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Abstract: In order to reduce the time cost and risk misjudgement rate of
financial information risk measurement, this paper proposes a new enterprise
financial credit risk measurement method based on differential evolution
algorithm. Firstly, after preprocessing the enterprise financial credit risk data
and determining the location of the clustering centre, a differential evolution
automatic clustering model is constructed. Secondly, according to the
clustering results, the differential evolution algorithm is used to measure the
basic process of enterprise financial credit risk. Finally, the improved
differential evolution algorithm is used for iterative measurement to achieve
enterprise financial credit risk data measurement. The experimental results
show that the time cost of the proposed method for enterprise financial credit
risk measurement can be controlled within 0.4 s, and the error rate is not more
than 1% under the condition of 1,000 data.
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1 Introduction

With the rapid development of information technology and the arrival of the era of
knowledge economy, the business activities of enterprises are very important in the daily
operation of modern companies (Hu, 2021; Dimitrova-Grajzl et al., 2022; Agarwal et al.,
2020), among which the management and operation of enterprise finance is the key
(Zhang, 2022). There are financing risks, safety risks, market risks, social responsibility
risks, environmental risks and corporate credit risks in the independent operation,
self-financing and self-reliance of enterprises (Stevenson et al., 2021; Antonelli et al.,
2021). In this case, the company’s credit crisis has become a very prominent problem,
which has had a profound impact on the company’s operation, related to the confidence
of investors, borrowers, partners and customers in the company, affected the trust of the
enterprise, and thus had a significant negative impact on the company’s development
(Sadler, 2020). Therefore, credit risk assessment and management is increasingly
concerned by people, and it is the main component of financial risk management.

Tang et al. (2021) proposed a robust credit risk measurement method, using the
cost-sensitive kernel method as data-driven, designed a credit risk measurement decision
paradigm, solved the linear and nonlinear cost-sensitive kernels respectively, and
analysed the method. The experiment found that this method has better measurement
results for credit risk measurement datasets, but it does not collect data and apply real
data, and does not consider issues such as measurement timeliness. Caruso et al. (2021)
puts forward a new method based on mixed data clustering technology, which is used in
financial credit risk measurement. It studies the correlation of financial credit risk data in
both quantitative and qualitative aspects, which can effectively solve the problems of
different credit risk data characteristics and large data volume. However, the accuracy
and measurement time of financial credit risk measurement still need to be further studied
and explored. Zhu (2020) proposes an information risk measurement method based on
analytic hierarchy process (AHP) fuzzy comprehensive evaluation method. This method
takes six evaluation dimensions as the starting point, designs an index system for credit
risk measurement, and combines AHP and fuzzy comprehensive evaluation method to
build a credit risk measurement model. However, the measurement error rate of this
method is high.

In order to solve the problems of long-time measurement and high misjudgement rate
in the above traditional methods, an enterprise financial information risk measurement
method based on differential evolution algorithm is proposed. The overall research
technical route of this method is as follows:

1 Preprocess enterprise financial credit risk data, including default data, debt data,
default level, credit quality and other data. The value range of each eigenvalue is
limited to [0, 1], which provides a basis for subsequent clustering operations; divide
the financial and credit risk data of enterprises to clarify the positioning results of
clustering centres. Define the clustering index, and realise the construction of
differential evolution automatic clustering model.

2 Based on the differential evolution automatic clustering model, the differential
evolution algorithm is designed to measure the financial credit risk of enterprises.
On this basis, the improved differential evolution algorithm is optimised and the
excellent data measurement results of enterprise financial credit risk are obtained.
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3 Experimental verification, taking the time cost and false positive rate of credit
measurement as experimental comparison indicators, this method is compared with
traditional methods.

2 Construction of differential evolution automatic clustering model

In order to improve the effectiveness of risk measurement, a differential evolution
automatic clustering model is constructed to cluster the financial data of enterprises,
including the net assets, tradable shares, long-term and short-term debt and non-tradable
shares.

Differential evolution automatic clustering mainly expresses the clustering quantity
and clustering quality centre through a single individual, then constructs multiple
individuals into groups, and then uses differential evolution method to optimise and
obtain the optimal solution (Liu and Zeng, 2021; Clements et al., 2020) to improve
the accuracy of credit wind power measurement. Among them, the data sample
preprocessing can facilitate the subsequent clustering operation, so that the data has a
relative value and research significance. Therefore, the range of each eigenvalue is
limited to between, and the specific data sample preprocessing method is:

X*(la j)_Xmin(j)

X(l’ ]) - Xmax(j)_Xmin(j)

)

Among them, X*(i, j) is the original dataset of the collected credit risk data, and Xmax(y)
and Xmin(j) are the maximum and minimum values of each column of the credit risk data.

In the differential evolution automatic clustering algorithm, chromosomes are
represented by the arrangement of coding regions to judge the chromosomes and their
positions, which can be used to solve the problem of clustering centre location (Duarte
et al., 2019). Therefore, differential evolution automatic clustering algorithm is applied to
divide the data of enterprise financial credit risk. D is used to represent the spatial
dimension of the data points of enterprise financial credit risk, Kmax is used to represent
the most likely number of clusters, and m; (i = 1, 2, -, Kmax) is used to represent the i
cluster centre. Then, the division result of a single individual V' of the data of enterprise
financial credit risk can be expressed as follows:

V:(Hana"'am17m2a"'7meax) (2)

Among them, m; = (m;1, mip, -+, mip) and m; can be used to represent the main structure
of enterprise financial credit risk data, and 7; (i = 1, 2, -**, Kma) is the symbol of
successful selection of cluster centroid.

In the design of the differential evolution automatic clustering model, in order to
ensure the clustering effect, the method of quantitative testing is used to evaluate the
excellent degree of the clustering results, and the clustering results are evaluated mainly
by transforming the clustering validity indicators into the form of corresponding
statistical mathematical functions. The determined clustering indicators generally include
two objectives (Assef et al., 2019), namely, determining the best partition and data cluster
(Kinateder et al., 2021). Therefore, the design clustering index is:
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Among them, X refers to the collection of all the data of the enterprise’s financial credit
risk, mi refers to the centroid of the i data clustering, ¢ can only be taken as integer, and
t>1, g and ¢ are not related, C; refers to all the data types of the dataset, and K represents
the total number of clusters.

Therefore, the differential evolution automatic clustering efficiency model is
established as follows:
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3 Measurement of financial credit risk based on improved differential
evolution algorithm

3.1 Basic process of differential evolution algorithm for enterprise financial
credit risk measurement

The differential evolution algorithm flowchart is shown in Figure 1.
Differential evolution algorithm is a global heuristic search algorithm. The specific
process of differential evolution algorithm is:

Step 1  Dividing the enterprise financial credit risk data into two parts, including the
data training set to indicate the training degree and training behaviour of the
feature data, and the test set to analyse the effective behaviour of the data, so as
to determine the overall effect of the data. Unify the result data after training,
confirm the correlation degree between different data, and construct the initial
confidence rule base.

Step 2  Train the parameters according to the cluster validity model in Section 2.3. The
steps are as follows:
1 Coding and initialisation

Assume that the definition parameter vector individual is as follows:

Xig:[xig,lﬂxig.b"':fo:|ai:1a29"':NP (8)
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Formula (8) is a g iterative i individual. When a vector individual has
random variation, it is necessary to expand the population size to NP and set
D components to satisfy the operation of random feasible region. The initial
random group is constructed as follows [equation (9)]:

X0 = Xmin,; +rand; ;(0, 1) (Xmax,; — Xmin, ;) )

Among them, Xmax; and xmin; are the upper and lower bounds of the j
component in x; individual, and rand; (0, 1) is the random number of [0, 1]
interval, which is used to represent the random change of vector.

2 Differential variation operation

Under the condition of satisfying NP >4, vector x{ will produce

i
three values of 1, 72, r3 that distinguish individuals when performing
differential mutation operation. The formula for variation is as follows:

v =k, +0.5(xg, —xf) ) (10)

In the expression, 71, 2, 3 is a randomly generated constant and satisfies
MnERERBEL
3 Cross-operation

The cross-formula is as follows:

) vi(j), ifrand <CR
ui(j) = 4 . (11)
x;(j), otherwise
4 Selective operation
Select the formula below:
I Ui, iff(ui)sf(xi)
xi(j) = { : (12)
x;, otherwise

In the calculation of differential evolution, the average error ME can be
used as the target index of the training set:

1 T
ME:?Zt:IE(t) (13)
1 ifn#n
E= L (14)
0 ifa=n

In the formula, # is the real class of the test dataset, and # is the reasoning
classification result.

In the whole training process, the training algorithm is finished until the
evolution algebra of the enterprise financial credit risk data is the same as
the original one.

Step 3  Enter the test dataset to validate the data content in the execution database.
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Figure 1 Basic differential evolution algorithm flowchart
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3.2 Improved differential evolution algorithm

At the beginning of evolution, the probability of selecting these two strategies is p1’ = p,’
= 0.5. In the process of evolution, after each generation K evolution, the probability pi’,
p2' of success of these two mutation strategies is calculated respectively, and then the
probability of selection of generation K strategies is determined based on this probability,
as follows:

p=pi/(pl+ph) (15)
p2=pa/(pi+p3) (16)

In order to improve the lack of dynamics in the later stage of evolution and enhance the
diversity of the population, an improved mutation algorithm is constructed based on the
differential evolution algorithm. The mutation operation is changed to:

xigew1+F* xgen_xgen , rand<0.5
— ( p q ) (17)

8en
xE" +rand * (xﬁ"" — x5 ), other

1

Evolution can improve the effect of data operation and enhance the transformation of
data results. So, we can select the best individual behaviour to search for the best
individual xpeg.
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Xbest = (1 + p) * Xpest (1 8)

In the formula, p is a randomly distributed number between —0.5 and 0.5. If fitness[x'pes]
< fitness|Xpest], then Xpess = X'pess, and vice versa, then x's replaces the worst fit.
The steps of the improved differential evolution algorithm are as follows:

Step 1 Initialise the population, and randomly select a fixed number of cluster centroid
and activation threshold.

Step 2 Set the activation threshold to 0.5, determine the threshold size, when the
threshold conditions can be set to m; as the cluster centre of effective corporate
financial credit risk data.

Step 3 Each loop, do.

1 A data vector X, is generated when the data is processed once, and the
distance d(X,, m;,) of the effective cluster centroid can be obtained by
calculating the individual volume V; of X,

2 Based on d(X),, m;;), allocate X, to the minimum distance point, namely:
d(Xp, m; ; ) = mil’thE{Lzy...ﬂK} {d (Xp, m; ; )} (19)

3 On the basis of the traditional differential evolution method, the adaptive
value of individual data is obtained by operating the enterprise’s financial
credit risk data by means of variation, crossover and judgement.

Step 4 Determine the individual fitness values obtained. If the fitness does not converge
at the maximum number of iterations, repeat Step 3, otherwise switch to Step 5.

Step 5 Finishes optimisation and outputs metrics. Thus, the enterprise financial credit
risk measurement is realised.

4 Experimental section

4.1 Experimental protocol and data

Take the small and medium-sized enterprises as the research object, carries on the sample
selection in the enterprise, the different enterprise’s profession distribution situation is
shown in Table 1. In order to verify the validity of the algorithm, the sample data include
net assets, tradable shares, short-term and long-term debts and non-tradable shares, and
all the data have not been processed before the experiment. Each enterprise metric
contains 2,000 pieces of data. The training rounds were set to 1,000, the iterations were
3,000, and the population size of differential evolution algorithm was set to 90. In order
to verify the effectiveness of this method, the proposed method is compared with Tang
et al. (2021) method and Caruso et al. (2021) method.

4.2 Performance plans and indicators

The time cost and misjudgement rate of credit risk measurement are used as the main
indexes to evaluate the performance of the method. The time overhead can be used to



74 L. Duand X. An

judge the running speed of the algorithm, and the error rate can be used to test the
accuracy of the algorithm to verify the performance of the proposed method.

Table 1 Industry distribution of different enterprises

Industry Number of enterprises Percentage / %
Information technology 5 20.0
Public environmental protection 3 12.0
Construction industry 3 12.0
Manufacturing 12 48.0
Real estate 2 8.0
Total 25 100

4.3  Time cost comparison results

In order to verify the effectiveness of the proposed model, the methods of Tang et al.
(2021) and Caruso et al. (2021) and the measurement method of this paper are used to
measure the enterprise financial credit risk data. The test time is shown in Figure 2.

Figure 2 Time cost comparison graph (see online version for colours)
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It can be seen from the time cost results that, with the increasing amount of data, the time
cost of the method in this paper is always lower than the two methods in Tang et al.
(2021) and Caruso et al. (2021), and the time cost is always maintained below 0.4 s, and
the increasing trend of the time consumed is also significantly lower than the methods in
Tang et al. (2021) and Caruso et al. (2021). This shows that the designed algorithm has
high running speed and good real-time performance in practical applications. This is
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because this paper adopts the improved differential evolution algorithm, which can
realise fast optimisation calculation, so it shortens the time cost of risk measurement.

4.4  Error rate comparison results

Under the condition of 3,000 iterations, the error rate is used as the test index of the risk
measurement method to test the accuracy of the risk measurement of different methods.
The specific experimental results are shown in Figure 3.

Figure 3 Comparison of error rate results
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It can be seen from Figure 3 that the error rate of the designed method is significantly
lower than the two methods in the literature. From the overall trend, under the condition
of 3,000 iterations, the maximum error rate of the designed method is no more than 1%,
while the maximum error rate of the methods in Tang et al. (2021) and Caruso et al.
(2021) is 8%~9%. Therefore, it shows that this method can accurately measure the risk of
enterprise financial information. The reason why this method has a low misjudgement
rate is that it constructs an automatic clustering model of differential evolution to
comprehensively cluster the financial related data of enterprises, and improves the
differential evolution algorithm. The improved differential evolution algorithm is used to
measure the financial risk of enterprises, so as to reduce the misjudgement rate of risk.
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5 Conclusions

In view of the high accuracy of enterprise financial credit risk measurement and the
difficulty of large-scale enterprise financial credit risk measurement, this paper proposes
an enterprise financial credit risk measurement method based on differential evolution
algorithm. The performance of the method is verified from both theoretical and
experimental aspects. The method has low time cost and misjudgement rate when
measuring financial credit risk. Specifically, under the condition of 10,000 pieces of data,
the time cost of this method can be kept within 0.4 s; within 3,000 iterations, the
maximum error rate of this method is no more than 1%. Therefore, it fully shows that the
proposed measurement method based on differential evolution algorithm can better meet
the requirements of financial information risk measurement.
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