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Abstract. In order to reduce the financial risks existing in enterprises, this paper 
studies the risk identification of enterprise accounting information fraud with 
weighted key algorithm. Based on the study of fuzzy association rules, this study 
analyzes the financial risks of enterprises, puts forward an analysis model of 
enterprise financial risks based on fuzzy association rules mining algorithm, and 
makes a qualitative analysis of enterprise financial crises, so as to predict enter-
prise financial risks and provide reference for enterprises to avoid risks. Com-
paring the correlation algorithm with the linear regression model, the result 
shows that the prediction error rate of the linear regression model is higher than 
that of the correlation algorithm model. Class I misjudgment rate is 40% higher, 
class II misjudgment rate is flat, overall misjudgment rate is 20% higher, and 
accuracy linear regression is 20% lower than correlation algorithm. It can be seen 
that the misjudgment rate of the correlation algorithm model is low, the predic-
tion accuracy is high, and the discrimination and prediction ability of the linear 
regression model is poor, which proves the effectiveness of the application of the 
correlation algorithm in this paper. 

Keywords: association rule algorithm; Accounting fraud; Fraud risk identifica-
tion 

1 Introduction 

Accounting fraud refers to engaging in accounting and financial related work, in order 
to obtain personal illegal income, through modifying accounting data to achieve the 
goal, at the expense of violating accounting professional ethics, violating the objective 
authenticity of accounting information, regardless of national laws and regulations and 
relevant system norms. While this kind of behavior hinders the development of enter-
prises, it disturbs the market order and damages the national economy [1]. For listed 
companies, preventing accounting fraud can reduce their mistakes in investment deci-
sions, and for government departments, it also helps them to supervise and manage 
listed companies and investment markets. Only when the operating environment of the 
market is well managed can it help to increase investors' information. Therefore, it is 
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necessary to prevent accounting fraud, which will be beneficial to the development of 
listed companies [2]. In addition, listed companies can disclose information to the out-
side world in regular or irregular time, which can restrain accounting cheating to some 
extent, but the quality of accounting information of some companies is not good when 
disclosing. It is therefore necessary to establish a scientific and appropriate basis for the 
quality of accounting data in order to assess the content of data that sets companies and 
prevent accounting fraud on a justified basis. Financial reporting is a vehicle for the 
company to convey information about its business business to the outside world, and it 
is a list from the company to reflect the financial situation of the company at a time, 
operating results and cash flow for a billing period [3]. Financial report is constantly 
evolving and developing with the development of social and economic environment. 
Compared with the financial report in the early 20th century, today's financial report 
has undergone tremendous changes. At the same time, due to the development and 
changes of the social and economic environment, new transactions and events are 
constantly appearing, and the current financial reports are increasingly exposed to 
drawbacks and shortcomings, so they need to be constantly adjusted and improved. It 
can be predicted that today's financial report will change greatly in the near future [4]. 
For the convenience of research, this study will focus on the problem of financial report 
fraud under the current financial accounting statement system. The current financial 
reporting system consists of balance sheet, profit statement, cash flow statement and its 
schedules and notes. Concepts related to financial report fraud include accounting 
fraud, accounting information distortion and earnings management. There is some 
confusion in the academic field because of the similarity in words and the correlation in 
fact of the concepts of financial report fraud, earnings management and accounting 
information distortion. Therefore, this paper clearly explains the relationship among 
them. Accounting fraud refers to the company's subjective practice of falsifying and 
concealing false accounts, and it is the behavior that the accounting subject arbitrarily 
violates accounting standards and tramples on the relevant accounting laws and regu-
lations of the state to create false accounting information in order to achieve its sub-
jective purpose [5]. Obviously, the meanings of accounting fraud and financial report 
fraud are similar. 

2 Literature review 

Kakaria, A. et al. said that the re-identification of records and the risk of inferring 
sensitive information are important factors in the process of anonymous technology and 
parameter decision. If properly evaluated, measuring the risk of re-identification and 
reasoning will help to optimize the balance between data protection and practicality, 
because too aggressive anonymization will make data unusable, and it is troublesome 
to publish data with high risk of de-anonymization. This method proposes a new pri-
vacy measure (ITPR) based on information theory to evaluate the risk of 
re-identification of data sets and inference of sensitive information. The proposed 
indicators are compared with the existing information theory indicators and their ability 
to assess the risks of different situations characterizing data sets. The results show that 
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ITPR is the only index that can effectively quantify the risk of re-reporting and infer-
encing sensitive information [6]. The purpose of Jiang, G.J. et al.' s research is to check 
whether the earnings risk in the quarter at the end of fiscal year (FYE) increases 
compared with other quarters of the same company, and more importantly, whether this 
earnings risk is unique. In addition, these drugs can reduce the risk of risk. The evi-
dence from the study shows that data at risk for quarterly FYE returns will not be 
explained by other risks. Solutions to mitigate this will strengthen corporate govern-
ance and a tighter financial disclosure structure. The investigation shows that from 
1984 to 2015, the coefficient reaction of FYE's quarter was significantly lower than that 
of the non-FYE quarter. In addition, strong corporate governance and a streamlined 
financial disclosure model could help reduce uncertainty associated with such data, 
whether by voluntarily reducing the use of personal data from companies or reforming 
the FASB Code (such as FASB 145) [7]. The goal of Mohammad I, S., et al.'s research is 
to examine the impact of corporate responsibility (CSR) of Iranian listed companies on 
the financial accounting scheme, including stock returns, fund managers, asymetry 
data, and financial performance. This is descriptive correlation and demand for re-
search. The population statistics of the study include all the companies listed on the 
Tehran Stock Exchange, and the research extends from 2012 to 2018. Samples from 
150 companies were selected in the screening process. More regression and Eviews 10 
software are used for data analysis and hypothesis testing. The results show that cor-
porate social responsibility has a significant impact on stock returns, but not for income 
management. Corporate responsibility has a big impact on asymmetry data and finan-
cial performance. The study was the first study on the concept of corporate responsi-
bility and finance in Iran [8]. 

3 Methods 

The first algorithm has an antimonotony of the model, and the grid model is often used 
to collect all the products. The flow of the pre-algorithm is available in figure 1 [9]. In 
addition, a data with D differences will simultaneously generate 2D frequency products 
and R rights, including: 
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Fig. 1. Apriori algorithm flow 

In order to test the influence of financial indicators for financial companies, the indi-
cators of profitability, management, growth, solvency and cash flow among companies 
are chosen in this form. On this basis, following the correlation analysis of financial 
indicators, some correlated financial indicators are eliminated and the model is sim-
plified [10]. The correlation coefficient of each bond index can be determined by for-
mula: 
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Where: x and y are two variables, and yxr ,  is the correlation coefficient of the varia-

bles, satisfying 11 , − yxr . When 1, =yxr , x is completely linearly related to y ; 

When 1, =yxr , x perfect positive correlation in y ; When 1, −=yxr , x  is com-

pletely negatively correlated with y ; When 0, =yxr , x and y are not related; When 

11 , − yxr , x and y have a linear relationship [11].In addition, exclude the indica-

tors that have good or negative correlation to reducing the collinearity of financial 
indicators. Reducing the deviation from the company's financial risk analysis, it is 
necessary to clean up data collection data and eliminate the abnormal values of all 
financial indicators. At the same time, as the next mining agency policy, it is necessary 
to discretize the continuous index data based on the level of funding. Considering that 
the financial data set consists of financial data from many companies, the variables of 
financial indicators are regularly distributed [12-13]. Therefore, the area's division is used 
in the wings to discretize continuous variables. According to the quantiles 1/5, 2/5, 3/5, 
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and 4/5 of each variable distribution, each silver index variable division makes five 
degrees, each described as blind level (grade 1), slowing levels (level 2), level of the 
wrong behavior (grade 3), crisis level (grade 4), and death level (grade 5). 

The pre-algorithm, which is based on generations and test model candidates, is used 
to determine the model's content. First, the candidate's model set is processed in parallel 
and the time the series's data is received [14]. Secondly, the continuous attributes of the 
data are discretized to determine the relevant fuzzy attribute data set. The specific 
process of the algorithm is described as follows. Input: minimum fuzzy support 

minsup  minimum fuzzy trust minconf ; Output: the association rule set is arS  
Step1, making the parallel processor pnLpp ,,, 21 ; 
Step2, dividing the database into a plurality of partitions and distributing them to 

different processors; 
Step3, clustering different processors by using fuzzy FCM clustering algorithm, and 

generating new data sets; meanwhile, discretizing attributes to obtain time series, and 
constructing a document tree according to minsup  and minconf ; 

Step 4, perform counting operation on each local processor; 
Step 5: Calculate the global count according to the local count and generate an 

output rule set. 
As time constraints fulfilled by the front and back attributes of the law, the rules are 

filtered out to get the right time. Use the evolution of the law to determine the degree of 
corporate crisis and conduct a qualitative analysis of the corporate financial crisis [15]. 
Ultimately, by calculating the coefficient crisis, the crisis stage of the company is 
determined and the quantitative analysis of the financial crisis of the company is carried 
out. The rare precursors and high precursors of the laws exacerbate the human crisis; 
Otherwise, the crisis could be reduced. If the law is always in the first phase, the cor-
porate crisis is relatively small; If in phase three, the crisis is a little different; If it's in 
the fifth phase, the company is on the verge of bankruptcy. In addition, the coefficient 
crisis is introduced to calculate the degree of corporate financial crisis: 
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Where: n is the number of rules, and ix is the data variable after discretization. 
The question is considering a company listed as a product of research and takes 

annual and quarterly data from 2003 to 2020 as a data center and runs 32 financial 
indicators [16-17]. Classify data samples from financial indicators and eliminate abnormal 
values. At the same time, the correlation between financial indicators is calculated 
using previous theory, and financial indicators with a simple correlation coefficient in 
the group's financial indicators are chosen, and the indicators are discretized based on 
the level of funding, and the reconstructed database of financial indicators is preserved. 
In addition, each company's revenue ratio is summarized as the daily series in 12 
quarters, and the discretized data set is used as input on the agency's policy-only algo-

651Risk Identification Method of Enterprise Accounting Information Fraud  



rithm. In addition, policy organizations are used to weather revenue ratios and warn of 
crises at an early stage. 

4 Results and analysis 

The selection of indicators is based on the signs of fraud, combined with the charac-
teristics of listed companies in China capital market and the characteristics of fraud, 
and taking into account the availability of indicators. Finally, according to the classi-
fication of fraud identification variables, the final selected indicators are divided into 
two categories: one is the financial indicators that discover the possibility of violations; 
The other is the index to measure the motivation or ability of the company to violate the 
rules [18-19]. The research results of the model construction show that there are related 
indicators that can be used to identify the risks of financial report fraud, which makes 
the model construction significant, and then financial report users can use the model to 
measure and avoid risks, making contributions to standardizing the efficiency of the 
capital market. The significant statistical indicators of identifying fraud risk in linear 
regression algorithm model and correlation algorithm model can be summarized as 
follows. Table 1 shows the comparison of model discrimination effect. 

Table 1. Comparison of discriminant effects of models 

Model construction Class I mis-
judgment rate 

Class II mis-
judgment rate 

Overall mis-
judgment rate 

accuracy rate 

Linear regression 31.25% 12.90% 22.22% 77.78% 

Association algorithm 9.375% 6.45% 7.94% 92.06% 

As can be seen from Table 1, compared with the discriminant effect of the models, 
the misjudgment rate of the linear regression model is generally higher than that of the 
correlation algorithm model. The misjudgment rate of Class I is 21.875% higher, that of 
Class II is 6.45% higher, that of the whole is 14.28% higher, and that of the accuracy of 
linear regression is 14.28% lower than that of Logistic regression. Among them, the 
misjudgment of Class I is that fraudulent financial reports are judged as non-fraudulent 
financial reports. Class II misjudgment refers to the judgment of non-fraudulent fi-
nancial reports as fraudulent financial reports, and identifying the mistakes made by the 
model with two kinds of misjudgments will bring different costs and different degrees 
of losses to auditing and decision-making [20]. First of all, judging fraudulent financial 
reports as non-fraudulent financial reports may lead to incorrect decisions made by 
financial report users, and the decisions made through financial reports will be deviated 
and lead to mistakes, resulting in serious economic losses and reputation losses. Sec-
ondly, judging non-fraudulent financial reports as fraudulent financial reports will lead 
to additional investigations by regulatory authorities and internal audit departments at 
the cost of manpower, financial resources and material resources, and may make fi-
nancial report users lose better investment opportunities, resulting in loss of oppor-
tunity costs. Table 2 shows the comparison of the prediction effects of the models. 
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Table 2. Comparison of prediction effects of models 

Model construction Class I mis-
judgment rate 

Class II mis-
judgment rate 

Overall mis-
judgment rate accuracy rate 

Linear regression 40% 10% 25% 75% 
Association algorithm 0 10% 5% 95% 

It can be seen from Table 2 that compared with the prediction effect of the models, 
the prediction error rate of the linear regression model is higher than that of the corre-
lation algorithm model, with class I error rate being 40% higher, class II error rate being 
equal, the overall error rate being 20% higher, and the accuracy rate of linear regression 
being 20% lower than that of the correlation algorithm. It can be seen that the correla-
tion algorithm model has low misjudgment rate, high prediction accuracy, and poor 
discrimination and prediction ability of linear regression model. Therefore, in practical 
application, the correlation algorithm model with high accuracy can be selected for 
application, and other methods that help to identify financial report fraud can be used 
for comprehensive evaluation, so as to improve the prediction accuracy and reasonably 
avoid the misjudgment rate. 

5 Conclusion 

The purpose of this paper is to analyze which variables or indicators can reflect the 
signs of fraud and the characteristics of fraudulent companies, and establish a model to 
identify financial report fraud on this basis, so as to improve the ability of financial 
report users to identify fraud. The results show that fraudulent companies have higher 
debt ratio and other receivables than non-fraudulent companies, worse short-term 
solvency, lower accounts receivable turnover rate, adjusted cash per share and equity 
concentration, and it is easier for certified public accountants to issue non-standard 
unqualified opinions. Among them, the symbol of ownership concentration obtained by 
empirical test proves that moderate ownership concentration can produce the effect of 
interest convergence, which proves the popular saying that equity dispersion is always 
required. In the other step of demonstration, the selected effective indicators will be 
constructed into an association algorithm model, and a fraud identification model with 
low cost and good effect will be obtained. 
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permits any noncommercial use, sharing, adaptation, distribution and reproduction in any medium or 
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the Creative Commons license and indicate if changes were made.  
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in the chapter’s Creative Commons license and your intended use is not permitted by statutory regulation 
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