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SUMMARY: There exists a distinct synergy between enterprise financial sharing and internal 

control systems. From the perspective of big data intelligence, the present research designs an 

optimization model for enterprise financial sharing center, combining the application of robotic 

process automation (RPA), with the aim of making the optimal intelligent internal control 

system of financial operation and management of industrial enterprises. This financial 

management optimization model includes three key aspects, namely, (1) enterprise credit risk 

evaluation through system clustering and factor analysis; (2) employee disciplinary prediction 

through C4.5 decision tree algorithm; and (3) enterprise financial management risk prediction 

through BP neural network algorithm. In the empirical study, the researchers find out that the 

75 sampled industrial enterprises fall into six groups, while there are three main components 

in relation to their enterprise credit risk. Moreover, the employee disciplinary prediction model 

is found effective in recognizing the employee disciplinary behavior, thus helping in enterprise 

safety management. In addition, compared to the LPM risk prediction model, the new risk 

prediction model using BP neural network algorithm offers a better fitting effect and accuracy. 

In summary, the optimization model of enterprise financial management successfully lowers the 

cost of the financial sharing center operations and management, optimizes the intelligent 

internal control system of finance, and raises the quality and level of enterprise financial 

management. 
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1 Introduction 

With the increasingly strict external regulatory environment, decision support and agile 

operations and other needs make the enterprise must be driven by data to financial operations, 

from the rough, single, passive accounting management to refinement, synergistic, proactive 

foresight type of intelligent management [1-3]. Under this, the traditional financial system in 

the industry and financial synergy depth, data standards and quality, data value mining, 

management decision-making support and other aspects of the shortcomings of the information 

query difficulty, the depth of the application of the data is insufficient, it is urgent to push the 

original financial system to the “wisdom” of the new height. Intelligent financial system is 
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based on the business model of the new era, through the integration of intelligent networking, 

big data analysis, cloud computing technology and other emerging technologies, to realize the 

relevant system of independent collection, convergence, computing, processing, reporting and 

independent correction of accounting data, support for intelligent decision-making, control of 

digital staff algorithms and thinking logic of the shared system [4-7]. Some large enterprises 

have begun to try to utilize the advantages of new technologies such as “big, smart, material, 

cloud, mobile” to promote the construction of financial systems [8]. But overall, the effect of 

the construction of smart financial system is not significant. 

In this context, robotic process automation (RPA) technology provides a new path for the 

construction and optimization of intelligent financial systems. RPA is a kind of application 

technology that can simulate and optimize the interaction process between human beings and 

computers according to predefined procedures, efficiently execute high-volume, repeatable 

tasks, and thus significantly improve the level and efficiency of workflow automation [9-11]. 

After years of information technology layout, many enterprises have formed a situation where 

various types of information systems coexist, objectively giving rise to the demand for 

interaction and integration between different information systems, which in turn promotes the 

popularization and application of RPA technology [12]. RPA technology through the unified 

enterprise cloud platform technology architecture, the integration of customized development, 

back-end integration platforms, etc., to centralize the isolated and dispersed financial data and 

information, and thus promote the construction of intelligent financial system. And then 

promote the construction and application deployment of intelligent financial system [13-15]. 

Due to its short deployment cycle and low cost, it can effectively alleviate the cost pressure 

faced by most enterprises in building smart financial systems [16]. 

The concept of Robotic Process Automation (RPA) is often referred to as a rules-based 

digital workforce whose fundamental principle is based on simulating human behavior via 

software robots to perform business processes that are highly repetitive in nature and with clear 

rules. Literature [17] carried out a case study on the RPA technology and observed that it could 

successfully lower the labor cost of an enterprise, increase the efficiency of management, and 

increase the pace of business-processing, which would unlock the developmental potential of 

this digital technology and bring about a wide-scale effect on the industrial transformation. 

Literature [18] indicates that the effectiveness of RPA depends on the regularity of the business 

process, since robots follow the programed execution logic. The research claims that the one 

and only means of automating processes and achieving meaningful efficiency improvements is 

to break the business processes into atomized rules. Literature [19] also states that the RPA 

technology is a vital instrument in improving business efficiency in case enterprises want to 

achieve digital transformation and eliminate contradictions due to internal and external changes. 

Through information-based data management, such as the collection, accumulation, storage, 

and processing of business processes, enterprises will move towards automation. Literature 

[20] , to determine the position played by integrating the RPA and ChatGPT technology in 

enterprise digitalization, analyzed the literature on the topic in the last 20 years and took a new 

energy service company as a case study. It is found that the joint use of RPA and ChatGPT 

technology has a positive impact on promoting the digital transformation of an enterprise. 

Literature [21] observes that most of the modern enterprise business processes have been 

automated. Replicating the human action, RPA is able to relieve heavy reliance on manual work 

operations, minimize human errors significantly, and enhance the efficiency of work. 

In terms of using RPA technology in enterprise management, the literature [22] reveals the 

use of RPA-Salesforce in the transformation of enterprise automation. Under this setup, RPA 

technology creates a link between users and the systems to create human-computer interaction 

and Salesforce acts as an orchestration hub in evaluating organizational effectiveness. These 
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two are complementary in enhancing business performance, data processing and other 

performance measures. Literature [23] suggests an automated enterprise development plan 

based on the combination of AI, machine learning and RPA, and illustrates how these 

approaches relate to each other and interact. This research confirms the positive changes in the 

efficiency, accuracy, and other aspects of various industries, including finance, healthcare, and 

manufacturing. Literature [24] applies an application combining RPA and AI techniques to the 

automated order processing process of an enterprise, and shows in a case study of German 

SMEs that the application significantly improves the time-economy gains and organizational 

performance of the enterprise. Literature [25] uses both AI and RPA solutions in an automated 

order-processing workflow of a company and, in a case-study of German SMEs, it is shown 

how the approach leads to substantial time-related financial benefits and better organization 

performance. The issue of integrating AI technologies, like natural language processing, 

computer vision, and cognitive computing, with RPA. It introduces a composite cognitive RPA 

system into enterprise operations and proves that it is effective in enhancing the enterprise 

capability to process complex documents, context sensitive decision making and managing 

exceptions. 

Studies and relevant literature reviews and theories have proven the applicability of Robotic 

Process Automation (RPA) in intelligent financial transformation. Literature [26] highlights the 

possibility of using RPA in enterprise financial management by conducting research and review 

of literature. Besides cost savings and improvement in operational efficiencies, RPA also 

supports evidence-based decision making and helps in enterprise digital transformation. 

Literature [27] emphasizes on the necessity of finance departments using RPA technology to 

make intelligent decisions and conduct financial analysis of their corporate resources. The study 

presents an exhaustive rationale about the strengths and future possibilities of RPA in corporate 

financial systems. Literature [28] explains that RPA technology, due to its effectiveness in 

processing data and handling transactional processes, is effective in reducing labor costs 

through high efficiencies in operation. Moreover, the use of artificial intelligence with RPA 

could lead to improved operations for enterprise financial systems. Literature [29] investigates 

the application of RPA in enterprise finance digital transformation in different angles. It 

identifies that automated nature of the financial process at enterprises and the resultant savings 

in operational costs are other benefits of RPA, besides the benefits of data processing efficiency 

and data security. 

As for practice in the financial industry, the literature [30] makes use of Robotic Process 

Automation (RPA) technology to solve the problem of low accuracy and flexibility in financial 

data processing. With the analysis of historical financial data using data mining, this literature 

is able to rationally identify and optimize key financial processes. As shown in the research, 

using the RPA technology can achieve more than 97.36% automation of financial operations 

and above 90% accuracy of financial operations' execution, thus greatly improving the 

efficiency of financial operations. In literature [31] , the authors apply RPA technology to the 

configuration of enterprise accounting system and evaluate the reliability of this technology by 

means of expert questionnaires and interviews. Further, the feasibility of its application is 

proved by the case implementation from the perspective of privacy, security, and sustainability 

of the system. In literature [32] , the authors design an enterprise financial statement filing robot 

with the help of RPA to solve the problems arising during financial analysis due to large volume 

of repetitive and routine tasks. Through performing tasks with high efficiency and accuracy, the 

robot is helpful in promoting RPA among enterprises. Literature [33] uses RPA technology to 

optimize the financial management process, involving data collection, building of a cloud 

procurement platform, and cost analysis. In doing so, it promotes the building of artificial 

intelligence society and gives guidance for the automation of enterprise financial shared 
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services. Literature [34] studies the optimization of banking operations using RPA in a financial 

sharing framework. It makes the audit process better than before, making the auditing procedure 

more systematic and standardized and offering accurate feedback on the result, which enables 

it to solve many financial issues faced by banks. Literature  [35] combines big data analysis 

with RPA and uses this combination in analyzing and giving risk warning of enterprise financial 

data. According to the results, there is a 32.78% reduction of task errors when comparing it 

with traditional methods. 

This paper combines techniques such as system clustering, factor analysis, C4.5 decision 

tree, back propagation (BP) neural network, and robotics process automation in order to create 

an optimization model regarding the operation and management of financial sharing service 

centers under a big data-intelligence environment. This paper provides support for improving 

the intelligent financial internal control systems of industry enterprises. More specifically, 

system clustering and factor analysis methods are adopted to build an enterprise credit risk 

evaluation model; C4.5 decision tree method is used to build an employee disciplinary 

prediction model; and finally, BP neural network is used to build an enterprise financial 

management risk prediction model. The following empirical verification will be conducted in 

order to verify the effectiveness of the models. 

2 Optimization of the design of intelligent financial internal 

control system for industrial enterprises based on RPA 

The essence of internal control, as part of enterprise risk management, is the ability and 

influence to make sound decisions and the trust that develops over time through the flow of 

information, the chain of interests and the ability to mobilize resources. Financial shared service 

centers achieve the goal of internal control by being a trusted decision-making body. In view of 

this, this study achieves the optimal design of an intelligent financial internal control system 

for an industrial enterprise by optimizing the operation and management of the enterprise's 

financial shared center model (FSSC). 

The study selects the operation and management of FSSC of Z industrial enterprise as the 

object, and designs the operation and management optimization framework of enterprise FSSC 

based on big data intelligence as shown in Fig. 1. 

The present research is concerned with identifying and analyzing the limitations associated 

with Enterprise Z’s FSSC operation and management framework. The research aims at 

proposing a modified operating framework for the enterprise financial sharing center (FSSC) 

based on the systematic clustering algorithm, factor analysis, the C4.5 decision tree algorithm, 

the BP neural network, and the RPA financial robot. On a macro level, the research is designed 

to be implemented via the utilization of business modules involved in the scope and platform 

of FSSC operation and management. In other words, data mining tools will be utilized to gather 

information from each system module involved in the FSSC operation and management 

framework. Hence, it will become possible to solve the issues identified in relation to the 

operation and management of Enterprise Z’s FSSC. On this basis, the study provides 

recommendations related to implementing the FSSC operation and management framework. 
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Figure 1: Overall framework for optimizing FSSC operation management based on RPA 

The operation management optimization implementation process of Enterprise Z's financial 

sharing center under big data intelligence is shown in Figure 2, which mainly includes two parts: 

the algorithm-based optimization process and the optimization process based on the RPA 

financial robot. The data collection, data depth processing, and model construction of each 

module of FSSC operation management together constitute the algorithm-based FSSC 

operation management optimization process. Among them, the in-depth data processing of 

FSSC operation management includes three elements: index data conversion, cleaning and 

order of magnitude unification. The RPA-based FSSC operation management optimization 

process includes applicability analysis, process optimization, and process application. In short, 

according to the performance management optimization, risk management optimization, and 

process management optimization needs of Enterprise Z's FSSC operation management, system 

algorithms, factor analysis, C4.5 decision tree algorithm, BP neural network, and RPA 

technology are used to implement the optimization, respectively. 
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Figure 2: Implementation process of FSSC operation management optimization 
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3 Evaluation of corporate credit risk based on cluster analysis 

and factor analysis methodology 

3.1 Systematic cluster analysis 

Many clustering algorithms have been devised according to different clustering approaches. In 

particular, K-means is relatively easy to implement and usually results in good clustering effects, 

which explains why it is frequently applied in practice. However, in K-means clustering, it is 

essential to determine beforehand the number of clusters. If it is not known how the data 

samples are classified, predicting the number of clusters (value of K) in advance becomes a 

hard task. The method of systematic clustering serves as a solution to this problem. 

The essence of systematic clustering, sometimes referred to as hierarchical clustering, 

consists in forming groups of the most similar objects taking into account their proximity 

relationship, then dividing these groups into subgroups (or combining them into bigger ones) 

until all cases or variables are grouped into one cluster. The process of systematic clustering 

can be shown schematically in Figure 3. 

Sample Individuals Separate Classes

Number of classes is 1

Calculate the interclass distance matrix

Merge the two closest categories into a new category

Draw a clustering diagram

Determine the number and type of clusters

Yes

No

 

Figure 3: System clustering process 

3.1.1 Data pre-processing 

The degree of variability in the measurements and variables affects the comparability of the 

data and therefore requires data standardization. Data standardization methods are generally of 

the following types: 

(1) Standard deviation standardization: 
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ijx  is denoted as the raw data of the i th sample in the j th indicator; 
ijx  the standardized 

data of the i th sample in the j th indicator. 

(2) Extreme difference standardization: 
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where 
ijx  is the data after normalization of the j th indicator of the i th sample. After the 

polar transformation process, all the indicator data [0,1]ijx  . 

3.1.2 Calculating inter-sample distances 

In cluster analysis of practical problems, the proximity between any two sample points is 

usually measured by measuring the distance between them. If 
ijd  is defined as the distance 

between the sample ix  and the sample 
jx , there are several methods of calculating the 

distance between samples as follows: 

(1) Absolute value distance: 

 
m
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(2) Euclidean distance: 
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(3) Minkowski distance: 
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(4) Chebyshev distance: 
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(5) Marginal distance: 
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where S  is the covariance. 
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(6) Lang's distance: 
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3.1.3 Calculating class-to-class spacing 

In the longest-distance strategy, the inter-class distance is defined as the largest distance 

between any two samples chosen from different classes. The shortest-distance strategy 

measures the inter-class distance through the smallest distance found between any two samples 

from the various groups. In average intergroup linkage technique, the inter-class distance is 

measured by computing the average distance between samples in the various classes. The 

average intragroup linkage computes the inter-class distance by treating all people in the 

combined group as one and finding the average distance among all people in the combination 

group. Both the centroid and median use the averages or medians of the variables to find the 

class distance. In Ward’s minimum variance, when n  samples are classified into n clusters, 

the total sum of squared deviations becomes larger when the number of clusters decreases. This 

means that at the start, only a very small portion of the total sum of the squares deviates is 

assigned to the two classes, then the process repeats itself until all the samples are clustered into 

one. 

3.1.4 Methods for Determining Sample Spacing and Class Spacing 

Before conducting cluster analysis, the similarity among samples must first be measured by 

calculating the distance between them. In this paper, squared Euclidean distance or Euclidean 

distance is selected as the method for measuring sample spacing. Under the premise that the 

sample distance is the squared Euclidean distance method, the samples are clustered by using 

seven distance calculation methods respectively, and the aggregation coefficients obtained from 

the seven methods are compared and studied so as to select the best distance calculation method. 

The aggregation coefficient is the sum of the distortion degree of all classes in the sample. 

The distortion degree of each class is the sum of the squares of the distances between the center 

of the class and its internal members, assuming that the number of classes in n  samples is 

( 1)K K n  , and defining kC  to be the k th class, and KU  to be the location of the center 

of gravity of the class, the distortion degree of the k th class is: 

 
2

i kx u  (11) 

The coefficient of aggregation is: 

 
2
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K
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3.2 Factor analysis 

The objective of factor analysis lies in identifying certain latent factors which cannot be 

observed directly, but which can be observed indirectly by a series of measurable factors. Factor 

analysis involves four basic processes: (1) analyzing the correlation between the initial factors, 

(2) establishing latent factors, (3) understanding the factor structure using rotation, and (4) 

calculating the factor score. 



INGEGNERIA SISMICA – INTERNATIONAL JOURNAL OF EARTHQUAKE ENGINEERING 

9 

First, the latent demand is explored by determining whether there is a good correlation 

between the initial variables. In this study, the covariance formula is used to achieve this: 

 ( , ) [( [ ])( [ ])]Cov X Y E X E X Y E Y    (13) 

If there are n -dimensional primitive variables in the experiment, one can construct a 

covariance matrix consisting of 
!

( 2)!*2

n

n 
 covariance matrices: 
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 (14) 

Next is the construction of factor variables. Constructing factor variables is to summarize 

the original variables into a few common factors and solve the factor loadings based on the 

correlation matrices of the variables, and the method of solving the factor loadings is factor 

analysis based on the principal component model. This method uses the principle of rotating 

coordinates: first the original variables are transformed through linear relationships, and then 

another set of non-corresponding variables are transformed next to get the second 

transformation of these variables called principal components. In factor analysis, the 

determination of the common factor is based on the characteristic root 

 1 1 2 n 0        found by the matrix of correlation coefficients R , and the 

characteristic root   is the value of the variance contribution of the common factor. Factor's 

variance contribution value, calculating the characteristic root can calculate the variance 

contribution rate 1R  and cumulative contribution rate 2R  of each common factor F : 
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When the cumulative contribution of the factor 2R  is greater than 80%, it means that the 

previous principal component ( )m m n  explains most of the information of all variables, 

where m  is the final number of factors. 

This study is based on the factor loading matrix to explain the factor variables: 
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The correlation between the constructed factors and the original variables can be obtained 

by performing the analysis. Where ( , 1,2, , )ij i ija l i j n   . 

To make the original factor variables easier to interpret, factor rotation is introduced to 

describe the variables more clearly. The central idea of orthogonal rotation is to maximize the 

sum of the variance of the squared loadings for each factor while keeping the orthogonal 

properties of the original factors unchanged. 

The score of each factor is obtained through a linear combination of the original variables. 

In other words, the original variables are combined on the basis of the eigenvalues of the factors. 

The corresponding linear combination can be expressed as follows: 
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 (18) 

where F  represents the factor variables and x  represents the original variables. 

The study used Barlett's estimation method, which is calculated based on the principle of 

weighted least squares regression. Let ( , )x y  be the pair of variables that need to be fitted 

together to satisfy the relationship ( , )y f x  , where  1 2, , ,
T

nx x x x   and 

 1 1, ,
T

n      is the parameter to be determined, and the least squares method aims to 

solve the objective function model: 

  
2

1

( , ( , )) , ( 1,2, , )
m

i i i

i

L y f x y f x i n 


       (19) 

where  1 1, ,
T

n      is the minimum value. 

Lastly, the weight assigned to each factor is based on the percentage of variation caused by 

each individual factor. The sum total of these factors forms the index function for evaluating 

the sample on the basis of the newly formed factors. Following the rules and procedures of 

factor analysis and the methodology adopted in SPSS statistical software, the sequence of steps 

involved in conducting factor analysis using the correlation matrix is shown in Figure 4 below. 



INGEGNERIA SISMICA – INTERNATIONAL JOURNAL OF EARTHQUAKE ENGINEERING 

11 

Standardization of raw data

Find the correlation matrix R of the normalized data

Find the eigenvalues and eigenvectors of the correlation matrix

Calculate the variance contribution ratio RI and cumulative variance contribution ratio R2

Determine the factor F based on the contribution

Factor Rotation Explanatory Variables

Using Barlett's estimation to find linear combinations of factors and original variables

Seek evaluation function for composite indicators
 

Figure 4: Factor analysis process 

3.3 Empirical analysis of credit risk evaluation of industrial enterprises 

This section empirically studies the credit risk situation of seventy samples of industrial 

enterprises based on the credit risk evaluation model of industrial small enterprises that were 

built up by systematic cluster analysis and factor analysis. 

3.3.1 Cluster analysis of sample firms 

Before conducting the cluster analysis, the indicators of the samples need to be normalized so 

as to avoid the influence caused by the difference in data size and outlier value. The process of 

cluster analysis is completed with the aid of SPSS 28.0. According to the clustering results and 

combining with practical situations, the seventy-five samples can be divided into six major 

categories. 

3.3.2 Discriminant analysis 

Discriminant analysis is utilized to verify whether the classification results are reasonable, 

whether they are affected by several factors such as the variables used and the distance 

measurement method, and whether the classification results are unstable. 

The typical discriminant function eigenvalues are shown in Table 1. It can be seen that 

discriminant functions 1 to 5 explain 67.88%, 16.05%, 9.48%, 4.99% and 1.60% of the data, 

respectively. The five discriminant functions explained 100% and the typical correlation 

coefficients were also high. 

Table 1: Characteristic values of typical discriminant functions 

Function 
Characteristic 

value 

Percentage of 

variance 

Cumulative 

percentage 

Typical 

correlation 

1 12.438a 67.88 67.88 0.971 

2 2.941a 16.05 83.93 0.868 

3 1.736a 9.48 93.41 0.804 

4 0.915a 4.99 98.40 0.695 

5 0.293a 1.60 100.00 0.479 
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The discriminant function significance tests are shown in Table 2. It can be seen that the 

five discriminant functions directly have significant differences and discriminatory power, all 

of which are statistically significant. In general, the classification results are better, the special 

characteristics of each category are obvious, and the classification is more successful. 

Table 2: Significance test of discriminant function 

Function test Wilkes λ value Chi-square df Sig. 

1-5 0.004 361.283 37 0.000 

2-5 0.043 205.428 25 0.000 

3-5 0.162 121.639 16 0.000 

4-5 0.425 58.472 9 0.000 

5 0.793 16.854 4 0.001 

 

The classification result judgment is shown in Table 3. The typical discriminant function 

plot is shown in Figure 5. It can be concluded that the accuracy of the classification results 

obtained by applying cluster analysis in the previous section is as high as 97.33%, which means 

that all 75 original grouped cases have been correctly classified. And it can also be seen from 

Figure 5 that the sample enterprises are all centered around 6 groups, indicating that intuitively 

the grouping discriminant results are better and the cluster analysis results are reasonable. 

Table 3: Judgment of classification results 

Classification results 

 

Average 

connection 

of each 

group 

Predict the information of the group members 

Total 
1 2 3 4 5 6 

Original Count 

1 16 0 1 0 0 1 18 

2 0 4 0 0 0 0 4 

3 0 0 43 0 0 0 43 

4 0 0 0 3 0 0 3 

5 0 0 0 0 4 0 4 

6 0 0 0 0 0 3 3 

1 88.88% 0 5.56 0 0 5.56 100.00% 

2 0 100.00% 0 0 0 0 100.00% 

3 0 0 100.00% 0 0 0 100.00% 

4 0 0 0 100.00% 0 0 100.00% 

5 0 0 0 0 100.00% 0 100.00% 

6 0 0 0 0 0 100.00% 100.00% 
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Figure 5: Diagram of a typical discriminant function 

3.3.3 Factor analysis of credit risk indicators 

Three factors that have significant impacts on the normal operation of industrial enterprises 

include profitability, solvency, and growth capacity. Seven credit risk indicators are selected 

from the three factors mentioned above, including gearing ratio, equity ratio, return on total 

assets, return on net assets, gross profit margin, current ratio, and quick ratio. These seven 

indicators are then analyzed by the method of factor analysis, and the final scores are 

determined. 

(1) Extraction of principal components 

The extraction method chosen in the factor analysis module of SPSS 28.0 is the principal 

component analysis. The KMO is 0.726 and the approximate chi-square statistic of the Bartlett 

sphericity test is 538.615 which is large enough. The significance level of p = 0.000 < 0.01 

indicates that there are significant correlations between the variables and that the sample data 

can be subjected to factor analysis. 

Cumulative proportion of total variance explained is given in Table 4. These findings 

suggest that reduction of the indicator system to three principal components would be more 

efficient when principal component analysis is applied, and the cumulative explanatory power 

is equal to 88.114% which is higher than 85%. 

Table 4: Total variance explanation cumulative 

 Initial eigenvalue 
Extract the sum of squared 

loads 
Rotating load sum of squares 

Component Total 
Percentage 

of variance 

Cumulative 

/% 
Total 

Percentage 

of variance 

/% 

Cumulative 

/% 
Total 

Percentage 

of variance 

/% 

Cumulative 

/% 

1 3.392 48.457 48.457 3.392 48.457 48.457 2.987 42.671 42.671 

2 1.655 23.643 72.100 1.655 23.643 72.100 1.836 26.229 68.9 

3 1.121 16.014 88.114 1.121 16.014 88.114 1.345 19.214 88.114 

4 0.516 7.371 95.485       

5 0.202 2.886 98.371       

6 0.083 1.186 99.557       

7 0.031 0.443 100.000       
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Table 5 contains the rotated component matrix, and the variables may be clustered into three 

fundamental components. 

The first principal component, F1, consists primarily of the gearing ratio, equity ratio, 

current ratio, and quick ratio. The gearing ratio and equity ratio are negatively correlated with 

F1 and they are referred to as debt-related indicators that indicate a company capability to settle 

its long-term debts. Conversely, the current ratio and quick ratio are positively related to F1 and 

can be categorized as indicators of liquidity change which indicates the ability of a company to 

pay off its short-term debt. This is why F1 is primarily the indicator of the ability of an enterprise 

to pay off its debts, and the higher the F1 value, the better the solvency will be. 

Second principal component, F2, is mostly based on return on net assets and return on total 

assets. Of these, return on net assets indicates the earnings level of the enterprise whereas return 

on total assets indicates the efficiency of the operation of assets. Hence, F2 mainly denotes the 

profitability of the enterprise and the higher the value of F2, the more profitable the company 

is. 

The third principal component, F3, consists mainly of gross profit margin and equity ratio. 

Gross profit margin is an indicator of the degree of sustained competitive advantage of the 

enterprise, which can also be horizontally compared across industries. Consequently, F3 is 

primarily related to the competitive advantage of the enterprise and its tendency toward 

sustainable development. The bigger value of F3 indicates how competitive advantage of the 

enterprise is more noticeable and how prospects of the future development are promising 

Table 5: The component matrix after rotation 

Index 
Component 

1 2 3 

Asset-liability ratio -0.871   

Property rights ratio -0.758  -0.502 

Return on net assets  0.982  

Return on total assets  0.915  

Current ratio 0.931   

Quick ratio 0.926   

Gross profit margin   0.807 

 

(2) Credit risk evaluation scores 

The factor analysis model was run through SPSS28.0 statistical software to derive the three 

public factor scores for each enterprise and calculate the composite factor score F. The factor 

scores for the six categories of enterprises are shown in Figure 6. 

Overall, the first category belongs to high-risk enterprises. The second, third and fourth 

categories belong to medium-high risk enterprises, which trigger risks from different 

perspectives. Among them, the second category is weak overall strength, the third category is 

excessive debt pressure, and the fourth category is limited profitability. The fifth and sixth 

categories are enterprises with a good level of development and healthy corporate finances. 
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Figure 6: Enterprise factor scores 

4 C4.5 Decision Tree Based Prediction of Employee 

Discipline in Enterprises 

This chapter takes Z industrial enterprise as the research object and develops a prediction model 

for employee disciplinary behavior based on the C4.5 decision tree algorithm. 

4.1 Decision Tree Classification Algorithm 

A decision tree to analyse and process an available dataset has become one of the typical 

solutions in the field of data mining. Many different algorithms can be used to construct 

decision trees, the most popular of them being the ID3 algorithm, the C4.5 algorithm, and the 

CART algorithm. 

4.1.1 ID3 algorithm 

The ID3 algorithm is a classification algorithm based on the information entropy. Its 

fundamental concept is to classify all samples in one of the various categories depending on the 

values that are given to the attributes. The main objective of the algorithm is to find the right 

classification attribute among the list of conditional attributes. Information gain is the splitting 

condition in the ID3 algorithm, and the conditional attribute with highest information gain is 

commonly used as the splitting attribute of the current node such that the information entropy 

needed to derive the resulting subset after partitioning is minimum. 

The concept of information entropy describes the uncertainty of a source in physics whereas 

in mathematics it refers to the relation between information redundancy and probability. The 

concept of information gain is defined as the difference between two entropy values. Particular 

entropy value is an entropy of some particular class in the sample data set and the second 

entropy value is calculated when the entropy of that same class measured in the data set. The 

exact definition is stated below: 

Information gain is also the decrease in the quantity of information needed to be classified 

after the classification process, in comparison to the initial quantity of information, and it is 

obtained by summing up the initial entropy with the weighted entropy of every subsegmented 
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subset. The associated equation is given below: 

Assuming that iP  is the probability that the sample takes the attribute value iC  and 

specifying that 1ip  , entropy is defined as follows: 

    1 2

1

, , , log
s

s i i

i

H p p p p p


   (20) 

The entropy determines the positional status of the attribute in terms of its sorting in the 

dataset. The 0H   indicates the best classification setting for the attribute. 

The information gain, which is the difference between the amount of information originally 

required and the new information needs after categorization, is determined by calculating the 

sum of the value of the original entropy and the weighted entropy in each segmented out dataset 

with the following formula: 

    ( , ) H( ) Hi iG D S D P D D   (21) 

where D  denotes a dataset, iD  denotes a sample belonging to the i th class, and S  denotes 

the number of class attributes of the data. 

The core idea of ID3 algorithm is as follows: 

For a dataset T , let T  be a training set of samples with known class attributes. Let : 

( 1,2, , )iC i n  : be a class labeling attribute having n  distinct values. 

iTC : the set of samples belonging to class iC  in training set T . 

| |T : is the number of samples in the training set T. 

iTC : is the number of samples in the training set iTC . 

The desired information, i.e., information entropy, required for sample classification is 

denoted as: 

  2

1

( ) log
n

i i

i

Info T p p


   (22) 

ip : is the non-zero probability that any sample in T  belongs to the class iC  and is 

obtained by estimating with 
| |

iTC

T
. 

( )Info T : is the average information entropy required to identify the class labeling of the 

samples in the dataset T . 

Then the samples in the training set are divided by attribute A  with m  distinct values, 

which are  1 2, , , ma a a , and assuming that A  is a discrete attribute, the values are directly 

and one-to-one corresponding to m  outputs tested on the attribute A , and the attribute A  

divides the training set T  into m  subsets  1 2, , , mT T T , where 
jT  contains tuples in T  

with 
ja  values on attribute A . 

Then the information entropy of the tuple classification of T  by A  is: 

  
1

( )
| |

m
j

A j

j

T
Info T Info T

T

  (23) 
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| |

| |

T

T
: denotes the number of samples out of the total number of samples when attribute A  

is the j th value. 

( )AInfo T : indicates the expected value information needed to classify the samples of the 

data set T  by attribute A . The smaller the value, the higher the purity of the category to 

which each attribute value belongs. 

According to the definition of information gain, the specific calculation formula is: 

 ( ) ( ) ( )AGain A Info T Infoo T   (24) 

Equation (24) is the reduction in the expected value of the information demand resulting 

from the condition of the known value of attribute A. A conditional attribute with the largest 

information gain is chosen as the split attribute of the node of the moment. 

The algorithmic flow of the ID3 algorithm to create a decision tree is shown in Figure 7. 

No

No

No

Create node N

The training set is empty

Start

The samples all

belong to the class C

The list of attributes is empty

Calculate the information gain of the attributes in the attribute list according to Equation (24)

Select the attribute labeled node N with the highest information gain

End

Return node N

Return node N as a leaf 

node and mark it as class C

Mark N as the majority 

class of the dataset

Yes

Yes

Yes

 

Figure 7: Flowchart of creating a decision tree using the ID3 algorithm 

4.1.2 C4.5 algorithm 

The C4.5 algorithm is one of the classical algorithms that generate decision trees and it may be 

viewed as an extension and enhancement of the ID3 algorithm. The step-wise mechanisms of 

C4.5 and ID3 are generally alike in terms of decision-tree design, but the key distinction 

between them is how they handle continuous features and what measure of goodness they use 

to select attributes. The ID3 algorithm does not process continuous attributes directly, and the 

C4.5 algorithm can first discretize continuous attributes and then perform attribute-selection 

computations. Information gain is used as an attribute evaluation metric by ID3 and C4.5 

utilises the gain ratio. 
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Gain ratio is an information gain normalized. To put it differently, C4.5 presents the gain-

ratio formula to substitute the information-gain criterion in ID3. 

In the training set T , Eq. (25) expresses the splitting information of the attribute A : 

 
2

1

( ) log
| | | |

m
j j

A

j

T T
SplitInfo T

T T

   (25) 

( )ASplitInfo T : denotes the information generated by dividing the training set T  into m  

partitions of j  outputs corresponding to the attribute A . 

Different from information gain, the gain ratio is used to evaluate the information obtained 

from the same partition in a normalized way. The gain ratio of an attribute is calculated by the 

following formula: 

 
( )

( )
( )A

Gain A
GainRatio A

SplitInfo T
  (26) 

In the construction of a decision tree with C4.5, the attribute that has the maximum gain 

ratio is used for splitting at each step. With recursive calculations, the gain ratios of the attributes 

are decreased continuously. In the latter stages of the process, the attribute having relatively 

higher gain ratios is selected. 

By combining Eq. (25)–(26) with Eq. (24), the specific computational procedure of the C4.5 

algorithm can be obtained. 

 
( ) ( )

( )
( )

A

A

Info T Info T
GainRatio A

SplitInfo T


  (27) 

The process by which C4.5 generates a decision tree can be summarized as follows: 

Step1: Create a node N. 

Step2: IF the training dataset is empty, THEN return a single node N as an empty leaf node. 

Step3: IF all the samples in the training set belong to the same class C, THEN return node 

N as a leaf node and label the node as class C. 

Step4: IF the attribute list in the training set is empty, THEN return node N as a leaf node 

and mark the node as a class with many samples in the dataset. 

Step5: FOREACH AttributeList in the attribute list. 

Step6: IF the attribute is continuous, THEN discretize the attribute. 

Step7: Calculate the information gain rate of the attribute in the AttributeList according to 

Equation (27). 

Step8: Select the attribute A that has the highest information gain rate in the 

attributeAttributeList and mark node N as attribute A. 

Step9: Delete attribute A in the AttributeList. 

Step10: FOREACH attribute value a of attribute A. Branch from node N with a condition 

A a  to get the subtree. 

Step11: Loop Step3-10 in a recursive manner to get a preliminary decision tree. 

Step12: Prune the decision tree using a larger training dataset. 

When the decision tree construction is performed, it will be judged whether the conditions 

for stopping the tree construction are met according to the information in the dataset, otherwise 

the iteration will continue. In general, the main conditions for ending are: the attribute list is 

empty, all the samples in the dataset have been categorized, and all the remaining samples 
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belong to the same class. If one of these conditions is met, tree building is terminated and the 

initial decision tree is obtained. Then the post pruning strategy is applied to prune and simplify 

the decision tree.The flow of the C4.5 algorithm is shown in Figure 8. 

No

No

No

Create node N

The training set is empty

Start

The samples all belong to class C

The list of attributes is empty

End

Return node N

Return node N as a leaf 

node and mark it as class C

Mark N as the majority 

class of the dataset

Yes

Yes

Yes

Attributes are continuous

Calculate the information gain rate of the attributes 

in the attribute list according to Equation (27)

Select the attribute labeled node with the highest 

information gain rate N

Pruning by post pruning method

Discretization properties

No

Yes

 

Figure 8: Flowchart of the C4.5 algorithm 

4.2 Employee Discipline Predictor Construction 

In this research, basic information about employees in the FSSC of Enterprise Z is obtained, 

and C4.5 decision tree analysis is performed to predict whether employees are likely to commit 

indiscipline or not, which helps reduce operational risks faced by the FSSC of Enterprise Z. 

Accuracy in the choice of indicators in evaluating indiscipline among employees is important 

since it determines the accuracy of the assessment results. Therefore, in order to conduct an 

accurate assessment of the employees' indiscipline situation in the enterprise and to develop a 

predictive tool, the choice of indicators needs to be carried out comprehensively. Based on the 

previous research and with reference to the prediction indicators of default risk in the financial 

industry, this paper establishes a system of indicators based on the FSSC employee number, 

employee age, education level, number of errors, years of employment, monthly income, debt 

assumption, average number of training sessions, and indiscipline by analyzing the basic status 

of FSSC employees in Enterprise Z. 

Among them, specific data on employee number, employee age, education level, years of 

service, monthly income and average number of training can be collected from the personnel 

office of FSSC of enterprise Z. Regarding the number of errors and disciplinary cases, the 

relevant data are collected from the existing Financial Shared Service Center of Enterprise Z 

FSSC. Data on debt obligations are collected through actual visits and surveys, with 

approximations or averages used to approximate the extent to which debts can be concealed. 
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4.3 Initial processing of employee data 

Based on the collected employee data, the existing numbering sequence of the employees is 

ranked. Since the four levels of educational level into specialist, undergraduate, postgraduate 

as well as PhD cannot be recognized in the decision tree algorithm, they are replaced with 

Arabic numerals 1 to 4 respectively. At the same time, the disciplinary cases were replaced with 

1 and 0 respectively, with 1 representing a disciplinary offense and 0 representing no 

disciplinary offense. After screening, about 300 valid data were compiled. After screening, a 

few more representative data were selected as shown in Table 6. 

Table 6: Processed employee prediction data 

ID Age 
Educational 

attainment level 

Number 

of errors 

Years of 

service 

Monthly 

income 

Bear the 

debt 

Average 

number of 

trainings 

Violation 

situation 

1 50 2 10 25 13000 300000 25 0 

2 44 2 5 18 8500 480000 14 0 

3 30 2 12 6 5000 0 8 1 

4 27 1 3 4 4000 0 3 0 

5 25 1 2 2 3000 0 1 0 

6 42 2 9 20 8000 360000 5 1 

7 35 3 6 13 6500 0 12 0 

8 41 2 7 13 7000 720000 12 1 

9 38 3 4 15 8000 540000 12 1 

10 39 3 6 14 8800 100000 13 0 

… … … … … … … … … 

4.4 Use of Employee Discipline Prediction Models 

In this paper, the data in Table 6 are used to start the C4.5 decision tree method. First of all, the 

information entropy of the target “disciplinary cases” is calculated, and the organized data is 

shown in Table 7. 

Table 7: The classification of "disciplinary violations" factors 

ID Age 
Educational 

attainment level 

Number 

of errors 

Years of 

service 

Monthly 

income 

Bear the 

debt 

Average 

number of 

trainings 

Violation 

situation 

1 50 2 10 25 13000 300000 25 0 

2 44 2 5 18 8500 480000 14 0 

4 27 1 3 4 4000 0 3 0 

5 25 1 2 2 3000 0 1 0 

7 35 3 6 13 6500 0 12 0 

10 39 3 6 14 8800 100000 13 0 

3 30 2 12 6 5000 0 8 1 

6 42 2 9 20 8000 360000 5 1 

8 41 2 7 13 7000 720000 12 1 

9 38 3 4 15 8000 540000 12 1 

… … … … … … … … … 

 

From this, then, we learn: 
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   2 2

4 4 6 6
log log 1.04465

10 10 10
Violation

10
 situationEnt      (28) 

Next, we select a factor and run the C4.5 decision tree algorithm on it. The first choice is 

the “education level” factor, and its calculation process is shown in Table 8. 

Table 8: Classification of the "educational attainment" factor 

ID Age 
Educational 

attainment level 

Number 

of errors 

Years of 

service 

Monthly 

income 

Bear the 

debt 

Average 

number of 

trainings 

Violation 

situation 

1 50 2 10 25 13000 300000 25 0 

2 44 2 5 18 8500 480000 14 0 

3 30 2 12 6 5000 0 8 1 

6 42 2 9 20 8000 360000 5 1 

8 41 2 7 13 7000 720000 12 1 

4 27 1 3 4 4000 0 3 0 

5 25 1 2 2 3000 0 1 0 

7 35 3 6 13 6500 0 12 0 

10 39 3 6 14 8800 100000 13 0 

9 38 3 4 15 8000 540000 12 1 

… … … … … … … … … 

 

Next,we calculate the information entropy for each of the three classifications: 

Because there are a total of 5 undergraduate students in these 10 sample data extracted, 3 of 

them have disciplinary cases, therefore: 

   2 2

2 2 3 3
log log 0.972 095

5 5 5 5
Ent      (29) 

The 10 sample data centers drawn had a total of 2 specialists and each of them did not have 

a disciplinary case, so the calculations are shown below: 

   2 2

2 2 2 2
log log 0

2 2 2 2
1Ent      (30) 

The 10 sample data centers drawn had a total of only three graduate students, one of whom 

had a disciplinary case, so their information entropy was calculated as shown below: 

   2 2

2 2 1 1
log log 0.913 830

3 3 3 3
Ent      (31) 

After calculating the information entropy of the three categories, we calculate the total 

information entropy of the “education level” factor: 

 
 

5 2 3
*0.97095 *0 *0.91830

10 10
Education

10
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0.
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76097

Ent   



 (32) 
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After calculating the information entropy of “education level”, the information gain of 

“education level” is calculated as follows: 

  Educational attainment le 1.04465 0.76097 0.2vel 8368Gain     (33) 

Next, the split information for “level of education” is calculated: 

 
  2 2 2

5 5 2 2 3 3
log log log

10 1
Educational at

0 10 10
tainment level

10 10

1.48548

Spl    



 (34) 

Next, the information gain rate for “education level” is calculated: 

  Educational attainmen_ 0.28368 1.48548 0.190t leve 97lGain Ratio    (35) 

Having computed the information gain of the education level variable, we proceed with 

calculating the information gain of the remaining variables using the same method. We choose 

the greatest one among the sizes of information gain of these factors as the root node and solve 

all the next nodes to create a full decision tree. During actual implementation, the management 

is able to forecast whether an employee is disciplinary or not using the available decision tree 

of the organization and the given circumstances of the employee. 

In addition to the above decision tree model for predicting employee disciplinary behavior, 

in order to solve the problem of internal employee discipline, the characteristics of FSSC's 

information system and process setup can also be utilized, and internal control can be 

considered when setting up the information system, so that the employee can be traced and 

traces can be found at every important step. In this way, the traces left in the system can be used 

to find the responsible person in case of a security problem with the information. At the same 

time, employees are made aware of the existence of such a method so that they can be reminded 

not to violate discipline. In addition, it is important to strengthen the ideology and morality of 

employees to eliminate the root causes of internal employee discipline risks. If an employee 

ever violates discipline, he or she should be held strictly accountable to demonstrate discipline. 

5 Enterprise financial management risk prediction based on 

BP neural network 

In this chapter, a BP neural network is employed to construct an enterprise financial 

management risk prediction model, with the aim of providing decision support for enterprise 

financial risk management. 

5.1 Financial risk prediction model based on BP neural network 

In the process of integrating risk prediction indicators various indicators tend to be measured 

on different scales. In order to overcome the issue that outcomes cannot be directly compared 

due to the different scales, the multilayer feedforward neural network trained with the error 

back-propagation algorithm, i.e. the BP neural network is used to conduct dimensionless 

process on every evaluation indicator. Then learning is applied to change the connections 

between the neurons of each layer. 

Set the input neuron as ( 1,2, , )m i x   and the output neuron as ( 1,2, , )n j y  . The 
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specific number of hidden layer neurons is obtained based on the relationship between the 

hidden layer neurons and the input neurons, and the range of values of the y th neuron  ,y ym n  

of the input neuron is known, then    1 2 3 1 2 3, , , , , , , ,y y y y y y y y

y x y xm m m m m n n n n n    . 

The weighted sum for the j th input cell 
jn  is: 

 
1

q

nf x k

k

S R c


  (36) 

In Eq. (36), kc  denotes the k th hidden layer unit and xR  is the neuron weights, then the 

actual output of the unit is as follows: 

  
1

nf
f nf S

n f S
B


   (37) 

In Eq. (37), ( )f   denotes the sigmoid function, B  is the neuron output layer output 

value, and the weighted input sum of the k th hidden layer unit is as follows: 
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ck jk k

k

S R c


  (38) 

In Eq. (38), 
jkR  denotes the connection weights of the j th output unit and the k th 

hidden layer. 

Due to the fact that the number of samples chosen to conduct the experiment is fairly small, 

random filtration can cause losing information. Consequently, working capital asset ratio, debt-

equity ratio, long-term debt-equity ratio, accounts receivable turnover ratio, return on net assets, 

loss ratio, main business growth rate, and total asset growth rate are used as the predictive 

variables on enterprise financial management risk. The input layer has 8 units in this model, but 

the output layer has anywhere from 0 to 1 unit. A 0 is used to signify that there is no financial 

risk in the enterprise, and a 1 is used to signify that there is financial risk. In simpler terms, the 

BP neuron network has 8 neurons in the input layer, and the output layer generates a value 

between 0 and 1, with outcomes near 0 indicating less financial risk and outcomes near 1 

indicating more financial risk. 

5.2 Model empirical tests 

The research object of this paper is the sample data of financial information risk management 

of 75 listed industrial enterprises in the A-share market in 2021-2023. The comparative research 

approach has been used to compare the predictive performance of the LPM risk prediction 

model and the BP-neural-network-based financial information management risk prediction 

model. 
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Table 9: Financial information risk management index system 

Dimension Index Coding 

Short-term debt-paying ability Working capital asset ratio A1 

Long-term debt-paying ability 
Debt-to-equity ratio A2 

Long-term debt-to-equity ratio A3 

Operational capability Accounts receivable turnover ratio A4 

Profitability 
Return on net assets A5 

Loss ratio A6 

Growth ability 
Growth rate of main business A7 

Total asset expansion rate A8 

 

Based on the stepwise regression method to select the data with F-value less than 0.1 from 

the sample data of the indicator system in the last three years, the results of the variables 

obtained from the stepwise regression in each year are shown in Table 10. 

Table 10: The results of stepwise regression variables for each year 

Year 2021 2022 2023 

Nodal increment 0.364 0.635 0.203 

Dimension Index    

Short-term debt-paying ability A1 0.538* - 0.654* 

Long-term debt-paying ability 
A2 -0.282* - - 

A3 - - -0.176 

Operational capability A4 -1.803* -1.502* - 

Profitability 
A5 -0.014 0.006* 0.035* 

A6 - - -0.206* 

Growth ability 
A7 - - -0.044 

A8 -0.275 - - 

 

In order to prevent multicollinearity in the course of predicting the risk in management of 

financial information, BP neural network prediction model is initially checked on 

multicollinearity and the findings are presented in Table 11. It can be observed in the table that 

there is no significant multicollinearity between any of the eight chosen evaluation indicators. 

Table 11: Multicollinearity detection 

Index TOF VIF 

A1 0.381 2.628 

A2 0.938 1.047 

A3 0.864 1.163 

A4 0.252 3.954 

A5 0.873 1.137 

A6 0.495 2.063 

A7 0.643 1.834 

A8 0.979 1.572 

 

The reported regression results of the LPM risk prediction model and the BP-neural-

network-based financial information management risk prediction model applied to the chosen 

75 listed industrial enterprises are given in Tables 12 and 13, respectively. By comparing the 
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results of prediction of the two models it can be seen that regression results of the BP neural 

network model are closer to the maximum likelihood value indicating that this model has a 

better fit and is more accurate in predicting risk. 

Table 12: Regression results of the LPM risk prediction model 

Model 
2

0.674R   2
0.642R   F=21.64 F=0.000 

Parameter value Error BETA T P 

Nodal increment 0.429 0.061 - 6.458 0.000 

A1 0.475 0.002 0.264 3.271 0.002 

A2 0.269 0.002 0.211 2.984 0.003 

A3 -0.071 0.002 -0.109 -1.473 0.119 

A4 -1.072 0.003 -0.631 -4.451 0.000 

A5 -0.014 0.001 -0.162 -2.135 0.043 

A6 -0.521 0.000 -0.335 -3.427 0.002 

A7 -0.252 0.000 -0.321 -1.268 0.056 

A8 1.267 0.004 -0.342 -1.959 0.001 

Table 13: Based on the regression results of the BP neural network risk prediction model 

Model 
2

0.674R   2
0.642R   F=21.64 F=0.000 

Parameter value Error BETA T P 

Nodal increment -0.453 0.438 0.247 4.138 0.000 

A1 0.337 0.000 0.374 3.124 0.002 

A2 0.226 0.000 0.135 2.408 0.001 

A3 -0.135 0.000 -0.029 -1.538 0.025 

A4 1.274 0.001 0.625 -2.405 0.000 

A5 -0.028 0.001 -0.121 -1.273 0.015 

A6 -0.649 0.001 0.132 3.044 0.000 

A7 0.163 0.001 0.417 0.249 0.032 

A8 1.374 0.002 -0.335 -0.631 0.000 

 

In order to facilitate an easier comparison between error rate, misclassification rate, and the 

accuracy rate of both models, the related data are tabulated below in Table 14. Upon comparing 

the results of the sample data, it can be seen that both risk error detection rate and incorrect 

classification rate of the BP neural network–based financial information prediction model is 

much lower compared to the LPM model, demonstrating a definite advantage in terms of 

predictive precision. It should be pointed out that in 2023, its value achieves 98.27%, which 

exceeds the LPM model by 6.90%. 

Table 14: Comparison of Indicators between the two models 

Year 
Risk identification error rate Risk misjudgment rate Accuracy rate of risk prediction 

LPM model BP model LPM model BP model LPM model BP model 

2021 2.42% 1.33% 4.62% 0.14% 92.34% 97.43% 

2022 2.56% 1.32% 3.35% 0 93.45% 98.24% 

2023 3.15% 1.12% 4.10% 0.04% 91.37% 98.27% 

 

The results of the comprehensive analysis of the sample data from the test results for the 

chosen firms from the list are demonstrated in Figures 9 to 12. These findings show that the 
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financial risk management model based on a BP neural network meets all requirements of a 

reliable predictive tool. Therefore, it allows for identifying and predicting financial 

management situations at industrial companies in future accounting periods. 

 

Figure 9: Risk model gain based on BP neural network algorithm 

 

Figure 10: Risk model response based on BP neural network algorithm 
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Figure 11: Profit changes based on BP neural network algorithm 

 

Figure 12: The change in return on investment based on BP neural network algorithm 

6 Conclusion 

Based on the algorithms of system clustering, factor analysis, C4.5 decision tree and BP neural 

network, this paper implements the construction of FSSC operation and management 

optimization model based on RPA, and then realizes the optimization design of intelligent 

financial internal control system of industrial enterprises. 

(1) Through systematic clustering, this paper divides the 75 sample industrial enterprises 

into six major categories. The five discriminant functions explain 67.88%, 16.05%, 9.48%, 

4.99%, and 1.60% of the data, respectively, with a total explanation rate of 100% and high 

typical correlation coefficients. Meanwhile, the five discriminant functions directly have 

significant differences and discriminatory power, all of which are statistically significant. And 

the accuracy of the clustering results is as high as 97.33%, the sample enterprises are centered 
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around six groups, and the clustering analysis results are reasonable. In addition, three principal 

components are extracted from the enterprise credit risk factors, and the enterprises can be 

subdivided by calculating their factor scores: the first category belongs to high-risk enterprises, 

and the second, third and fourth categories belong to medium-high risk enterprises. Among 

them, the second category is weak overall strength, the third category is excessive debt pressure, 

and the fourth category is limited profitability. The fifth and sixth categories belong to 

enterprises with better development level and healthy corporate finance. 

(2) By constructing the C4.5 decision tree, the management can employee's relevant 

situation and accurately predict whether the employee is disciplinary or not. In addition, the 

root cause of internal employee discipline risk can be eliminated by strengthening the 

ideological and moral construction of employees. If an employee once violates the discipline, 

he/she should be strictly held responsible to reflect the discipline. 

(3) BP neural network-based financial information prediction system proposed in this paper 

has significantly low risk error identification rate and risk misclassification rate compared to 

the LPM model indicating a significant benefit in predictive accuracy. In particular, the 

classification accuracy of this framework in 2023 is 98.27 per cent, which exceeds the LPM 

model by 6.90 per cent and also proves that it can accurately identify and forecast the financial 

management situation of the industrial companies in the subsequent accounting periods. 
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