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Abstract 

Financial fraud of listed enterprises will destroy the stable development of the securities 
market, and even cause serious harm to the society. At the same time, the traditional 
methods cannot cope with the diversification of fraud means and the increase of the data 
of listed enterprises. Therefore, the use of advanced and effective technology to build the 
financial fraud identification model of listed enterprises is not only conducive to the 
healthy development of enterprises, but also can stabilize the development of market 
economy. Listed in China based on the electric power enterprise as the research object, 
and selected the enterprise financial statements data from 2000 to 2020, to build model, 
using comprehensive sampling technology balance fraud enterprise samples, based on 
one-dimensional convolutional neural network to build better recognition performance 
of research model, through one-dimensional convolutional neural network to extract 
model index space characteristics, realize the identification of corporate financial fraud, 
and its accuracy, precision, recall rate, F1 score and AUC are 0.9357, 0.9116, 0.9640, 
0.9371 and 0.9359 respectively. At the same time, the advantages of one-dimensional 
convolutional neural network in the field of corporate financial fraud are demonstrated 
through multi-model comparison. 
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1. Introduction 

In recent years, many listed companies have been punished for financial fraud, and the 
phenomenon of financial fraud has become a concern of the public. In fact, the financial fraud 
of listed enterprises all over the world has been repeatedly banned since the early years, and 
the means of fraud are diverse. This behavior is not conducive to the development of 
enterprises and seriously damage the order of economic operation, so it is of great significance 
to accurately identify the financial fraud of listed enterprises to stabilize the securities market 
and protect the interests of multiple parties. 

Fraud is the use of deception to do something illegal. Corporate financial fraud is defined as the 
intentional behavior of the management, management, employees or third parties to obtain 
improper or illegal benefits by means of deception. Scholars study fraud from different 
perspectives, so there are a variety of understanding, the definition of financial fraud has been 
revised and improved with the change of fraud means. Common types of financial fraud are: 
fictitious profits, falsely listed assets, false records (misleading statements), delayed disclosure, 
major omissions, false disclosure, fraudulent listing, investment violations, unauthorized 
change of fund use, occupation of corporate assets, insider trading, illegal stock trading, etc.; 
Common financial fraud includes: through fictitious profits, fictitious assets and other means to 
whitewash the financial statements, attract investors to make large investments or financing; 
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Concealing transactions between related parties by delaying disclosure, false disclosure and 
other means to transfer interests; Arbitrarily change the use of funds to carry out interest 
transfer or whitewash the financial statements. 

In the early stage, financial fraud identification of listed enterprises was carried out by 
experienced auditors according to the logical relationship between financial statement items to 
find problems. Due to the limitation of high labor cost, they began to use statistical models for 
identification, such as discriminant analysis model and logistic regression model. With the 
development of science and technology, scholars began to construct fraud identification models 
of listed enterprises based on data mining technology, such as artificial neural network, support 
vector machine, decision tree and random forest, etc. Related studies are still continuing, and 
the models used are becoming more complex. 

The research on the identification model of corporate fraud can be traced back to the 1990s, 
and the model analysis methods are mainly univariate analysis and multiple linear analysis. 
Green5 et al. used artificial neural network technology to build an identification model. By 
analyzing the financial data of listed companies, they constructed several indicators of ratio 
nature using corporate assets, earnings, bad debt provisions and other data, so as to build an 
identification model. Fanning and Cogger[2] also conducted relevant research. They introduced 
some non-financial indicators, such as information of the board of directors and legal disputes, 
and constructed an identification model with 20 variables. Since then, some scholars have 
studied machine learning models such as decision tree and support vector machine, and 
obtained remarkable results through empirical analysis. Sean L. Humpherys[3] et al., based on 
the technology of text mining, constructed a data mining model and obtained that words in 
financial reports could be used to identify financial fraud. Lin, Chui and Huang[4] et al. used 
artificial neural network, decision tree, Logistic and expert system to construct financial 
identification models, respectively, and analyzed financial statements. The results showed that 
the financial fraud identification model constructed based on artificial neural network had 
better effect. Perols et al[5]. compared the financial fraud prediction results of six popular 
statistical and machine learning models under different misclassification costs and fraud 
sample ratios, and showed that logistic regression and support vector machine models 
performed better than artificial neural network, bagging, decision tree, and stack methods. 
Kim[6], on the basis of the research achievements of others, such as statements misstatement 
problem can be divided into intentional misstatement, unintentional misstatement and no 
misstatement three categories, based on previous literature used to predict characteristics, 
based on year, industry background, calculate 1086 forecast characteristics, was synthesized 
using logistic regression, support vector machine and Bayesian network algorithm more 
classification prediction model is established. Bao et al.[7] combined domain knowledge and 
machine learning methods to solve the problem of class imbalance financial fraud prediction 
with integrated algorithm, and established a prediction model based on the original accounting 
statement numbers. The imbalance of data samples is a difficult problem in the field of financial 
forecasting research. VEGANZONES D and SEVERIN E[8] propose that the performance of 
SMOTE unbalanced sample prediction classifier can be improved by sampling technology, and 
the failure of complex classifier in unbalanced financial problems can be solved by using SMOTE. 

With the development of science and technology, and considering that financial fraud is 
changeable, and the financial data of enterprises are high dimensional and nonlinear, this paper 
takes the financial data of power industry of listed enterprises in China from 2000 to 2020 as 
samples, and reconstructs model indicators according to the principles of feasibility, 
authenticity, and relevance. At the same time, solve the impact of financial fraud samples, data 
irregularities and other problems on the model evaluation quality, improve the model detection 
effect; One-dimensional Convolutional Neural Network (1DCNN) is used to express the complex 
nonlinear relationship between each indicator and whether an enterprise has financial fraud, 
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and a recognition model of enterprise financial fraud is constructed. Meanwhile, Sigmoid 
function is used as the activation function to avoid model gradient disappearance and introduce 
Dropout mechanism to avoid model overfitting. Compared with traditional methods and 
machine learning methods, the identification model based on deep learning has better effect 
and is more suitable for the identification scenarios of financial fraud of listed enterprises. 

2. Methods 

2.1. Experimental Process 
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Figure 1. The Experimental Scheme 

 

The experimental scheme design of this study is shown in Figure 1. First, collect financial 
statement data of listed enterprises to form an initial data set. Second, data processing and data 
sample processing, use data normalization and SMOTE respectively; Third, the construction of 
indicators, from the financial statements to select appropriate and through screening to 
determine the final indicators; Finally, the data format is adjusted to conduct empirical analysis 
based on 1DCNN classification model, and other models are used for analysis and comparison, 
such as CNN, SVM, RF, LR, etc. 

2.2. Data & Sample 

Financial statements contain multiple tables, including financial indicators and non-financial 
indicators. Different indicators have different dimensions, so they cannot be directly used as 
the input of neural network. Therefore, data preprocessing is required. Considering that 
extreme maxima or minima may occur in different indicators, the z-Score standardization 
method was used in this study to preprocess indicator data, and the processed data presented 
a standard normal distribution with a mean value of 0 and a standard deviation of 1. 

Synthetic Minority Over-sampling Technique (SMOTE)[9] is a popular oversampling method 
that uses information from the data to generate a synthesized sample from the minority class, 
rather than by random copying of the sample. In SMOTE, the composite data is produced by a 
linear combination of two similar samples in a minority, one randomly selected from the 
nearest neighbor of the other minority. These samples are generated based on operations in 
the feature space, not the data space. 
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2.3. Convolutional Neural Network 

CNN is an effective feedforward neural network for feature extraction and pattern recognition. 
It is most used in supervised learning problems in the field of image, such as computer vision 
and image recognition. CNN can extract the correlation between input data through the 
convolution kernel of the convolution layer. Figure 2 shows the framework diagram of 
convolutional neural network, including Input layer, Convolution layer, Pooling layer, 
Activation of full-connection layer and Output layer. 
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Figure 2. Structure of CNN 

 

The essence of the convolution layer is feature extraction. The convolution operation is to use 
the convolution check data to scan row by row (or cross row, depending on step size) and finally 
extract the features in the input data. Convolution layer has two important features: local 
connection and weight sharing. Local connection is when each neuron is only connected to a 
local region of the layer above, also known as the receptive field. Weight sharing means that the 
parameters of all neurons in each convolution layer are shared, that is, the parameters of the 
same convolution kernel are the same as mentioned above. With these two features, the 
convolutional layer can greatly reduce the number of parameters of convolutional neural 
network and speed up the training speed, and reduce the risk of model overfitting while 
reducing parameters. Pooling layer is the down sampling of the output of the previous layer, 
which is another key of convolutional neural network. The role of the convolution layer is to 
detect local connections of features in the previous layer, while the role of the pooling layer is 
to combine similar features. It reduces the space size of the input array. After feature extraction 
is completed, it is still necessary to use the full connection layer to connect all features and send 
input values to the activation function layer to complete the classification and prediction task. 
Since CNN has been successfully applied to two-dimensional image processing, the same idea 
can be applied to one-dimensional data.[10]. 

2.4. Dropout 

In the training of machine learning model, the more parameters of the model, the longer the 
training time. At the same time, when the training samples are small, the over-fitting 
phenomenon is easy to occur in the trained model. The over-fitting phenomenon is shown as 
follows: in the training set, the model has significant effect and high prediction accuracy, but in 
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the test set, the model has poor effect and the prediction accuracy is quite different from the 
test set. 

Overfitting can usually be solved by model integration, that is, training multiple models to 
combine, but the time cost is sharply increasing. Therefore, the introduction of Dropout 
mechanism can not only shorten the training time and reduce the time cost, but also effectively 
alleviate the overfitting phenomenon and achieve regularization effect to some extent. 

As shown in Figure 3, the neural network applying Dropout mechanism makes the activation 
value of a neuron fail with a certain probability during forward propagation, thus making the 
model more generalized. 

 

Ordinary With Dropout  
Figure 3. Ordinary neural networks and neural networks with Dropout 

3. Results 

3.1. DataSet 

3.1.1. Experimental Subjects 

In this study, the electric power industry of listed enterprises in China from 2000 to 2020 was 
selected as the research object. Enterprises with fraudulent behaviors were taken as the fraud 
samples and given the label "1", while those without fraudulent behaviors were taken as the 
fraud samples and given the label "0". The identification of fraud samples is based on the 
records of violation information database in THE CSMAR database of China National Tai 'an, 
and the enterprises that have been condemned, warned or punished by documents issued by 
China Securities Regulatory Commission, Shanghai Stock Exchange or Shenzhen Stock 
Exchange. Among them, there are 35 enterprise sample data labeled "1" and 466 enterprise 
sample data labeled "0". 

3.1.2. Experimental Subjects 

The index construction of this study focuses on feasibility, authenticity, objectivity, 
completeness, and representativeness. In the selection of indicators, the indicators and data in 
the balance sheet, income statement and financial index analysis table are selected respectively. 
The balance sheet reflects the ending status of assets, liabilities and capital, long-term debt 
paying ability, short-term debt paying ability and profit distribution ability of the enterprise. 
The income statement reflects the production and operation results and distribution of an 
enterprise during a certain period; The financial index analysis table reflects the operating 
capacity, profitability, solvency, per-share index, and capital structure of an enterprise by 
constructing ratio-based indicators. 
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Representative indicators were selected from the above three tables, including financial 
indicators and non-financial indicators. Considering the integrity and authenticity of data, 28 
indicators as shown in Table 1 are firstly selected. 

 

Table 1. Three Scheme comparing 

Source Code Name 

Financial index analysis table 

V1 Asset-liability ratio 

V2 Operating profit margin 

V3 Return on assets 

V4 Margin of profit 

V5 Return on equity 

V6 Earnings per share 

V7 Net asset per share 

V8 Capital spending 

Balance sheet 

V9 Net accounts receivable 

V10 Net other receivables 

V11 Net inventory 

V12 Net fixed assets 

V13 Total liabilities 

V14 Surplus reserves 

V15 Total owner's equity attributable to parent company 

V16 Total owner's equity 

V17 Total liabilities and equity 

Income statement 

V18 Gross operating income 

V19 Operating income 

V20 Total operating cost 

V21 Operating cost 

V22 Business taxes and surcharges 

V23 Management fees 

V24 Finance charges 

V25 Operating profit 

V26 Profit total 

V27 Net profit 

V28 Net profit attributable to the owner of the parent company 

 

As can be seen from Table 1, some indicators are ratio indicators, while others are not. 
Therefore, data standardization is required to unify dimensions. 

3.1.3. Indicators of Screening 

Considering the initial selection of indicators there may be some redundant features even has 
nothing to do, so you need to index screening through correlation analysis, such not only can 
decrease the number of features, dimension reduction, speed up the model, also make the 
generalization ability of the model to a certain extent, reduce the possibility of fitting. In this 
study, indicators were screened by Pearson correlation. Indicators in this study the correlation 
of the results as shown in table 2, where | r | means the absolute value of correlation coefficient, 
the results according to | r | from big to small. 
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Table 2. Initial indicators correlation analysis 

Code |r| Code |r| Code |r| Code |r| 

V16 0.3038 V17 0.2677 V8 0.231 V23 0.173 

V27 0.3003 V14 0.2618 V20 0.2251 V11 0.1191 

V25 0.2998 V24 0.2573 V21 0.2216 V4 0.0984 

V26 0.299 V6 0.2489 V3 0.2066 V1 0.061 

V15 0.294 V13 0.2446 V22 0.2062 V7 0.0501 

V12 0.2843 V19 0.2405 V9 0.1946 V10 0.0497 

V28 0.2813 V18 0.2404 V5 0.1849 V2 0.0165 

 

Generally, the correlation strength of variables is judged according to the value range of 
absolute correlation coefficient: [0.8-1.0] indicates strong correlation, [0.6-0.8] indicates strong 
correlation, [0.4-0.6] indicates moderate correlation, [0.2-0.4] indicates weak correlation, and 
[0.0-0.2] indicates extremely weak correlation or no correlation. In this study, according to the 
importance of the value range of the absolute value of the correlation coefficient and the 
absolute value of the correlation coefficient of each indicator, extremely weak correlation or no 
correlation indicators were removed. 

3.2. Experimental Setting 

3.2.1. Environment Configuration 

Table 3. Configuration of experimental environment 

Hardware Setting Software Setting 

Memory 16GB 2666MHz Programming language Python 3.7 

Processor Core i7-9700k dependencies Sklearn, Keras 

Graphics Card RTX 2070 SUPER 8G  Base OS Windows 10 

 

The configuration of the experimental environment is shown in Table 3. The programming 
software is Jupyter Netbook, which is mainly supported by the TensorFlow-based deep learning 
framework Kears to realize the construction of 1D CNN deep neural network model. 

3.2.2. Evaluation Metrics 

In the model evaluation stage, appropriate performance evaluation indicators are selected to 
analyze the performance of the model. In this paper, accuracy, accuracy, recall rate and F1 score 
are selected to comprehensively evaluate the model. The calculation formula is shown in 
Formula (2)-(5). 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
                                                         (2) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝐹𝑁+𝑇𝑃
                                                             (3) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝐹𝑃+𝑇𝑃
                                                                (4) 

𝐹1 =
2∗𝑅𝑒𝑐𝑎𝑙𝑙∗𝑃𝑟𝑒𝑐𝑖𝑠𝑜𝑛

𝑅𝑒𝑐𝑎𝑙𝑙+𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛
                                                                 (5) 

 

Table 4. Second order confusion matrix 
 Actual Positive(1) Actual Negative(0) 

Predicted Positive(1) Ture Positive(TP) False Positive(FP) 

Predicted Negative(0) False Negative(FN) Ture Negative(TN) 

Total P=TP+FN N=FP+TN 
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Where TP, TN, FP and FN are the four predicted results of the model respectively, as shown in 
Table 4, with rows representing actual values and columns representing predicted values. 

3.2.3. Environment Configuration 

In this study, the electric power industry of listed enterprises in China from 2000 to 2020 was 
selected as the research object. Enterprises with fraudulent behaviors were taken as the fraud 
samples and given the label "1", while those without fraudulent behaviors were taken as the 
fraud samples and given the label "0". The identification of fraud samples is based on the 
records of violation information database in THE CSMAR database of China National Tai 'an, 
and the enterprises that have been condemned, warned or punished by documents issued by 
China Securities Regulatory Commission, Shanghai Stock Exchange or Shenzhen Stock 
Exchange. Among them, there are 35 enterprise sample data labeled "1" and 466 enterprise 
sample data labeled "0". 

Given the set of listed enterprises 𝐸 = {𝑒1, 𝑒2, ⋯ , 𝑒𝑖 , ⋯ , 𝑒𝐼}, where 𝑒𝑖 represents enterprise i and 

I represents the total number of enterprises; The index set 𝑉𝑖 = {𝑣𝑖1, 𝑣𝑖2, ⋯ , 𝑣𝑖𝑗 , ⋯ , 𝑣𝐼𝑗}, where 

𝑣𝑖𝑗  represents the JTH index of enterprise 𝑒𝑖 and J represents the total number of indexes. 𝑂𝑖 

indicates the type of enterprise 𝑒𝑖. The fraud identification model of listed enterprises evaluates 
according to each index of each enterprise to judge whether there is fraud. 
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Figure 4. Structure of financial fraud identification model based on one-dimensional 

convolutional neural network 

 

The structure of the network financial fraud identification model based on 1DCNN proposed in 
this study is shown in Figure 4. The model is divided into three parts: input layer, 1DCNN 
module and output layer. At the input layer, data is fed into the 1DCNN module, where 
convolution operations are carried out through the convolution kernel. At the same time, a 
Dropout layer is added after the pooling layer to improve the generalization ability of the model. 
Spatial fusion features are acquired through the 1DCNN module, and classification results are 
output through Sigmoid activation function at the output layer. 
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3.3. Results Analysis 

Due to the sample imbalance of the dataset, as the input of each model, sample number of 
financial fraud also reaches 466 by SMOTE , then divide train set and test set according to 7:3. 
Referring to the structure diagram of fraud behavior recognition model based on one-
dimensional convolutional neural network, the network model was built and trained through 
the dependency library. The classification results of this model in the test set are as follows: TP 
class is 134 samples; FN class was 5 samples; TN category was 128 samples; The FP class 
included 13 samples. Specific performance evaluation indexes are shown in Table 5. 

 

Table 5. 1DCNN model performance metrics 
 Accuracy Precision Recall F1 AUC 

1DCNN 0.9357  0.9116  0.9640  0.9371 0.9359  

 

In order to demonstrate the effectiveness of one-dimensional convolutional neural network, 
several common Machine learning models are selected, such as Logistic Regression (LR), 
Support Vector Machine (SVM), Random Forest, RF) and deep fully connected neural network 
(DNN), and the results are shown in Table 6. 

 

Table 6. Multiple model performance metrics 
 Accuracy Precision Recall F1 AUC 

DNN 0.8286 0.7862 0.8993 0.8389 0.9140 

LR 0.6821 0.6302 0.8705 0.7311 0.6835 

SVM 0.6679 0.6065 0.9424 0.7380 0.6698 

RF 0.8571  0.8278  0.8992  0.8621 0.8574  

 

In the comparative analysis of the model, F1 score index and AUC index should be mainly 
referred to. It can be seen from the results that the deep learning model is much more due to 
the machine learning model, and the random forest model performs better in the machine 
learning model. By comparing the results of DNN, 1DCNN used in this study has excellent 
performance in all performance indicators, which proves the feasibility and effectiveness of the 
financial fraud identification model of listed electric power enterprises proposed in this study 
based on the one-dimensional convolutional neural network model of financial statements and 
financial index analysis. 

4. Conclusion 

Due to large differences in enterprise scale and industrial structure among different industries, 
this paper focuses on electric power enterprises and collects data such as financial index 
analysis tables, balance sheets and income statements of enterprises from listing to 2020 as 
identification basis. Selecting a large data time span can not only meet the demand of deep 
learning model for data volume, but also adapt the model to a variety of financial fraud means. 
In the experiment, correlation analysis is used to automatically screen out the features with 
high correlation, eliminating the tedious process of manual selection. In addition, the 
experimental results show that the financial fraud identification model of listed enterprises 
based on one-dimensional convolutional neural network can effectively identify the fraud of 
electric power enterprises. The identification model proposed in this study can help company 
managers find internal problems and also guide investors. Listed companies that have been 
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found by regulators and auditors to have financial fraud or the possibility of material errors in 
their financial statements. 
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