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Abstract. Aiming at the problems of low accuracy rate and recall rate and poor
completion of recommended paths in enterprise financial risk prediction methods,
based on machine learning algorithms, a method of enterprise financial risk pre-
diction based on collaborative filtering is proposed. Build the overall architecture
based on historical financial data resources, design the financial risk data proces-
sor and the financial risk intelligent recommender, and complete the design of the
system hardware and software; in the system software design, the characteristics
of the enterprise’s financial risk are used as the identification criteria to calculate
the risk that meets the risk. By using the collaborative filtering algorithm, the
intelligent recommendation model of enterprise financial risk is constructed to
realize the intelligent recommendation of risk. The system test results show that
this study can be used for the recommendation analysis of enterprise financial risk
while improving the accuracy and recall rate of risk identification.
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1 Introduction

With economic growth entering a new normal, the formulation and implementation of
new policies and the development of new technologies, businesses are faced with more
and more uncertainty. Economic globalization has higher and higher requirements for
enterprises’ financial risk early warning capabilities. Many enterprises are weakened and
even bankrupt because of financial risks [1]. The emergence of enterprise financial risk is
not sudden or accidental, but after long-term accumulation and action, usually a process
of accumulation, germination, evolution, approach, prominence and action. If enterprises
fail to detect their own financial risks early and take effective measures to deal with them,
they may face greater losses and may even lead to bankruptcy [2, 3]. Generally speaking,
companies with low financial risk early warning capabilities are more affected by adverse
events such as the global financial crisis, and are more likely to experience financial crises
or even bankruptcy. Conversely, companies with high risk early warning capabilities
are less likely to experience financial crises. The financial risk status of an enterprise
reflects the management ability of managers and is an important indicator for investors to
evaluate managers’ performance [4, 5]. Enterprises with low probability of occurrence
of risk status and controllable risks have higher management ability of managers, and
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the development trend of enterprises is relatively good. Investors are more inclined to
invest in companies with sound financial positions, rather than simply choosing large-
scale companies. Financially distressed businesses will lose investor support and face
increased pressure from creditors [6—8]. Enterprises with good financial status are more
likely to be favored by various stakeholders, and the development of enterprises will
be smoother. A scientific and effective financial risk early-warning system will help
managers to discover possible problems of the enterprise in a timely manner, understand
the risk status of the enterprise, and formulate risk early-warning measures and risk
response plans as soon as possible. Although there are many qualitative and quantitative
methods for establishing enterprise financial early warning model at this stage, only on
the basis of fully clarifying early warning theory and comparing various early warning
methods, can a more accurate early warning method for the enterprise be selected.
Therefore, it is very important to establish a scientific enterprise financial risk early
warning system, to give early warning to enterprise financial risks, and to formulate
appropriate risk response strategies according to the results of risk early warning [9, 10].

By reviewing the relevant literature on financial risk and financial risk early warning,
we found that the research on financial early warning started earlier in foreign countries,
and foreign scholars have also proposed many financial risk early warning theories and
models, which can not be ignored for our further research on early warning models of
reference. The research process of foreign scholars on financial risk and its early warning
model is generally from a single evaluation index to a multi-level evaluation model, from
the initial multiple regression model to a more advanced linear probability model, until
it breaks through the limitations of traditional methods. A neural network-like model.
The concept of risk management can be traced back to the period of the Industrial
Revolution. Henri Fayol put forward the definition of risk management and successfully
applied this concept to the operation and management of enterprises, which has greatly
contributed to the development of the concept of financial risk. Later, scholars made
more comprehensive research on financial risk early warning [11].

In the 1980s, Chinese scholars began to have more access to foreign advanced ideas.
After realizing the necessity of conducting research on financial risk, domestic schol-
ars began to actively explore. In the 1990s, scholars Wu Shinong and Huang Shizhong
wrote the article “Analytical Indicators and Predictive Models of Enterprise Bankrupt-
cy”, which explained the financial indicators for predicting enterprise bankruptcy and
introduced its early warning model, which laid the foundation for future research. The
three scholars Zhou Shouhua, Wang Ping and Yang Jihua introduced the F-score pre-
diction model. The advantage of this model is that the indicators are comprehensively
updated and a larger sample size is selected, which is a perfection of the Z-score rel-
ative model. By controlling for other variables, Chen Jing selected 27 ST companies
and 27 non-ST companies to study their financial statements for the three years after
1995. Through univariate decision analysis, she found that there are four indicators that
can predict financial status more scientifically, including return on total assets, current
ratio, asset-liability ratio and return on equity. Through multivariate linear judgment
analysis, 6 financial indicators with more accurate prediction rates were obtained, and
the financial crisis of ST Company was accurately predicted 3 years ago [12].
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2 Model Building

The enterprise financial historical data resource processor is to provide the required risk
determination criteria for the data in the later enterprise financial operation process, and
help it quickly obtain the required resource information, which requires a large amount
of historical and newly integrated data as the basis, data processing The interface circuit
of the device is shown in Fig. 1.

According to Fig. 1, in the interface circuit of the enterprise financial risk processor,
the nRF905 chip is used to realize the communication function of the resource processor.
This chip not only has super transmission capability, but also has high-speed data trans-
mission capability. At the same time, the chip is equipped with 1024 communication
channels, which can realize the integration requirements of resources. The processing
time of its resource processor is <6 s, and the working voltage range is 1.9V-3.6 V dur-
ing the working time, and the working current is controlled at 12.5 p A It is a low-power
working state and can process multiple search requests at the same time.

On the basis of data acquisition and processing in Fig. 1, an in-depth analysis shows
that financial risk data is objective, it exists in the process of enterprise operation and
management, and is usually caused by the loss of solvency of the enterprise or the decline
of investment income. Therefore, managing financial risks, optimizing financial struc-
ture and adopting diversified financing methods are important contents of financial risk
management. Financial risks are divided into two categories, namely narrow financial
risks and broad financial risks. Financial risk in a narrow sense is the uncertainty of loss,
which may be caused by the inability of the company to normally repay its due debts.
Financial risk in a broad sense, in addition to the definition of financial risk in the narrow
sense, also includes the uncertainty of income, which is caused by the capital behavior of
the enterprise, because the capital behavior of the enterprise may not only bring benefits
to the enterprise, but also loss may result. When faced with such uncertainty brought
about by financial risks, enterprises generally cannot completely eliminate them, and
can only take certain measures to reduce this uncertainty as much as possible, thereby
reducing the financial risks that the enterprise may face. From the perspective of financial
risk management, establish a risk prediction and early warning model.

In the process of calculating the similarity between the financial risk degree of the
current enterprise and the financial risk of the historical enterprise, the characteristic
attribute is used as the matching standard to obtain the similarity between the attributes.
The attribute shortest path calculation formula is as follows:

ShortestPath (2, y1)
ShortestPath(y», y1) = 3 1 (if y2 € A¢; and y; € Ag;) (D
0 (if y2=v1)
The definition formula for obtaining the risk correlation degree is:
inlys|

KCD , — J ShortestPath(y;,y1) 2
(2. 1) 0 (if ShortestPath (v, y1) = 0) 2

It can be seen from the above formula that when the shortest distance from the risk
point to the target is not equal to zero, the correlation degree is the similar shortest
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Fig. 1. Data processing

distance. When the shortest distance between the risk point and the target is zero, it
means that the risk point and the target do not have the same risk. Similarity is set to 0.
The steps of collaborative filtering algorithm to build an intelligent financial risk
recommendation model are as follows:
Step 1: Classify the historical text data, extract the features in the enterprise financial
risk database with TextRank, use the vector to map, and get the initial risk level as
follows:

vi = {wi, win, ..., win} 3)

Step 2: According to the historical search behavior, obtain the user’s past risk and
build the available resource model. The user resource library can be expressed as:

AE) = Ay, Ay, o Aya) “4)

When an enterprise conducts a risk level search, it will add the searched risk points to
the user resource library. The user resource library represents the user’s cognitive level
of the enterprise’s financial risk. According to the cognitive level of the risk point, the
available risk resources are recommended.

Step 3: Calculate the similarity between each user’s risk points and resources accord-
ing to the collaborative filtering algorithm. The similarity in this process represents the
recommendation information of risk resources.

Step 4: Perform weighted fusion processing on the similarity of the obtained risk level
resources to obtain the resource connection degree, and use the collaborative filtering
algorithm to recommend the risk point resources with the highest degree of connection
to the user.
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Through the above process, an intelligent recommendation model for enterprise
financial risk resources is constructed, which is expressed as:

Z (Ra,w - Im : sim(é‘, U)

oes§)
Y. Isim(, o)
oes(§)

Wi =Rz + 5)

In order to verify the recommendation effect of the risk method in this paper, the
accuracy rate, the recall rate and the completion degree of the recommended path are
selected as the evaluation indicators, and the calculation formula is as follows:

B TP + TN ©
TP+ FP+FN + TN
TP
D=— (7)
TP + FN

In the formula, A indicates the accuracy rate,D indicates the recall rate, TP indicates
the amount of correctly recommended resources, TN indicates the amount of other
data recommended correctly, FP indicates the amount of resources that are incorrectly
recommended, FN indicates the amount of resources that are not recommended.

The higher the accuracy and recall rate of the method, the higher the precision in the
application process, the better the effect, the higher the completion of the recommended
path, the higher the success rate of teaching resource recommendation, and the better
the recommendation.

3 Experiment

In order to highlight the effect of the recommendation system in this paper, a demand-
based risk recommendation system and a HIN-based risk recommendation system
are introduced, and the two methods are compared with the recommendation system
proposed in this study to test the accuracy of recommending English video teach-
ing resources, recall rate and recommended path completion degree, the results are
as follows:

(1) The system compares the test results of the accuracy rate of enterprise financial
risk resource recommendation as shown in Fig. 2.

According to the results shown in Fig. 2, when the demand-based risk recommen-
dation system and the HIN-based risk recommendation system are used, the resource
recommendation accuracy rate is below 80%, while when the system recommends risk
resources in the text, the recommendation accuracy rate is above 80%. The system can
use the collaborative filtering algorithm to filter out the useless information of the risk
level, and improve the accuracy of the recommendation.

(2) The test results of the recommended recall rate of enterprise financial risk
resources compared by the system are shown in Fig. 3.

From the results in Fig. 3, it can be seen that in the recall rate test, both the demand-
based recommendation system and the HIN-based recommendation system are below
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Fig. 3. Process Analysis

70%. When the number of users is less than 250, the recall rate of enterprise financial risk
resources recommendation When the number of users exceeds 250, the recommended
recall rate is lower than 80%, but it is still higher than the required recommendation
system and HIN-based recommendation system, indicating that the recommendation
effect of enterprise financial risk proposed in this study is better.
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4 Conclusion

This paper proposes a machine learning-based enterprise financial risk prediction
method. The main conclusions are as follows:

The system builds an intelligent recommendation model through the design of hard-
ware and software, and uses collaborative filtering algorithm to realize the recommenda-
tion of enterprise financial risk resources. The experimental test found that the system has
better recommendation effect when recommending enterprise financial risk resources.
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Open Access This chapter is licensed under the terms of the Creative Commons Attribution-
NonCommercial 4.0 International License (http://creativecommons.org/licenses/by-nc/4.0/),
which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons license and indicate if changes were made.

The images or other third party material in this chapter are included in the chapter’s Creative
Commons license, unless indicated otherwise in a credit line to the material. If material is not
included in the chapter’s Creative Commons license and your intended use is not permitted by
statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder.
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