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ABSTRACT 
Financial risk has a greater impact on the operation and development of enterprises, and accurate 
prediction of financial risk has become an industry demand, so as to better help enterprises avoid 
possible financial risk. The article establishes an enterprise financial risk prediction model based on 
the random forest algorithm, and fills in the oversampling of financial data through the SMOTENC 
algorithm, and realizes the downsizing of financial data by combining with the KPCA algorithm. Based 
on the enterprise financial risk characterization index system, the financial data of 358 listed 
enterprises were selected to carry out model validation and application analysis. The accuracy of 
corporate financial risk prediction based on Random Forest can reach up to 94.17%, and the average 
value of the overall time efficiency of the model is 0.68%, which is faster than the comparison 
algorithm in terms of financial data processing capability. Based on the results of financial risk 
prediction, the changes in corporate profitability, operating ability, solvency and development ability 
can be analyzed in depth, providing data support for enterprises to formulate preventive measures for 
corporate financial risk. 
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1. Introduction 

Enterprise ϐinancial risk refers to the enterprise in the whole process of ϐinancial activities, due to a 
variety of uncertainty caused by the enterprise loss opportunities and possibilities [1]. Enterprise 
ϐinancial risk throughout the whole process of production and operation, can be divided into: ϐinancing 
risk, investment risk, capital recovery risk and income distribution risk in four aspects [2-4]. Its main 
features include objectivity, comprehensiveness, uncertainty and coexistence of gain and loss [5-7]. 
Objectivity means that the risk exists everywhere and all the time. Financial risk is not transferable by 
human will, people can not avoid it, can not eliminate it, only through a variety of technical means to 
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cope with the risk, and then avoid the risk. Comprehensiveness refers to the ϐinancial risk exists in all 
aspects of enterprise ϐinancial management work, in the fund-raising, capital utilization, capital 
accumulation, distribution and other ϐinancial activities will produce ϐinancial risk. Uncertainty refers 
to the ϐinancial risk in certain conditions, a certain period of time may occur, or may not occur. The 
coexistence of gain and loss means that the risk is directly proportional to the gain, the greater the risk, 
the higher the gain, and vice versa, the lower the gain. 

However, the macro-environment of enterprise ϐinancial management is complex and changeable, 
and the ϐinancial management system cannot adapt to the complex and changeable macro-
environment. The complexity of the macro environment of ϐinancial management is the external 
causes of ϐinancial risk. The external environment of ϐinancial management involves a wide range, of 
which the most important are the legal environment, ϐinancial environment and economic 
environment [8-11]. Revision of national laws, interest rate ϐluctuations, inϐlation, the government's 
economic policy adjustments and competition between enterprises may bring favorable aspects of the 
enterprise, but also may make the enterprise face certain threats, an enterprise if you can not adapt to 
these complex and changing external environment, will inevitably bring difϐiculties to the enterprise. 
Lack of scientiϐic ϐinancial management decisions lead to decision-making errors and ϐinancial risk. 
Financial decision-making errors is the most direct cause of ϐinancial risk [12]. At present, the ϐinancial 
decision-making of Chinese enterprises generally exists in the phenomenon of empirical decision-
making and subjective decision-making, which leads to decision-making errors often occur, resulting 
in the generation of ϐinancial risk. For this reason, it is necessary to predict the ϐinancial risk of 
enterprises in order to reduce the risk of loss and bankruptcy risk, etc. 

Most of the current research on enterprise risk prediction is enterprise credit risk prediction [13] 
and risk assessment [14], and the prediction of enterprise ϐinancial risk is not in-depth. Among them, 
enterprise ϐinancial risk evaluation is an important basis for identifying and preventing potential 
enterprise risks and risk decision management. Literature [15] optimized ϐinancial risk evaluation 
using a fuzzy multi-criteria decision making (MCDM) algorithm under a comprehensive compromise 
scheme (CoCoSo). Similarly, literature [16] utilized MCDM for the evaluation of unbalanced classiϐiers 
in credit and bankruptcy risk prediction using multiple ϐinancial metrics, as classiϐiers as well as 
started to be widely used in ϐinancial risk prediction, the study optimized the classiϐiers for this 
purpose. Logistic regression, artiϐicial neural networks, and random forest algorithms were also used 
to evaluate classiϐiers in ϐinancial risk prediction, with the best prediction accuracy of the random 
forest algorithm under additional factor conditions [17]. Among them, logistic regression and support 
vector machine models have also been applied to the construction of ϐinancial early warning models, 
but the accuracy effect is lower than the back propagation neural network model [18]. However, the 
one-to-one decomposition fusion method combined with support vector machine can predict multiple 
types of ϐinancial distress forecasts and outperforms the combination of support vector machine with 
two decomposition fusion methods, one-to-one residual and error-correcting output coding [19]. 

There are also methods for corporate ϐinancial risk prediction and early warning based on deep 
learning [20], a combination of multilayer perceptron artiϐicial neural networks and traditional 
Altman Z-Score models [21], reinforcement learning [22], LightGBM machine learning algorithm [23], 
and regression analysis [24]. Deep learning has also been used for investment risk in retail ϐinancial 
risk [25]. In addition, there are studies on simulation modeling of corporate bankruptcy ϐinancial risk 
and considering the dynamics of ϐinancial performance of economic entities to achieve accurate 
bankruptcy ϐinancial risk prediction [26]. However, regardless of early warning or prediction, 
enterprises should pay attention to the risk of bad debt losses to ensure the normal operation of 
enterprises. 

Introducing the random forest algorithm into enterprise ϐinancial risk prediction can improve the 
accuracy and generalization ability of ϐinancial risk prediction and make the results of enterprise 
ϐinancial risk prediction more accurate and reliable. This paper proposes a corporate ϐinancial risk 
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prediction model based on the random forest algorithm, and selects the ϐinancial data of 358 listed 
enterprises as the research object. SMOTENC algorithm is used to oversample the ϐinancial data to 
optimize the data structure, and combined with KPCA algorithm to downsize the high-dimensional 
ϐinancial data. The normality test and non-parametric test are carried out for the validity of the data 
of corporate ϐinancial risk indicators, and the validity of this paper's model is veriϐied through the 
comparison of the model's prediction effect, time efϐiciency and security. We also analyzed the 
ϐinancial risk factors of Company W as an example to provide data support for optimizing ϐinancial risk 
management measures. 

2. Enterprise financial risk prediction model 

As the economic environment becomes more and more market-oriented and internationalized, the 
ϐinancial risks faced by enterprises are also increasing day by day, and the number of enterprises in 
operational difϐiculties or even bankruptcy and liquidation due to ϐinancial risks is also increasing. 
Enterprises, especially listed companies, have become increasingly concerned about ϐinancial risks, 
and accordingly began to use some economic and ϐinancial indicators to predict and evaluate ϐinancial 
crises and issue early warning signals. Although the general prediction algorithm has the ability to 
parallel computing, multi-layer feedback, adaptive learning, but its operation has the disadvantages of 
the black box, the need for a large number of training samples, slow training speed, etc., relative to the 
ordinary means of multivariate discriminant analysis of the accuracy of its discrimination has not been 
signiϐicantly improved. Therefore, it is necessary to ϐind new early warning indicators and prediction 
methods to discover the real operating conditions of enterprises, in order to prevent the occurrence 
of enterprise ϐinancial crisis. 

2.1. Random Forest Algorithm 

Random Forest (RF) is an integrated learning method that combines Bagging algorithm with decision 
trees [27]. Random Forest is to generate an algorithmic forest by randomization, each tree of this forest 
is a decision tree and uncorrelated with each other. After the forest is constructed, when a new sample 
enters this forest, it will be categorized and discriminated by each tree, and then statistically which 
category is selected the most in the end is decided to be that category. The whole algorithmic process 
can be speciϐically divided into three parts: 
1) Construct k  subsample set from the original sample set using the Bagging algorithm, with each 
sample set having a ϐixed m  indicators randomly selected from the full set of indicator variables. 
2) After obtaining the subsample set, construct a series of decision trees using complete splitting. 
3) For a new sample, all decision trees in the forest are allowed to participate in the decision making 
and the category with the highest score is selected as the result. 

Generalization error is an important evaluation criterion to measure the generalization ability of 
the model, usually the overϐitting model, its generalization ability is poor, then the generalization error 
is generally higher, on the contrary, the smaller the generalization error, which indicates that the 
model's generalization ability is stronger. When the decision tree of Random Forest increases to a 
certain degree, its generalization error will converge to an upper bound, i.e., the Random Forest 
algorithm has a good ability to prevent overϐitting. 

Let there be a total of  k  decision tree in the forest 1 2{ ( ), ( ),....., ( )}kf x f x f x , x  is the input of the 
samples to be classiϐied, y is the actual class of the samples, ( )I   is the schematic function, ( )ka   
is the mean of the results, and the interval function is: 

 ( , ) ( ( ) ) max ( ( ) )k k j y k kmr x y a I f x y av I f x j      (1) 
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The above interval function measures the predictive ability of the random forest model by 
calculating the difference between the number of decision trees classiϐied correctly and those 
classiϐied incorrectly, with larger values indicating better predictive ability. 

Let *PE  be the generalization error of the random forest model, then: 

 *
, ( ( , ) 0)x YPE P mr x y   (2) 

 
*

,lim ( ( ( , ) ) ( ( , ) ) 0)X Y
L

PE P P f X Y P f X j  


      (3) 

L is the number of decision trees, and the above equation shows that as the number of decision trees 
increases, the generalization error, i.e., obeys the law of large numbers and converges to an upper 
bound when the number of decision trees is sufϐiciently large. 

Deϐine the strength of the random forest  ( , )f x   as the expectation of its interval function, i.e: 

 , ( , )x ys E mr x y  (4) 

Let the intensity 0s  , according to Chebyshev's inequality, viz: 

 * 2var( ) /PE mr s  (5) 

Setting ˆ( , ) argmax ( ( , ) )j y sj x y p f x j  , the interval function is: 

 
ˆ( , ) ( ( , ) ) ( ( , ) ( , ))

ˆ[ ( ( , ) ) ( ( , ) ( , ))]

mr x y P f x y P f x j x y

E I f x y I f x j x y

 



 

 

   

   
 (6) 

Deϐine the original interval function as: 

 ˆ( , , ) ( ( , ) ) ( ( , ) ( , ))rmg x y I f x y I f x j x y       (7) 

That is, ( , )mr x y  is the expected value of ( , , )mng x y , then: 

 ( , ) ( , , )mr x y E rmg x y   (8) 

To h , both: 

 
2

ˆ ˆ ˆ,
[ ( )] ( ) ( )E h E h h

  
     (9) 

where   and '  are independently and identically distributed, then: 

 2
,

'( , ) ( , , ) ( , , )mr x y E rmg x y rmg x y     (10) 

From the above equation ,var ( , )X Y mr x y  can be expressed as: 

 
'

'

'

, , ,

, ,

'

'

,,

,

var ( , ) ( ( , ))2 ( ( , ))2

( ( , , ))2 ( ( , , ))2

(cov ( ( , , ), ( , , )))

( ( , ) ( ) ( ))

X Y X Y X Y

X Y X Y

X Y

mr x y E mr x y E mr x y

E E rmg x y E E rmg x y

E mg x y rmg x y

E sd sd

 

 

 

 

 

    

 

 





 (11) 

When ,     is constant, the correlation coefϐicient of ( , , ), ( , , )mg x y mg x y     is ( , )     ; and 
( ( ),)sd sd    is the standard deviation of ( , , ), ( , , )rmg x y rmg x y   , respectively, thus: 

 2
,var ( , ) ( ( )) var( )X Y mr x y E sd E       (12) 

 
,

,

( ( , ) ( ) ( ))

( ( ) ( ))

E sd sd

E sd sd





 
 


 

    


 
  (13) 
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In summary, the upper bounds for ,var ( , )X Y mr x y  and *PE  are: 

 
2

,var ( , ) (1 )X Y mr x y s   (14) 

 * 2 2(1 ) /PE s s   (15) 

From the above process, it can be obtained that in order to make the generalization ability of the 
random forest strong, the upper bound of its generalization error should be low. The generalization 
error is related to the correlation between the decision trees and the strength of the decision trees, i.e., 
the higher the strength of each decision tree in the random forest and the lower the correlation 
between the decision trees, the stronger the generalization ability of the random forest model. 

2.2. SMOTENC algorithm 

The SMOTENC method is an improved version of the SMOTE algorithm. The SMOTENC algorithm can 
deal with mixed datasets containing discrete and continuous variables, i.e., datasets containing both 
quantitative and ϐixed class variables. The algorithm solves the problem of unbalanced datasets by 
generating new synthetic samples to expand the few class samples in the dataset [28]. When 
generating new samples, the SMOTENC algorithm takes into account the distance relationship 
between the samples along with the category differences between the samples, thus ensuring that the 
generated synthetic samples can maintain the category distribution in the dataset. At the same time, 
the SMOTENC algorithm also uses a special interpolation method, i.e., linear interpolation between the 
samples, to ensure that the newly generated samples can maintain the discrete nature of the original 
dataset. The SMOTENC algorithm is able to better deal with imbalanced datasets with mixed data and 
achieve better performance in classiϐication models. The principle of the SMOTENC algorithm is as 
follows: 

Suppose the original dataset is: 

 1 1 2 2( , ),( , ),..., ( , )n nD x y x y x y  (16) 

where 1 2( , ,..., )i i i ipx x x x  is the p  attribute feature of the ind sample and y is the category label 
of the i th sample.The main steps of the SMOTENC algorithm are as follows: 

For each minority class sample ix , calculate the distance ijd  between it and all the samples in the 
original dataset, and sort them from smallest to largest distance to obtain the set of nearest k  nearest 
neighbor samples as: 

 1 2, ,...,i i i ikN x x x  (17) 

For each minority class sample ix , in  synthetic samples are generated based on the k  nearest 
neighbor samples. Speciϐically, for the j th nearest neighbor sample ijx , a random number between 
0 and 1 is generated r . The eigenvalue of the synthetic sample jz  is then calculated, i.e: 

 ( )j i ij iz x r x x     (18) 

where r   is a randomly generated coefϐicient that controls the location of the generated synthetic 
samples, and ix  and ijx  are the feature vectors of sample ix  and its j th nearest neighbor sample, 
respectively. 

The generated in  synthetic samples are added to the original dataset to obtain a new dataset as: 

 1 1 2 1 2
'

2( , ),( , ),...,( , ), , ,...,
in n nD x y x y x y z z z  (19) 

Repeat the above steps for all the minority class samples to perform the sampling and generation 
operations to obtain the ϐinal expanded dataset " D . 
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In summary, the SMOTENC algorithm is an oversampling algorithm to solve the category imbalance 
problem by generating synthetic samples to expand the minority class samples and improve the 
prediction accuracy of the classiϐier. 

2.3. Financial risk projection model 

Based on the enterprise ϐinancial data sampled by SMOTENC algorithm, the model framework applied 
to enterprise ϐinancial risk prediction is proposed in combination with Random Forest algorithm as 
shown in Figure 1 [29]. Its speciϐic process is as follows: 
1) Data processing. , i.e., collect data related to enterprise ϐinancial risk, including solvency, operating 
capacity, cash ϐlow, development capacity and proϐitability and other related data, and utilize 
SMOTENC algorithm for oversampling, data cleaning, missing value ϐilling and outlier processing. 
2) Use the random forest algorithm for feature variable screening, i.e., extract the feature variables that 
have an important impact on the prediction of corporate ϐinancial risk from the feature variables. 
3) Use the random forest algorithm to train the screened feature variables, and conduct cross-
validation during the training process to ϐind the optimal parameter combinations, so as to improve 
the model's generalization ability and prediction accuracy. 
4) After the model training is completed, the model is validated and evaluated using test data to ensure 
its reliable prediction. 
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Fig. 1. Enterprise ϐinancial risk forecasting model 

3. Financial risk characterization and treatment 

The 21st century is an era of highly developed and rapid dissemination of information, as the most 
important micro-market subject of the enterprise, the expansion of its overall scale, the innovation of 
business management mode, and the improvement of social and economic beneϐits can not be 
separated from the efϐicient management of enterprise ϐinancial information. For the enterprise 
subject, the cognitive ability of ϐinancial management information, the enterprise's own economic 
strength, information access and management capabilities, and the number of effective information 
resources are not the same. Therefore, in the micro market, the distribution of enterprise ϐinancial 
information is obviously unbalanced, and enterprises will face various risks in the process of 
information management. In such a context, accurate prediction of the degree of risk of various types 
of ϐinancial management information faced in the process of enterprise operation and management, 
in order to eliminate various unfavorable factors in the operation process, reduce the business risk of 
the enterprise. Improving the quality of internal and external ϐinancial information of enterprises and 
realizing the accurate prediction of enterprise ϐinancial risk can minimize various risks in operation 
and increase the future development of the enterprise's income. 
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3.1. Sources for the selection of financial risk indicators 

3.1.1. Selection of indicators of ϐinancial characteristics. In order to achieve a good prediction effect, 
the selection of enterprise ϐinancial risk prediction indicators abide by the rules of validity, rationality, 
completeness, accessibility and operability. Based on this, this paper ϐinds that most scholars start 
from the enterprise's solvency, operating ability, proϐitability, cash ϐlow ability and development ability 
to build the index system of enterprise ϐinancial risk prediction, because these ϐive aspects of the ability 
to reϐlect the enterprise's ϐinancial risk situation more comprehensively. As a result, the enterprise 
ϐinancial risk prediction indexes constructed in this paper are shown in Table 1, mainly including 
proϐitability, operating ability, solvency, development ability and cash ϐlow ability. 

Table 1. Financial risk forecasting index 

Primary indicator Secondary indicator Symbol 

Profit ability 

Operating margin PA1 

Return on equity PA2 

Total asset returns PA3 

Operational ability 

Receivable turnover OA1 

Inventory turnover OA2 

Total asset turnover OA3 

Solvency ability 

Mobility ratio SA1 

Speed ratio SA2 

Asset ratio SA3 

Development ability 

Revenue growth DA1 

Net profit growth rate DA2 

Total asset growth rate DA3 

Cash flow ability 

Cash current liability ratio CA1 

Total cash debt ratio CA2 

Sales cash ratio CA3 

The data of some indicators in the table can be obtained directly from the daily operation data of 
the enterprise, and some of the data can be obtained by simple arithmetic. Among them, the total 
return on assets is calculated by the formula: 

 3 ( ) / *100%l lPA Z C Z   (20) 

In the formula, lZ   represents total proϐit, lC   represents interest expense and Z   represents 
average total assets. In the ϐirst-level indicators of development capacity, the growth rate of operating 
income, the growth rate of net proϐit and the growth rate of total assets are calculated as follows: 

 

1 ( ) / 100%

2 ( ) / 100%

3 ( ) / 10

*

*

0%*

b s s

b s s

b s s

DA Y Y Y

DA J J J

DA Z Z Z

 
  
  

 (21) 

In the formula, bY  represents the current period's operating income, sY  represents the previous 
period's operating income, bJ   represents the current period's net proϐit, sJ   represents the 
previous period's net proϐit, bZ   represents the current period's total assets, sZ   represents the 
previous period's total assets. According to the above operation, to obtain the speciϐic value of each 
index, for the follow-up of the enterprise ϐinancial crisis risk prediction provides the basis. 

3.1.2. Sources of data for the study sample. In this paper, based on the same industry and the same 
period, whether a listed company is directly ST (special treatment) due to “abnormal ϐinancial 
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condition” is taken as the criterion of whether it is in ϐinancial risk, and Chinese listed companies 
whose listed companies are ST for the ϐirst time from 2016 to 2023 are selected as a sample of ϐinancial 
risk, of which the year in which a listed company is ST is denoted as T year. Due to the characteristics 
of the disclosure system of listed companies, the SEC determines whether a listed company is in an 
abnormal ϐinancial condition and decides whether it should be given special treatment based on its 
performance announced in its annual report of the previous year. So using its T-1 year data to judge 
whether the company will fall into ϐinancial risk in that year is not very meaningful and may bring the 
problem of exaggerating the model's predictive ability. At the same time, earlier accurate prediction 
can help companies take measures to cope with the crisis in advance, so in order to ensure the 
reliability and foresight of the prediction, this paper chooses the data set of companies in year T-3 as 
the research sample. In addition, in order to rigorously screen the process of data selection, the listed 
companies that are ST are processed according to the following methods and criteria after being 
screened out from them: 
1) Excluding the listed companies that are directly ST due to “other abnormal conditions”. 
2) Excluding the sample of ϐinancial companies. 
3) In the treatment of missing values of indicators, in order to retain the original information as much 
as possible, the samples with a large number of statistically signiϐicant missing values are excluded, 
otherwise, the interpolation method is used to deal with the missing values. 
4) Companies that have been listed for less than 2 years, i.e., companies listed in 2022 and thereafter, 
are deleted. 
5) In accordance with the principle of the same industry, the same period and similar asset size, a 
ϐinancial normal sample is randomly selected for each ϐinancial risk sample for control, so that the 
inϐluence of industry attributes and asset size on ϐinancial risk prediction can be excluded. 

After a series of sample selection and data processing as described above, 358 sample companies 
are ϐinally obtained, including 179 positive and negative samples each. In terms of data sample division, 
the training set (80%) and test set (20%) are randomly selected in the ratio of 8:2. The data in this 
paper mainly comes from Cathay Paciϐic (CSMAR) database and RESSET database. 

3.2. Data processing for financial risk indicators 

3.2.1. Sample ϐinancial data processing. In the process of predicting the risk of corporate ϐinancial 
crisis, because there is some correlation and overlap between each ϐinancial index variable, and the 
dimensionality of the ϐinancial data is relatively high, this will lead to a signiϐicant increase in the 
calculation of the subsequent prediction model, which in turn affects the efϐiciency and accuracy of the 
prediction. In order to solve this problem, it is particularly important to introduce the principal 
component analysis (KPCA) method to reduce the dimensionality of the data. 

The basic idea of KPCA lies in the fact that the method utilizes nonlinear mapping technology to map 
the sample points of the original high-dimensional data space into a high-dimensional or even inϐinite-
dimensional feature space, so that the data are linearly differentiable in this new space. The advantage 
of this is that the dimensionality of the data can be reduced without losing too much information, thus 
simplifying the computational complexity of the subsequent prediction model [30]. The 
dimensionality reduction process of KPCA can be divided into the following steps: 

First, a suitable kernel function (e.g., Gaussian kernel function or polynomial kernel function) is 
selected, based on which each sample point of the original dataset is corresponded to a higher 
dimensional feature space, so as to obtain the covariance matrix of a high-dimensional sample. I.e: 

 ( ) ( ) , 1,2, , ,T
j j jj X j X l j L d     (22) 

where ( )j X  denotes the vector of high-dimensional mapped samples of dimension * ( )D l D d , jl  
denotes the eigenvalues, and j  denotes the vector of dimensions corresponding to the eigenvalues. 
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Next, the kernel matrix, which is the inner product representation of each sample point in the new 
space, is computed, and then the kernel matrix is centered to eliminate the mean shift in the data. 

Then, the eigenvectors and eigenvalues are obtained by eigenvalue decomposition. On this basis, the 
largest set of each eigenvector is used as the eigenspace after dimensionality reduction. 

Finally, on this basis, the original sampling points are mapped to obtain the dimensionality reduced 
data as: 

 ( )new T
ix j x  (23) 

where newx  represents the data after dimensionality reduction. 
Through the dimensionality reduction process of KPCA, the redundant information and noise in 

ϐinancial data can be effectively removed and the most representative features can be retained. At the 
same time, the dimensionality reduced data is easier to understand and visualize, which helps to better 
analyze and explain the patterns and laws in the ϐinancial data. 

In addition to sample characteristic dimensionality reduction, sample balance is also an important 
inϐluencing factor. In practical applications, the uneven distribution of the number of samples of 
different categories of data is encountered, which triggers the phenomenon of overϐitting. Overϐitting 
may make a model perform well in the training set but poorly in the test set or in reality, thus reducing 
the prediction accuracy. In order to solve this problem, the SMOTENC algorithm based on the 
previously proposed is handled to carry out the data oversampling process. The SMOTENC algorithm 
can effectively increase the number of samples in a few categories, making the number of samples in 
different categories more balanced. 

3.2.2. Financial risk indicator tests. In order to determine whether the data between the 15 ϐinancial 
indicators of the selected 358 enterprises are consistent with normal distribution, the normality test 
is carried out ϐirst. If it meets, T-test can be carried out on the sample indicators to determine whether 
there is a signiϐicant difference between the underlying indicators, and if not, non-parametric tests can 
be used to verify whether there is a signiϐicant difference between the indicators. Only the existence 
of signiϐicant differences between the screened indicators can improve the feasibility of ϐinancial early 
warning. The normality test results of the ϐinancial indicator data are shown in Table 2. As can be seen 
from the table, the signiϐicance level of the 15 ϐinancial risk indicators designed in this paper is lower 
than 0.05, indicating that none of the 15 indicators conform to the normal distribution, and non-
parametric tests are needed. 

Table 2. The normal test results of the ϐinancial index data 

Secondary indicator Symbol Z value P value 

Operating margin PA1 5.474 0.026 

Return on equity PA2 3.332 0.012 

Total asset returns PA3 6.675 0.047 

Receivable turnover OA1 5.438 0.009 

Inventory turnover OA2 8.911 0.034 

Total asset turnover OA3 6.837 0.011 

Mobility ratio SA1 6.216 0.033 

Speed ratio SA2 6.932 0.006 

Asset ratio SA3 4.206 0.015 

Revenue growth DA1 4.095 0.018 

Net profit growth rate DA2 6.598 0.009 

Total asset growth rate DA3 7.132 0.028 

Cash current liability ratio CA1 4.737 0.004 



9546 SUN AND LI 

 

Total cash debt ratio CA2 5.116 0.000 

Sales cash ratio CA3 8.689 0.001 

Non-parametric test is a test method to judge the overall parameters of the sample data using all the 
sample data in the process of data analysis when a clear judgment cannot be made on the overall 
distribution pattern of the sample data, with the purpose of judging whether there is a signiϐicant 
difference between the indicators. In this paper, the Mann-Whitney U test is used for non-parametric 
testing, and the test results of ϐinancial risk indicators are shown in Table 3. As can be seen from the 
table, the 15 ϐinancial risk evaluation indicators selected in this paper all pass the Mann-Whitney U 
test, and their signiϐicance is lower than 0.05. Therefore, the ϐinancial risk evaluation indicators 
designed in this paper can effectively reϐlect the ϐinancial risk situation of the enterprise, and can 
provide effective data support for the prediction of the enterprise's ϐinancial risk. 

Table 3. The results of the ϐinancial risk index 

Secondary indicator Symbol P value Symbol Symbol P value 

Operating margin PA1 0.012 Revenue growth DA1 0.005 

Return on equity PA2 0.003 Net profit growth rate DA2 0.001 

Total asset returns PA3 0.015 Total asset growth rate DA3 0.009 

Receivable turnover OA1 0.007 Cash current liability ratio CA1 0.015 

Inventory turnover OA2 0.013 Total cash debt ratio CA2 0.005 

Total asset turnover OA3 0.000 Sales cash ratio CA3 0.013 

Mobility ratio SA1 0.002 - - - 

Speed ratio SA2 0.008 - - - 

Asset ratio SA3 0.016 - - - 

4. Validation of enterprise financial risk projections 

In the era of “Internet +”, the world economy is becoming increasingly globalized and informatized, 
and the business development of enterprises is facing unprecedented opportunities, but at the same 
time, it is also subject to the constraints of environmental factors, such as the economic market factors, 
laws and regulations, social and cultural factors, and the policy environment and other unpredictable 
environmental factors, which have brought uncertainty to the enterprise's ϐinancial situation. 
Uncertainty, the ϐinancial risks faced by enterprises are increasing. Most enterprises encounter serious 
ϐinancial crisis or even bankruptcy in the late stage because they do not pay enough attention to the 
ϐinancial problems in the early stage and take effective means to deal with the crisis situation in time, 
which is unfavorable to the subsequent development of the enterprise. Therefore, how to accurately 
identify enterprise ϐinancial risk through a reasonable enterprise ϐinancial risk prediction model has 
become a research hotspot to ensure the stable operation and development of enterprises. 

4.1. Financial risk prediction model validation 

4.1.1. Comparison of model prediction effects. In order to verify the effectiveness of this paper's 
model in making enterprise ϐinancial risk prediction, three machine learning algorithms, namely, 
Support Vector Machine (SVM), Nearest Neighbor (KNN), and Linear Regression (LR), are selected as 
comparison algorithms, and 12 sets of test samples are randomly selected from the data set and input 
into each algorithmic model respectively for comparison. The predicted values are compared with the 
actual values to predict the judgment results of ϐinancial risk. Figure 2 shows the prediction results of 
the four algorithms, of which Figures 2(a)~(d) show the prediction results of SVM, LR, KNN, and RF 
algorithms, respectively. 
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From the ϐigure, it can be found that all four algorithms have different effects in the comparison of 
predicted and actual values. In the ϐinancial risk prediction results of SVM algorithm, except for 
samples 2 and 8, the predicted value of each sample has a certain gap with the actual value, especially 
samples 3, 4, 10 and 11, where there is a large gap between the predicted value of ϐinancial risk and 
the actual value. In the prediction results of the LR algorithm, the predicted values of samples 2, 3, 4, 
5, and 7 have a certain gap with the actual values, especially the predicted values of samples 2, 3, and 
7 have a large gap with the actual values, while in samples 9 to 11 the predicted values are a certain 
distance away from the real values, and the predicted values of samples numbered 8 and 12 are 
completely more than the real values. In the prediction results of the KNN algorithm, the predicted 
value of each ϐinancial data sample has a certain gap with the real value, only the predicted value of 
sample 2 has a large gap with the actual value, and the other samples do not have a large gap with the 
real value, which indicates that KNN has a certain advantage in ϐinancial risk prediction. Random 
Forest's ϐinancial risk prediction effect is the best, are closer to the actual value, although the predicted 
values of samples 5, 7, 8, 9 and 10 have a certain gap with the real value, but the results of these 
predictions are not much different from the real value. The synthesis of the above algorithm prediction 
results, indicating that the random forest algorithm proposed in this paper has a better prediction 
effect in the prediction of corporate ϐinancial risk, and can effectively improve the prediction accuracy 
of ϐinancial data. 

  

(a) SVM                            (b) LR 
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(c) KNN                             (d) RF 

Fig. 2. The prediction of four algorithms 

In addition, in order to further validate the effectiveness of the RF model, this paper classiϐies four 
categories of ϐinancial risks in the dataset, i.e., no risk (T1), slight risk (T2), moderate risk (T3), and 
severe risk (T4). The three machine learning algorithms mentioned above are still chosen as a 
comparison, and the confusion matrix is used to verify the accuracy of each algorithm in making 
ϐinancial risk predictions. Figure 3 shows the confusion matrices of different algorithms, where 
Figures 3(a)~(d) show the confusion matrices of SVM, LR, KNN, and RF algorithms, respectively. 

It can be seen from the ϐigure: 
1) The RF classiϐier has the best prediction accuracy for samples with different levels of corporate 
ϐinancial risk, with prediction accuracies of 91.23%, 92.35%, 90.13%, and 94.17% for heavy, moderate, 
slight, and no risk samples, respectively. Even the misclassiϐied samples were only misclassiϐied as 
neighboring categories. 
2) SVM classiϐier and LR classiϐier have similar prediction accuracies and are better than KNN classiϐier 
for slight and no ϐinancial risk samples. Among them, the prediction accuracy of RF and KNN classiϐiers 
for no ϐinancial risk is higher than 90%, and the prediction accuracy of SVM and LR for no ϐinancial 
risk is lower than 90%. Except for RF, KNN, SVM and LR are less effective in predicting moderate 
ϐinancial risk, and their prediction accuracies are 78.95%, 48.54% and 38.24%, respectively. 
3) Overall, the prediction accuracy of the KNN classiϐier for corporate ϐinancial risk is low relative to 
the RF algorithm, and samples with moderate, slight and no risk are misclassiϐied as moderate 
ϐinancial risk, while the prediction effect of the sample with heavy ϐinancial risk is second only to the 
RF classiϐier, and its prediction accuracy is 92.75%. 

In summary, the enterprise ϐinancial risk prediction model proposed by this paper based on the 
random forest algorithm has superior prediction effect, can be more accurately predicted to the 
enterprise ϐinancial risk level, and provide accurate identiϐication results for enterprises to take 
reasonable measures to avoid ϐinancial risks. 
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(a) SVM                            (b) LR 

  

(c) KNN                             (d) RF 

Fig. 3. Confusion matrix of different algorithms 

4.1.2. Time efϐiciency and security. Among the model input factors, the actual situation, proϐitability, 
operation and growth have a stronger relationship with time efϐiciency, and the time efϐiciency of 
prediction is faster, which can timely understand the overall situation of corporate ϐinance, thus 
enabling enterprises to quickly make risk prevention and control measures. So in the time efϐiciency 
analysis mainly for these four factors for prediction model input. In the experimental process, the data 
of enterprise ϐinance are grouped and organized into 20 groups, and the test data are used to compare 
and analyze the time spent by SVM, LR, KNN and RF algorithms in predicting enterprise ϐinancial risks, 
and their speciϐic results are shown in Figure 4. 

As can be seen from the ϐigure, the RF algorithm proposed in this paper has an average value of time 
efϐiciency of 0.68% when predicting corporate ϐinancial risks, which is 0.09, 0.07 and 0.17 percentage 
points higher than the KNN, SVM and LR algorithms, respectively. This shows that this paper has higher 
efϐiciency in dealing with enterprise ϐinancial risk data, and has better time efϐiciency on the basis of 
ensuring the accuracy of ϐinancial risk prediction, which further validates the effectiveness of this 
paper's method. 
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Fig. 4. Algorithm time efϐiciency 

In the model input factors, the actual situation, growth situation and cash ϐlow have a strong 
relationship with the security of the enterprise ϐinancial risk, because of the existence of 
conϐidentiality of the enterprise ϐinancial data, the model should minimize the occurrence of security 
problems, so in the security analysis can be predicted from these 3 factors model input. In the 
experimental process, the data of enterprise ϐinance is grouped and organized into 20 groups, and the 
test data is used to compare and analyze the problem situation of the 4 algorithms, and its speciϐic 
results are shown in Figure 5. 

According to the experimental results, it can be seen that the model proposed in this study has fewer 
security problems in the process of enterprise ϐinancial risk prediction, and only 4 problems occur in 
20 groups of tests, which is better than other models, and to a certain extent, it can reduce the 
occurrence of security problems. While realizing the prediction of enterprise ϐinancial risk, the 
security of enterprise ϐinancial data is better guaranteed. 

 

Fig. 5. Safety analysis chart 

4.2. Example analysis of financial risk forecasting 

4.2.1. Debt service and operational capacity. Based on the corporate ϐinancial risk prediction model 
established in the previous section, the early warning indicator of Company W in 2022 was selected 
as its future prediction target through risk assessment of the company's ϐinancial situation. The 
ϐinancial situation of Company W in 2023 is predicted to be a slight ϐinancial risk using the ϐinancial 
risk prediction model, which is consistent with the actual ϐinancial risk situation of the company in 
2023. This shows that the enterprise ϐinancial risk prediction model based on the random forest 
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algorithm has high prediction accuracy and can provide an effective method for the ϐinancial risk 
prediction of listed enterprises. 

In this paper, we will analyze the ϐinancial situation of Company W to ϐind the speciϐic ϐinancial risk 
factors of the company. This paper takes the ϐinancial risk indicators of Company W from 2016 to 2022 
as an example, and compares and analyzes the solvency and operating capacity. Table 4 shows the 
changes of solvency and operating capacity indicators of Company W between 2016~2022. 

As can be seen from the table, Company W's current ratio has been decreasing every year, and the 
main factor for its reduction is the continuous expansion of its debt, which reached $50 million in 2021. 
The turnover in 2022 will be 96.4857 million, an increase of 120.42% over 2020, and the company's 
current debt is also rising. This index reϐlects the company's short-term debt repayment ability, which 
means that the company is stronger, but if it is too high, if the company's short-term debt exceeds a 
certain threshold, it will lead to the company's working capital not working smoothly, which will 
reduce the company's proϐits. Judging from the current situation, the short-term debt capacity of 
Company W is very normal. In addition, the proportion of receivables of Company W is too high, and if 
the proportion of receivables is too high, there is a possibility of bad debts, so it is necessary for the 
company to improve its short-term debt repayment ability from the perspective of the current ratio 
index. The shareholding structure reϐlects not only the shareholding structure of the company, but also 
the company's debt proϐile. The index reϐlects the long-term debt burden, which is too high, the debt 
ratio is too high, the demand for more interest payments, and the rising level of fees. This ratio is on 
the low side, making it impossible for companies to fully leverage their ϐinancing and invest more 
capital in their daily operations. It is necessary to combine the actual situation of enterprises and 
appropriately borrow in order to create greater economic beneϐits for enterprises. Although Company 
W has a smaller percentage of equity ownership, the overall growth rate is relatively fast, reaching 
58.6% in 2022, indicating that Company W's debt level is gradually increasing. 

In addition, between 2016 and 2022, Company W's inventory turnover has been decreasing steadily, 
from 16.014 in 2016 to 2.728 in 2022, and it has decreased by 13.286 percentage points over the past 
seven years. The production of inventory is faster than the rate of sales, which indicates that Company 
W has some inventory turnover mismatch on a daily basis, which results in the business having too 
high a percentage of working capital and a lack of liquidity as it grows. Such liquidity will affect the 
capital ϐlow of the business, indicating that the business is not doing well. Over the past seven years, 
the ϐixed asset turnover index has gradually declined from 3.112 in 2016 to 2.024 in 2022, and 
although the decline is not signiϐicant, there is no sign of growth in this index over the past seven years. 
It indicates that the ϐixed assets of the ϐirms are not being used efϐiciently and the management class 
is not high. The increase in 2021 is higher than that of 2020, which is mainly due to the fact that the 
revenue outweighs the increase in ϐixed assets. 

Table 4. Solvency and operational capacity 

Year Mobility ratio Equity ratio Inventory turnover Fixed asset turnover 

2016 13.213 0.028 16.014 3.112 

2017 12.651 0.013 15.276 3.055 

2018 3.682 0.427 3.769 2.328 

2019 2.577 0.235 3.782 2.139 

2020 1.832 0.468 3.035 1.957 

2021 1.859 0.543 2.816 2.146 

2022 1.794 0.586 2.728 2.024 

4.2.2. Proϐitability and development capacity. For the proϐitability index of Company W, it is mainly 
shown through operating proϐit margin, return on net assets and total return on assets, and by 
studying the level of its proϐitability, it is able to understand the proϐitability level of the company. 
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Figure 6 shows the results of proϐitability development of Company W. As can be seen from the ϐigure, 
Company W's operating proϐit margin, return on net assets, and total return on assets have been 
decreasing from 2016 to 2022, and although each indicator has increased in 2021 and 2022, the 
enterprise's operating proϐit margin is much lower than the historical level of 2019, and the total 
return on assets is much lower than the historical average level before 2019, which indicates that 
Company W still needs to continuously improve the enterprise's proϐitability and that there is still a 
lot of room for the business to make a proϐit. 

 

Fig. 6. Proϐitability development results 

This paper measures the development ability of Company W based on the three ϐinancial indicators 
selected above, the growth rate of operating income reϐlects the growth rate of the company's 
operating income compared with last year, and the growth rate of total assets reϐlects the expansion 
rate of the company's capital scale. Figure 7 shows the development capacity of Company W in 
2016~2022. As can be seen from the ϐigure, the operating income of Company W will decline sharply 
in 2020~2021, and the operating income will increase slightly in 2022, but the growth rate is far lower 
than the industry average of 1.87%. At the same time, the net proϐit growth rate of W company in 
2019~2022 is less than 0, indicating that the company's shareholder value is gradually decreasing. In 
2021, the growth rate of W's operating income will increase compared with 2020, but the operating 
income is far lower than the industry average of 2.67*1.04 million yuan, and its operating income 
growth rate will decrease in 2022. This shows that Company W lacks competitiveness and insufϐicient 
development potential. 

 

Fig. 7. The ability of enterprises to develop 
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In summary, analyzing the development situation of Company W from four aspects, it is not difϐicult 
to ϐind that Company W does have certain ϐinancial risks. For solvency, Company W's short-term 
solvency is insufϐicient, its gearing ratio is low and its capital structure is unreasonable. From the 
analysis of proϐitability, the return on corporate net assets has been falling, indicating that compared 
with other companies, Company W's proϐitability is weak. Analyzing from the operating ability, the 
company's inventory turnover ratio is far below the industry average, and the accounts receivable 
turnover ratio is also decreasing. Analyzing from growth ability, the overall net asset growth rate of 
the company declines year by year, the net proϐit growth rate is much lower than the industry average, 
and the growth potential of the enterprise is insufϐicient. The model prediction results are consistent 
with the actual situation of the company, and it can be proved that the random forest model 
constructed in this paper can effectively predict the degree of ϐinancial risk that exists in W company. 

5. Conclusion 

The article constructs an enterprise ϐinancial risk prediction model based on the random forest 
algorithm, oversamples and downsizes the enterprise ϐinancial data through SMOTENC algorithm and 
KPCA algorithm, and veriϐies the effectiveness of the enterprise ϐinancial risk prediction model 
through examples. 
1) Under the sample data of different enterprise ϐinancial risk levels, the ϐinancial risk prediction 
accuracy based on random forest is the best, and the prediction accuracy of heavy, medium, slight and 
no risk samples is 91.23%, 92.35%, 90.13% and 94.17%, respectively. The RF algorithm has a mean 
value of 0.68% of time efϐiciency in enterprise ϐinancial risk prediction, and the security problem 
appears only 1~2. 
2) Based on the results of ϐinancial risk prediction, the enterprise ϐinancial risk factors can be 
excavated, and quantitative data analysis can help enterprises better avoid ϐinancial risks, and provide 
a guarantee for the stable and healthy development of enterprises. 
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