China, small-
and medium-sized enterprises, as the most vital group in
China, have grown into an important part of the economy,
whether in foreign export trade or in increasing employment
opportunities and increasing GDP. At present, China has 10
million industrial and commercial registered enterprises, of
which 99% are small- and medium-sized enterprises. Small-
and medium-sized enterprises provide 80% of the urban
population’s employment, and 70% of innovation comes
from small- and medium-sized enterprises. In the com-
petitive environment dominated by the buyer’s market, the
market competition continues to intensify [1–3]. In order to
consolidate or expand their competitive advantages, small-
and medium-sized enterprises in the industry must provide
customers with competitive products and services, including
preferential credit settlement methods, mainly in the form of
credit sales. However, this method will make the enterprise
itself bear the risk of the other party’s use, which often causes
the accounts receivable to be unable to be recovered in full

and on schedule, and many enterprises fall into the dilemma
of “not selling on credit and waiting to die and selling on
credit to court death.”  is requires enterprises to fully
understand their customers, develop a reasonable �nancial
system, and lock down the �nancial risks of the enterprise by
conducting �nancial early warning assessments of their �-
nances before cooperating [4–7].

Although small- and medium-sized enterprises have
made signi�cant contributions to the economic growth in
China, due to their lack of strict accounting systems, lack of
professional �nancial personnel, and relatively small scale, it
is currently di¡cult for small- andmedium-sized enterprises
to obtain �nancing with high �nancing costs to obtain �-
nancing from �nancial institutions. At this stage, banks,
other enterprises, and �nancial institutions do not have a
reasonable �nancial early warning system to assess the �-
nancial risks and experience of SMEs, and they will not easily
lend to SMEs.  e problem of shortage of funds has limited
the development of enterprises to a certain extent [8–10].

Since the 1930s, many scholars have devoted a lot of time
and energy to the study of �nancial crisis early warning and
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have also developed some more objective, rigorous, and at
the same time simple and feasible assessment methods.
Fitzpatrick (1932) studied a sample of 19 firms and used a
single financial ratio to divide the sample into bankrupt and
nonbankrupt groups. It is found that net profit/shareholders’
equity and shareholders’ equity/liabilities have a good ability
to discriminate financial crisis, and these two ratios show
significant differences in the first three years of operating
failure. Secrist (1938) used the ratio of assets/liabilities to
compare the difference between failed banks and normal
banks [11–13].)e research of Fitz et al. is still in the stage of
descriptive analysis, and in the following 20 years, there has
been no significant progress in the study of financial crisis
prediction. After 1990, related research began to change
from simply studying corporate financial variables to predict
corporate financial risks, to adding variables such as mac-
roeconomic environment to the study for further research.
In the subsequent series of studies, some scholars such as
Odom and Coats tried to use the artificial neural network
(ANN) to conduct research. From the obtained results, the
success rate is relatively low. Only Coats (1993) used Altman
to discriminate on the basis of the five judgment variables
proposed by the Z-Score model and obtained relatively good
judgment results in the prediction of crisis enterprises. )e
accuracy rate is 91%, and the accuracy rate for normal
enterprise prediction is 96%, which is slightly better than the
discriminant analysis model. So far, the research on financial
early warning in China is not very sufficient, and it is ba-
sically in its infancy [14–17]. Among the scholars who
studied, most of them introduced foreign theories in terms
of research in their own countries. Some of them discussed
theories and feasibility and put forward suggestions and
measures in system construction and legislation, and very
few conducted in-depth research on issues such as models.

)is paper selects the financial indicator data of 60
companies from 2017 to 2019 and divides it into training
samples and prediction samples for empirical research. We
use the SPSS20.0 software to screen out model indicators for
the next step of model building, optimize variables by factor
analysis, preprocess the data, and establish and compare
Logistic models using financial indicators and adding
nonfinancial indicators. Matlab software is used to train the
training samples to establish a BP neural network early
warning model, and the prediction samples are used to test
the accuracy of the model prediction [18–20].

2. Methods and Theory

2.1.DesignSteps. )e structure of the financial early warning
model can be divided into five steps as shown in Figure 1.
First, we determine the research sample type. )e financial
early warning has certain limitations. Different periods and
different industries will correspond to different financial
characteristics. Determining the sample type and enterprise
characteristics is research. )e second step is to select index
variables according to the characteristics of different in-
dustries and adjust them appropriately. )ird, we need to
screen the financial indicators and select the indicators
required to build the model. )e screening methods in

existing research generally include factor analysis and
principal component analysis method. Fourth, we establish
the model. )is paper uses Logistic regression and BP neural
network model to establish financial early warning models,
respectively, to evaluate the warning level.

2.2. Logistic Early Warning Model Design

2.2.1. Research Sample. In this paper, 60 companies from
2017 to 2019 are selected first, and the sample companies are
screened and classified according to the classification
standard of early warning degree. When classifying the
sample data, we try to maintain the balance between the
samples. )e specific classification is shown in Table 1.

2.2.2. Early Warning Indicator Variables. Preliminary se-
lection is made from two aspects: financial indicators and
nonfinancial indicators. Financial indicators are selected
from five aspects: profitability and income quality, solvency
and capital structure, operating capacity and cash flow,
development capacity, and risk level. Nonfinancial indica-
tors include related party transactions, violations, audit
reports, litigation, and arbitration. We select indicators that
can truly reflect the financial risks of the industry and then
conduct further screening. )rough the normality test of the
indicators and the significance test, the indicators selected in
this paper are shown in Table 2.

Factor analysis requires a high degree of correlation
between variables, and a correlation test needs to be carried
out before factor analysis. Financial indicators are calculated
through financial data, and there is a high degree of cor-
relation between variables. Nonfinancial indicators do not
need factor analysis, so we incorporate it directly into the
variables of the final model building.

)rough the factor analysis method of the KMO and
Bartlett sphere test, 11 financial indicators are preliminarily
screened to ensure that the screened financial variables are
suitable for the empirical requirements of companies. )e
data are obtained through SPSS analysis software to obtain
the 11 indicators for factor analysis. )rough factor analysis,
it is concluded that the eigenvalues of the first four common
factors exceed 1, so the first four common factors can be used
as surrogate variables for 11 financial indicators. )e public
factor Fl can be explained by variables 3, 4, 5, and 6,
reflecting the solvency and capital structure. )e public
factor F2 can be explained by 1, 2, 9, and 10, reflecting the
profitability and growth ability. )e public factor F3 can be
explained by variables 7 and 8, reflecting the level of op-
erating capacity and cash flow. )e public factor F4 can be
explained by variable 11, reflecting the risk level of the
enterprise.

2.2.3. BP Neural Network Early Warning Model Design.
)e realization of the BP neural network financial crisis early
warning model is divided into input and output layer
variable design, hidden layer node design, error and learning
rate selection, etc. )e realization process is as follows:
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(1) Select Training and Prediction Samples. According
to the research direction, the financial samples of
enterprises are selected, the two-year financial data
of 40 companies are used as training samples for
training, the data of 20 companies are used for
prediction, and the predicted value of the model is
compared with the expected output value.

(2) Determine the Input and Output Layer Changes. In
general, the number of input nodes is positively
correlated with the approximation result of the
neural network. )e more input neuron nodes, the
better the approximation effect. However, when
irrelevant indicators are incorporated into the
neural network training, the fitting will occur due to
the increase in the number of indicators. Too many
nodes will increase the calculation amount of the
BP neural network, which will lead to longer model
training time, affecting the output results.
According to the indicator variables selected by the
Logistic early warning model, 11 financial indica-
tors and 1 nonfinancial indicator are used as the
input vectors of the model and the number of input
variables is confirmed; that is, the input layer of the
model is positioned as 12 in this paper.
)e output layer uses the expected output value
after training and the classification result of the

financial warning degree of energy enterprises as
the output vector for training. Some studies have
concluded that the number of nodes in the pre-
diction output layer of the financial crisis is set to 1.

(3) Determine the Number of Hidden Layer Nodes. )e
model is more complicated to determine the
number of nodes in the hidden layer, which is
generally set by empirical values. According to the
comprehensive consideration of the sample size
and the number of variables, setting the appropriate
number of nodes is directly related to the results of
the model. Too many hidden layer nodes will in-
crease the learning practice, and too few will reduce
the collection ability, and it is impossible to find the
inherent laws of the data through self-learning.

)e number of hidden layer nodes is different for dif-
ferent models, and the following are selected from common
empirical formulas, where n is the number of input nodes
and m is the number of output nodes:

L � log2n,

L �
(m × n)

2
,

(1)

L �
�����
m + n

√
+ a, (2)

L � n + 0.618(n − m). (3)

In this paper, a is a constant between 1 and 10. Empirical
formula (2) is selected. First, the input node n� 12 is brought
into the model, and a tentative test is carried out, and it is
continuously adjusted according to the results. )e final
number of nodes is selected as 7.

3. Results and Discussion

3.1. Establishment and Prediction of the Logistic Model of
Financial Indicators

3.1.1. Establishing a Logistic Model of Financial Indicators.
We add nonfinancial indicator variables and four common
factors for the likelihood ratio test, and the specific values are
shown in Table 3.

)e comprehensive indicator early warning model refers
to adding the nonfinancial indicator variable 12 to the pure
financial indicators. It is further concluded that the Sig.
values are less than 0.05 and pass the significance test. )e
fitting effect of this model is good.

3.1.2. Comprehensive Index Logistic Model Fitting Test.
We use the corporate financial data as test data to test the
comprehensive index Logistic model. )e results are shown

Data selection Indicator
selection

Indicator
screen

Model
establishment

Model
verification

Figure 1: Design steps of financial early warning model.

Table 1: Sample data grouping.

Warning interval Training data Prediction data Total
Safety warning zone 40 20 60
Light warning range 20 10 30
Severe warning range 10 5 15
Total 70 35 105

Table 2: Financial indicator variables that passed the test.

Number of variables Indicator name
1 Total operating cost ratio
2 ROA
3 Assets and liabilities
4 Capital adequacy ratio
5 Current ratio
6 Quick ratio
7 Current asset turnover
8 Accounts Receivable Turnover
9 Asset cash ratio
10 Net asset growth rate
11 Financial leverage
12 Audit report
Note. Variable 12 is a nonfinancial indicator, the rest are financial
indicators.
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in Table 4. After adding nonfinancial indicators, the ob-
tained comprehensive Logistic model is fitted and tested,
and the test results are safe, light, and severe. )e prediction
accuracy is 90.00%, 80.00%, and 90.00%, respectively, and
the overall fitting test result was 87.00%.

Using financial data as forecast data to test the com-
prehensive index Logistic model, the results are shown in
Table 5. )e prediction accuracy of the Logistic financial
early warning model after adding nonfinancial indicators for
safety, light, and severe is 95%, 60.0%, and 80.0%, respec-
tively, and the overall prediction test result is 78.0%.

3.2. Model Training and Prediction. After the design and
adjustment of the BP neural network model, the training of
the sample data is started, so that the network can distin-
guish the output vector of the financial warning area of the
enterprise. In this paper, combined with the number of
nodes in the hidden layer above, according to the formula,
multiple solutions are performed to obtain multiple values,
and the bring-in test is carried out in turn. According to the
size of the error, when the hidden layer is 7, the MSE
minimum fitting effect is the best. When the number of
nodes with layers is set to 7, the sample training error curve
is shown in Figure 2.

)e training is carried out according to the results of the
early warning area of the training sample. According to the
comparison between the training value and the actual value
in Figure 3, the error between the fitting value and the actual
value is not large, and the fitting degree is good. )e pre-
diction accuracy of the training value is shown in Table 6.

)e predicted test results obtained from the predicted
samples are shown in Figure 4.

According to the results of training and equations, it
can be judged that when the hidden layer is 7, the fitting
effect and prediction effect of the model established in this
paper are the best, and the overall test results are 100% and
93%, respectively. )e fitting result of the BP neural
network can be calculated to be optimal, and the fitting
result for the three-year financial warning result of the
enterprise reaches 100%. It can be said that when the
hidden layer node is set to Table 7, the effect of the model is
optimal. )e prediction test is then carried out on the
financial data of the prediction sample. According to
Table 7, it can be seen that the prediction effect is slightly
worse than the fitting result. For the mild early warning
interval, the overall prediction test result is 93%.

When the number of hidden layer nodes is small, the
acquisition ability is poor, the learning speed is slow, and the
accuracy rate is relatively low. When the number of nodes
increases, the accuracy rate is improved. )erefore, the
parameters of the model selected in this paper are detailed in
Table 8.

3.3.ComparativeAnalysis of Financial EarlyWarningModels.
Financial early warning research is mainly divided into
qualitative and quantitative research. Qualitative research

Table 3: Likelihood ratio test table.

Effect
Standard Likelihood ratio test

Simplified model Simplified model
−2x log-likelihood of the reduced model K2 df Significant levelA1C BIC

Intercept 100.34 129.41 74.32 0 2 0
FAC1_1 129.84 155.67 102.41 24.32 2 0
FAC2_1 174.69 200.31 161.53 74.37 2 0
FAC3_1 70.13 97.95 54.31 2 0
FAC4_1 78.85 100.24 58.51 2 0
12 75.35 97.65 52.46 2 0

Table 4: Comprehensive index Logistic model fitting test results.

Observed value
Predicted value Percent

correction (%)Safe Light Severe
Safety warning zone 36 4 0 90.00
Light warning range 3 16 1 80.00
Severe warning range 0 1 9 90.00
Total percentage 56% 30% 14% 87.00

Table 5: Prediction test results of the Logistic model for com-
prehensive indicators.

Observed value
Predicted value Percent

correction (%)Safe Light Severe
Safety warning zone 19 1 0 95.00
Light warning range 2 6 2 60.00
Severe warning range 0 1 4 80.00
Total percentage 60% 23% 17% 78.00
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Figure 2: Sample training error curve.
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often uses financial professionals to make subjective judg-
ments, but the results are subjective and lack objectivity and
fairness. Quantitative research mainly analyzes financial

data, reduces the subjectivity of human judgment, and
improves the accuracy of prediction through mathematical
models.
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Figure 3: Comparison between training and actual data.

Table 6: Classification diagram of fitting results.

Observed value
Predicted value

Percent correction (%)
Safe Light Severe

Safety warning zone 40 0 0 100.0
Light warning range 0 20 0 100.0
Severe warning range 0 0 10 100.0
Total percentage 57.1% 28.6% 14.3% 100.0
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Figure 4: Comparison between training and actual data.
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In practice, financial early warning usually adopts a
combination of qualitative and quantitative research
methods. )rough the methods established by various
models, the early warning results are closer to reality and
more accurate. Traditional mathematical statistics need to
set assumptions and constraints, which cannot fit the reality
well, and artificial neural network can better make up for this
problem. )e comprehensive logistic model with qualitative
indicators is not as accurate as the BP neural network.
Simple mathematical statistical models have higher re-
quirements on data and more restrictions on the use of
models. )e correlation between indicators needs to be
considered when building models. BP neural network has no
constraints on data indicators and has self-learning and
feedback capabilities. )ese advantages have greatly im-
proved the accuracy of financial early warning models.

3.4. Establishing a Financial EarlyWarning System. In recent
years, with the continuous changes in the industry, many
investors have entered the Chinese market, and the for-
mation of a diversified pattern has also brought huge
challenges to Chinese enterprises. )e enterprise system is
huge and the organizational structure is complex. It is
difficult to avoid risks only by relying on the financial early
warning model. It is imperative to establish a corresponding
early warning system. Chinese enterprises pay more and
more attention to the use of scientific methods for man-
agement, and managers need to grasp the operating con-
ditions and financial conditions. At this time, the financial
early warning has become one of the important management
methods to monitor enterprise risks. )e financial early
warning system can be applied to the business activities of
various capital transactions of the enterprise. It is a kind of
research based on various financial-related data of the

enterprise over the years or peers and makes full use of the
theoretical foundations of finance, management, etc. When
the enterprise falls into a financial crisis, an early warning
signal is issued in time to notify managers to be more
vigilant. An excellent financial early warning system suitable
for enterprises should include the collection and processing
of financial information, supervision, and prevention
analysis of financial risks. )e collection and processing of
data and information is a prerequisite for establishing an
early warning system, supervision is the core part, and
analysis and response are the keys to risk early warning.

4. Conclusion

(1) )is paper collects the financial indicators of en-
terprises from 2017 to 2019, and the data mainly
come from the stock exchanges and the CCER da-
tabase. )ree criteria are selected as the basis for
dividing the early warning degree of energy com-
panies, and the financial data of 40 companies in the
same accounting period of 2 years are selected for
research, and then the data of 20 companies are
selected as prediction test samples for testing.

(2) Comparing the Logistic model with the BP neural
network, the BP neural network does not have strict
requirements on financial indicators in terms of
constraints. According to the training results and
prediction results, the BP neural network is better
than the Logistic model. )e calculation of the Lo-
gistic model is relatively complex, but it can be
expressed in mathematical expressions. BP neural
network has strong self-learning ability and com-
puting ability, but it cannot write specific equations.
According to the conclusion of the municipal re-
search carried out in this paper, BP neural networks
are more suitable for financial early warning of
Chinese enterprises.
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