Applied Science and Biotechnology Journal for Advanced Research e-ISSN: 2583-553X
Peer Reviewed Journal
Volume-3, Issue-3 (May 2024), Page: 45-49 https://doi.org/10.5281/zenodo.12642108

Financial Fraud Detection in Listed Companies Using Deep Learning

and Textual Emotion Analysis
Neha Romanenko?, Kritika Sharma? and Siddharth Verma®
'Financial Risk, Indian School of Business (I1SB), Hyderabad, India

“Business Administration, Indian Institute of Management (1IM) Bangalore, India
®Electronic Information Engineering, Indian Institute of Technology (11T) Kanpur, India

Corresponding Author: Gupta889@gmail.com

Received: 23-04-2024 Revised: 10-05-2024 Accepted: 29-05-2024

ABSTRACT

Financial fraud of listed companies refers to the bad faithless behaviour that improperly distorts accounting information,
which hurts the company's management, economic development and social interests. At present, the existing research mainly
focuses on financial digital data, while the exploration of text information and deep learning algorithms is relatively small.
Therefore, this paper proposes a financial fraud identification method for listed companies based on deep learning and
integrated text-emotional features. Firstly, the financial index is preprocessed, and then the Bi-LSTM model is used to extract
the emotional features of the stock review text. Subsequently, a residual-cross-convolutional (RCC) parallel network
structure is used to identify financial fraud. The network simultaneously uses a Residual network, Cross network,
Convolutional network and long short-term memory network to extract the characteristics of financial fraud in a parallel way.
It obtains the final recognition result through batch standardisation and a full connection layer.
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l. INTRODUCTION

Financial fraud, or financial fraud, refers to the behavior of making the company's financial data distorted or false by
improper means in order to seek improper benefits. This kind of behavior has seriously damaged the company's operation
and social interests, including fabricating or concealing accounting information, falsely reporting balance sheets and profit
statements, and adjusting account books without authorization. With the development of global economic integration and
securities market, financial fraud of listed companies has become a global problem and shows a trend of continuous growth.
Financial fraud not only destroys the trust of investors in enterprises, but also affects the interests of shareholders and the
stability of the overall market, and has a serious impact on the financial revenue and social security of the society.

Although the country has introduced a series of strict regulations and measures to crack down on financial
malpractices in listed companies, there are still many enterprises taking improper measures due to the pursuit of private
interests. Most of the existing researches focus on traditional statistical methods and some machine learning algorithms, and
rarely involve deep learning technology, and ignore the potential role of text information in the identification of financial
fraud.

This paper aims to build a new financial fraud identification model based on deep learning by integrating the financial
statement indicators of listed companies and the emotional characteristics of stock review texts. Specifically, firstly, the
financial indicators and text are preprocessed and sentiment analyzed, which are spliced into the input of neural network;
Secondly, three parallel network modules, including residual network, cross network and convolutional network, are used to
extract financial fraud characteristics from different angles. Finally, by combining the output of the three networks through
batch standardization and full connection layer, the final recognition result is obtained.

The purpose of this paper is to improve the ability of accurate identification of financial fraud in listed companies,
and make contributions to early detection and prevention of financial fraud, so as to reduce its negative impact on the market
and society.

1. RELATED WORK

2.1 Traditional Methods based on Statistics

Research on financial fraud identification of listed companies can be divided into three categories: traditional
methods based on statistics, methods based on machine learning and methods based on neural networks. In one study, 50
enterprises involved in fraud and 50 enterprises not involved were selected as samples, 10 representative indicators were
selected as the influence factors of fraud, and the financial fraud identification model was obtained by using Logistic
regression. Yang Guijun et al. [4] proposed a financial fraud identification method combining Benford's Law and Logistic
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model. After simulating and studying the financial data of Chinese listed companies, it was found that the Logistic model
containing the Benford factor had a higher accuracy rate. Traditional methods based on statistics are often based on Logistic
regression, and the identification performance is usually low. Moreover, most studies use accuracy as an evaluation index to
measure the model performance. This can not properly evaluate problems such as the imbalance of positive and negative
samples, such as financial fraud.

In most cases, Logistic regression and other methods are mainly used to select a small number of financial indicators
to predict financial fraud. For example, Hui Wenjie used Logistic regression models to identify financial fraud. Still, these
methods usually had low accuracy and failed to deal well with the problem of unbalanced positive and negative samples.

2.2 Machine Learning-Based Approach

On the financial fraud data set of European listed companies, we use a variety of integrated learning algorithms to
detect financial fraud, including random forest, decision tree, CatBoost, and other algorithms, and we finally find that
random forest performs best compared with other algorithms. Patel et al. [7] selected the data from the Bombay Stock
Exchange, used data mining technology to select 10 important indicators, and selected 86 fraudulent companies and 92
non-fraudulent companies of manufacturing companies. Finally, the results of the random forest model were the best, and at
the same time, the random forest model was improved to achieve better performance. Purda et al. [8] used text information of
financial annual reports and interim reports of listed companies to distinguish fraud reports from real reports. The model used
a text-based method and an SVM algorithm. Fraudulent reports can also be identified from a series of reports issued by a
company. Dong et al. [9] also used the text content in financial statements. They developed a systematic text analysis
framework for identifying financial fraud under the guidance of the theory of systemic functional linguistics. The framework
extracts word-level and document-level features as input to Liblinear support vector machine. It achieves high recognition
accuracy in financial statement data sets of listed companies in the United States. Compared with traditional methods, the
method based on machine learning greatly improves recognition performance, and a few scholars have found the role of text
information in identifying financial fraud [8-9]. Specific methods include SVM, decision tree, random forest and other
algorithms to identify financial fraud. Compared with traditional statistical methods, these methods greatly improve and can
effectively process a variety of financial data features. For example, Patel's research on the data of the Bombay Stock
Exchange by using a random forest model has shown a good recognition effect.

2.3 Method based on Neural Network

In recent years, neural network-based methods have attracted much attention in the field of financial fraud
identification, and various advanced neural network models such as multi-layer feedforward neural networks (MLFF),
probabilistic neural networks (PNN), long short-term memory networks (LSTM), and Transformer have demonstrated
superior performance in utilising text information and complex financial indicators.

1. Multi-Layer Feedforward Neural Network (MLFF) - as a classical deep learning model, it is widely used to deal with
nonlinear relationships. In financial fraud identification, MLFF can effectively learn and model complex associations and
trends in financial data. For example, it can analyze the complex interactions between revenue, cost, profit and other metrics
in a company's financial statements to identify potential abnormal patterns and fraud.

2. Probabilistic Neural Networks (PNN) - which focus on modeling complex probability distributions, are unique in their
ability to deal with uncertainty and risk in financial data. The application of PNN in financial fraud identification includes
modeling and identifying probabilistic fraud patterns, and effectively capturing and predicting potential financial anomalies
by analyzing the probabilistic relationship between different financial indicators.

3. Emerging Neural Network Models Such as Long Short-Term Memory Networks (LSTM) and Transformers perform well
in processing natural language and text data. In financial fraud identification, these models can extract important information
from financial statements, management discussion and analysis (MD&A) and other unstructured text data and effectively
identify patterns and trends hidden behind large amounts of data. For example, LSTM can process time series data through
the design of its memory unit, which is suitable for analyzing abnormal changes in the company's historical financial data.
With its self-attention mechanism, Transformer can better understand and leverage relevant information in text data, making
it adaptable to complex financial reporting and commentary text.

To sum up, the neural network-based approach not only shows the ability to deal with the challenges of financial
fraud identification technically but also makes remarkable progress in application. With the continuous advancement of deep
learning technology and the improvement of data processing capabilities, these methods are expected to provide more
reliable and efficient solutions for financial fraud prevention and detection in the future.

1. FINANCIAL FRAUD IDENTIFICATION BASED ON DEEP LEARNING AND
TEXT EMOTION MODEL

3.1 Model Structure

This paper aims to identify financial fraud in listed companies by using deepness. The model is trained and predicted.
The expression ability of deep learning is stronger than that of machine learning and integrated learning, and it can better
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learn the relationship between features, and has a better effect on the identification of financial fraud. The model structure of
this paper is shown in Figure 1.
The RCC parallel network model structure proposed in this paper can be divided into the following levels:
(1) Input layer: input financial statement data and stock evaluation data;
(2) Pre-processing layer: Pre-processing financial statement data, emotion extraction of stock evaluation data, oversampling
and standardisation after splicing;
(3) Feature extraction layer: Use parallel residual network module, cross network module and convolutional network module
to extract financial fraud feature information of financial statements and text emotion;
(4) Full connection layer: The output of multiple networks in the parallel network layer is spliced, and the relationship
between multiple networks and the target result is deepened through batch standardization and full connection;
(5) Output layer: The output of the model is obtained through Sigmoid binary classification

In this article, the research team explored the predictive analysis of customers' online purchasing behavior from the
data of the customer purchase prediction contest under the consumer finance scenario held by the Credit Card Center of
China Merchants Bank. The following are the main methodological parts:

3.2 Pretreatment Layer

Financial statements contain more financial indicators. The study found that some of the money Business indicators
are more important than other financial indicators, and some indicators negatively affect classification accuracy. Therefore,
the choice of financial indicators is crucial for any learning algorithm. Because there are many missing values in the financial
statement data, it is necessary to clean the data to obtain higher quality data. The feature values with missing values greater
than 30% are deleted. Then, this paper uses embedding method and ensemble learning model for feature selection, while
taking into account existing research, selects 50 financial indicators in financial statements as the features of the financial
fraud identification model, and the selected features can measure the financial status of listed companies from multiple
perspectives. The data includes financial statements of multiple years and is grouped into listed companies. For the missing
value of the class type value, the intra-group mode will be used to fill in; For the missing values of continuous values, the
method of step interpolation will be used to fill in the group. The data is then sorted by year and time, and the final result
contains no missing data

3.3 Parallel Network Layer

The parallel network layer inputs the input vectors to the residual network module,In the network module and
convolutional network module, three network modules are used to extract financial fraud characteristics simultaneously,
fully using the advantages of different neural networks. In the study of financial fraud, some financial indicators may have
little or no correlation with financial fraud, and the deep learning model has high complexity and strong fitting ability, so it is
easy to overfit financial fraud data sets. At the same time, if the number of layers in the network is too deep, the problem of
gradient disappearance or gradient explosion will easily appear. Therefore, to optimize the model's performance again based
on feature engineering, this paper adds the residual structure [17] based on a deep neural network to form a residual block,
and multiple residual blocks are connected together to form the residual network module of this model.

V. CONCLUSION

In conclusion, this paper proposes a novel approach to identifying financial fraud in listed companies by integrating
deep learning techniques with text-emotional features extracted from stock review texts. The research addresses the
limitations of existing methods that predominantly focus on traditional statistical and machine learning approaches while
neglecting the potential of deep learning and textual information in fraud detection.

The proposed method demonstrates robust capabilities in identifying financial irregularities by leveraging the
Bi-LSTM model for sentiment analysis and a residual-cross-convolutional (RCC) parallel network structure. This innovative
framework utilizes a combination of residual, cross, convolutional, and long short-term memory networks to effectively
extract and analyze fraudulent patterns from financial data and sentiment-laden textual information.

The findings highlight the significant potential of deep learning methodologies in enhancing the accuracy and
efficiency of financial fraud detection systems. By integrating financial indicators with sentiment analysis from textual
sources, the proposed model improves detection capabilities and contributes to early prevention and mitigation of financial
fraud risks in listed companies.
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