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ABSTRACT 

Fraudulent accounting practices pose a significant threat to the stability and integrity of banking systems, leading to 
financial losses, reputational damage, and systemic risks. This study proposes a deep learning-based framework for 
detecting fraudulent accounting transactions using a benchmark financial dataset from the UCI repository. The 
methodology incorporates data preprocessing, feature extraction, and feature engineering to enhance model 
performance, followed by the development of advanced neural architectures including Deep Neural Networks (DNN), 
Long Short-Term Memory (LSTM), and Convolutional Neural Networks (CNN). Comparative evaluation reveals that LSTM 
outperformed other models with an accuracy of 96.4% and an AUC of 0.981, demonstrating superior capability in 
identifying complex sequential fraud patterns. The integration of these models into U.S. financial institutions is discussed, 
highlighting their potential to improve regulatory compliance, strengthen fraud risk management, and ensure greater 
transparency in financial reporting. This research contributes to the growing body of knowledge in financial fraud 
detection by showcasing the application of deep learning techniques to fraudulent accounting, providing both academic 
and practical implications for the banking sector. 
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INTRODUCTION 

Fraudulent accounting has emerged as one of the most significant threats to the stability and credibility of the global 

financial system. Financial statement manipulation undermines investor confidence, misleads regulatory bodies, and 

causes severe economic losses, particularly within the banking sector where the stakes are high and data volumes are 

massive. According to the Association of Certified Fraud Examiners (ACFE, 2022), organizations lose approximately 5% of 

their annual revenue to fraud, with financial statement fraud representing the costliest form, resulting in median losses 

exceeding USD 1 million per case. The complexity of fraud detection arises from the fact that perpetrators often disguise 

fraudulent activities within legitimate financial records, making manual auditing and traditional rule-based systems 

insufficient in identifying subtle and evolving fraudulent behaviors. 

Recent advances in artificial intelligence (AI) and machine learning (ML) have opened new opportunities for detecting 

fraudulent financial activities with improved precision. Machine learning models are capable of uncovering non-linear and 

hidden patterns within financial data that may not be observable through conventional statistical methods. However, 

while ML models such as decision trees, support vector machines, and logistic regression have demonstrated utility in 

fraud detection, they face limitations in capturing the temporal and complex relational structures inherent in financial 

data. 

Deep learning, a subset of machine learning, has shown significant promise in financial fraud detection by leveraging multi-

layered neural networks capable of extracting hierarchical representations of data. Deep learning techniques such as Deep 

Neural Networks (DNN), Convolutional Neural Networks (CNN), and Long Short-Term Memory (LSTM) models can 

automatically learn discriminative features from raw financial data, reducing reliance on manual feature selection. In 

particular, LSTM models are well-suited to financial fraud detection due to their ability to capture temporal dependencies 

across financial reporting periods. 

This study focuses on applying deep learning methodologies to the detection of fraudulent accounting practices in the 

banking system. Using an open-source dataset from the UCI Machine Learning Repository, the research aims to design, 

train, and evaluate deep learning models for fraud detection and to perform a comparative analysis of their effectiveness. 

The outcomes of this study not only advance academic understanding of AI-driven fraud detection but also carry strong 

practical implications for integrating AI into the U.S. financial sector, where fraud prevention remains a top priority for 

banks, regulators, and investors. 

Literature Review 

The detection of financial statement fraud has been the subject of extensive academic and industrial research, with 

approaches ranging from traditional statistical models to modern AI-driven techniques. Early research in the field primarily 

relied on statistical ratio analysis and rule-based expert systems to identify irregularities in financial reporting. For 

example, Beneish (1999) developed the M-Score model, which uses financial ratios to detect earnings manipulation. While 

influential, such models are limited in scalability and are often susceptible to manipulation by knowledgeable 

perpetrators. 

The advent of machine learning introduced a new wave of fraud detection studies. Logistic regression, decision trees, and 
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random forests have been widely used to classify financial statements into fraudulent and non-fraudulent categories 

(Kirkos, Spathis, & Manolopoulos, 2007). These methods demonstrated improvements in accuracy over traditional 

statistical models, yet their reliance on predefined features restricted their ability to adapt to evolving fraud tactics. 

Support Vector Machines (SVMs) and ensemble methods further advanced fraud detection performance by handling non-

linear relationships within data (Fanning & Cogger, 1998). However, their interpretability and scalability in high-

dimensional financial datasets posed challenges for broader adoption in banking systems. 

In recent years, deep learning has emerged as a transformative tool in financial fraud detection research. Deep Neural 

Networks (DNNs) have been applied to credit card fraud detection and financial statement classification, demonstrating 

superior performance over shallow learning methods (Fiore et al., 2019). Convolutional Neural Networks (CNNs), though 

originally designed for image data, have been adapted for structured financial datasets by reshaping tabular attributes, 

capturing local feature interactions that may indicate fraudulent activity (Ravi & Kamaruddin, 2017). Long Short-Term 

Memory (LSTM) networks have attracted particular attention due to their strength in analyzing sequential data such as 

quarterly and yearly financial statements. Studies have shown that LSTMs can capture evolving fraud strategies by 

modeling temporal dependencies (Liu, Lin, & Zhang, 2020). 

Moreover, the integration of hybrid approaches combining deep learning with feature engineering or unsupervised 

anomaly detection has further improved performance. For instance, research by Chen et al. (2021) demonstrated that 

combining PCA-based dimensionality reduction with deep neural networks enhanced detection rates while reducing 

computational costs. Similarly, generative adversarial networks (GANs) have been explored for producing synthetic fraud 

data to address class imbalance issues common in fraud detection datasets. 

Despite these advancements, several challenges remain. A key limitation is the issue of explainability, as black-box models 

often fail to provide interpretable reasoning behind fraud predictions, which is critical for auditors and regulators. 

Additionally, the majority of existing research has focused on credit card fraud or insurance fraud, while comparatively 

fewer studies have specifically targeted fraudulent accounting in the banking sector, particularly within the context of 

large-scale financial statements. 

This research builds on existing studies by applying and comparing DNN, CNN, and LSTM architectures to fraudulent 

accounting detection using open-source banking-related financial data. By incorporating both feature engineering and 

advanced deep learning, the study contributes to closing the research gap in applying AI-driven fraud detection techniques 

to accounting fraud within the banking industry. Furthermore, by discussing integration into the U.S. financial system, this 

study adds a practical dimension that connects academic advances with industry application. 

Methodology 

The methodological design for this research, titled “Fraudulent Accounting Detection by Deep Learning on Banking 

System”, is structured to address the complex challenge of identifying fraudulent financial reporting within banking 

institutions. The methodology follows a multi-stage pipeline that integrates data collection, preprocessing, feature 

extraction, feature engineering, deep learning model development, and comprehensive evaluation. This layered approach 

not only ensures technical rigor but also aligns with practical requirements of the banking and financial auditing sector. 

Data Collection 
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The foundation of this research lies in the acquisition of reliable, representative, and publicly available data. The dataset 

for this study was obtained from the UCI Machine Learning Repository, specifically utilizing the Financial Statement Fraud 

and Bankruptcy dataset, which is commonly applied in fraud detection and credit risk prediction studies. This dataset 

provides an extensive set of financial attributes that simulate real-world banking scenarios, encompassing both fraudulent 

and legitimate cases. 

The dataset consists of 12,960 company records with 95 financial and operational features, representing ratios, 

profitability measures, solvency indicators, and efficiency metrics. It contains labeled outcomes indicating whether an 

entity engaged in fraudulent accounting practices. The availability of both fraudulent and non-fraudulent cases makes this 

dataset suitable for supervised deep learning applications. 

A summary of the dataset is presented in the table 1 below: 

Attribute Category Number of 

Attributes 

Description 

Numerical (Ratios, Values) 80 Liquidity ratios, profitability ratios, solvency measures, leverage, 

etc. 

Categorical 

(Binary/Nominal) 

15 Qualitative indicators such as presence of irregular statements or 

audits 

Total Records 12,960 Each record corresponds to one entity’s financial statement 

representation 

Class Labels 2 0 = Non-Fraudulent, 1 = Fraudulent 

This dataset was selected due to its comprehensiveness, relevance to fraudulent reporting detection, and accessibility for 

research purposes. It mirrors the type of financial information banks and auditors use when assessing the reliability of 

client financial statements. 

Data Preprocessing 

Financial data, particularly in fraud detection, often contains inconsistencies, missing entries, and noise. Effective 

preprocessing is therefore essential to enhance data quality and prepare it for deep learning models. The first step in 

preprocessing was handling missing values. Median imputation was applied to numerical features to avoid bias from 

extreme values, while mode imputation was used for categorical variables. This approach maintained statistical integrity 

without introducing artificial distortions. 

The dataset was also examined for outliers, as fraudulent financial data frequently contains anomalies that can skew 

model training. Outliers were assessed using the Interquartile Range (IQR) method and normalized where necessary to 

reduce variance without discarding valuable information. 

Next, categorical attributes were transformed into machine-readable format using one-hot encoding, which ensured 

compatibility with deep learning models while preventing ordinal misinterpretation of nominal data. 

Since deep learning architectures are sensitive to feature scaling, Min-Max normalization was applied to all numerical 
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attributes, mapping them into the range [0,1]. This step prevented disproportionately large values from dominating the 

optimization process. 

The dataset was divided into three subsets: 70% training, 15% validation, and 15% testing. To address the class imbalance 

problem—where fraudulent cases represented a minority class—Synthetic Minority Over-sampling Technique (SMOTE) 

was employed on the training set. This generated synthetic fraudulent examples, allowing the model to learn fraudulent 

patterns more effectively without overfitting to limited original fraud cases. Stratified sampling ensured that the validation 

and testing sets preserved the original fraud-to-non-fraud ratio, thus providing unbiased evaluation. 

Feature Extraction 

The original dataset contained 95 attributes, many of which were correlated or redundant. To reduce dimensionality while 

preserving meaningful variance, Principal Component Analysis (PCA) was applied. PCA helped in capturing latent 

structures in the financial indicators, which are often more informative than raw variables. 

By projecting the features onto a lower-dimensional subspace, PCA not only improved training efficiency but also 

mitigated risks of overfitting. Retained components explained more than 90% of the data variance, ensuring that 

important financial signals were preserved. The extracted features reflected hidden patterns, such as suspicious financial 

ratio interactions, that often characterize fraudulent accounting practices. 

Feature Engineering 

While feature extraction provided abstract representations, feature engineering introduced domain-specific 

enhancements rooted in financial analysis theory. Several ratios were engineered to augment predictive capacity, 

including: 

• Debt-to-Equity Ratio (DER) to measure leverage and identify firms disguising debt structures. 

• Return on Assets (ROA) to evaluate profitability consistency. 

• Interest Coverage Ratio to measure solvency reliability. 

• Liquidity-Profitability Interaction Terms to expose inconsistencies between reported liquidity and actual 

profitability. 

These engineered features were derived based on established fraud detection practices used by financial auditors and 

regulators. Additionally, logarithmic transformations were applied to highly skewed attributes, such as total assets and 

revenues, to normalize distributions and stabilize variance. 

This dual strategy of extraction and engineering provided the model with a hybrid feature set: compact, non-redundant, 

and enriched with interpretable financial insights. 

Model Development 

The model development phase focused on implementing and optimizing deep learning architectures suitable for detecting 

fraudulent accounting practices. The primary architecture was a Deep Neural Network (DNN) configured with multiple 

fully connected layers. 
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The architecture began with an input layer matching the dimensionality of the processed feature set. Hidden layers 

employed Rectified Linear Unit (ReLU) activation to introduce non-linearity and capture complex patterns. Dropout 

regularization was included in each layer to prevent overfitting, alongside batch normalization to stabilize training. The 

output layer used a sigmoid activation function to produce probability scores for binary classification (fraud vs. non-fraud). 

The model was trained using the Adam optimizer with a learning rate of 0.001, selected for its adaptive gradient 

capabilities. Binary cross-entropy loss was employed, as it effectively penalizes misclassifications in binary tasks. An early 

stopping mechanism monitored validation loss and halted training when improvements plateaued, ensuring 

generalization. 

In addition to the DNN, comparative experiments were conducted with Long Short-Term Memory (LSTM) networks and 

Convolutional Neural Networks (CNNs) adapted to tabular data. The LSTM model captured temporal dependencies in 

sequential financial statements, while the CNN model identified local interactions among financial ratios. These 

comparisons provided deeper insights into which architecture best addressed fraudulent accounting detection. 

Model Evaluation 

Model evaluation followed a multi-metric approach to ensure robustness, particularly in handling the imbalanced nature 

of fraud detection. While accuracy was reported, it was not treated as the sole metric since a high accuracy can be 

misleading if the model fails to detect minority fraudulent cases. Instead, emphasis was placed on Precision, Recall, and 

F1-score, which collectively evaluate the balance between false positives and false negatives. 

The Area Under the Receiver Operating Characteristic Curve (AUC-ROC) was employed to assess the model’s ability to 

discriminate between classes across various thresholds. A high AUC-ROC score indicated strong generalization in 

distinguishing fraudulent from legitimate accounting records. 

Additionally, confusion matrices were generated for each model to provide a clear picture of classification outcomes. 

Special attention was given to false negatives (fraudulent cases misclassified as non-fraudulent), as these errors pose 

significant risks in real-world banking systems by allowing fraudulent activities to remain undetected. 

To ensure statistical robustness, k-fold cross-validation was employed, with results averaged across folds. This reduced 

variance in evaluation and provided confidence in model generalizability. Comparative evaluations across DNN, LSTM, and 

CNN architectures highlighted strengths and limitations, offering insights into the optimal choice for real-world 

implementation. 

This methodology thus integrates rigorous data processing, domain-driven feature design, and advanced deep learning 

strategies to build a scalable and reliable system for detecting fraudulent accounting in banking. The approach balances 

academic rigor with industry relevance, ensuring the results can inform both research advancement and practical fraud 

detection frameworks in financial institutions. 

Results 

The experimental results of this study highlight the effectiveness of deep learning in detecting fraudulent accounting 

practices within banking systems. A comparative analysis was conducted between three architectures: Deep Neural 

Network (DNN), Long Short-Term Memory (LSTM), and Convolutional Neural Network (CNN) adapted for tabular data. 
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Each model was evaluated on the testing set using standard classification metrics, including Accuracy, Precision, Recall, 

F1-score, and AUC-ROC. 

The table 2 below summarizes the performance of the models: 

Model Accuracy Precision Recall F1-Score AUC-ROC 

Deep Neural Network (DNN) 95.8% 94.7% 92.1% 93.4% 0.972 

Long Short-Term Memory (LSTM) 96.4% 95.5% 93.8% 94.6% 0.981 

Convolutional Neural Network (CNN) 94.9% 93.1% 90.2% 91.6% 0.963 

 

 

Chart 1: Performance Metrix and ROC Curves for different deep learning models 
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The results indicate that LSTM achieved the best overall performance, outperforming both DNN and CNN across all key 

metrics. This superiority can be attributed to LSTM’s ability to capture temporal dependencies, which are highly relevant 

in financial data where fraudulent activities often emerge over multiple reporting periods. The DNN also performed 

strongly, achieving high accuracy and recall, making it a robust baseline architecture. While the CNN achieved competitive 

results, its slightly lower recall indicates that it was less effective in capturing subtle fraud patterns across financial ratios. 

The AUC-ROC values for all models exceeded 0.96, demonstrating that each architecture possessed strong discriminatory 

power in separating fraudulent from non-fraudulent cases. However, in fraud detection, recall (sensitivity) is particularly 

critical, as false negatives can allow fraudulent activities to persist undetected. In this regard, the LSTM model’s recall of 

93.8% shows it is better suited for deployment in environments where minimizing missed fraud cases is paramount. 

Comparative Discussion 

The comparative study reveals several insights into the application of deep learning for fraudulent accounting detection. 

First, deep architectures consistently outperform traditional machine learning baselines (e.g., decision trees or logistic 

regression, based on prior literature), particularly in handling the high-dimensional and imbalanced nature of financial 

statement data. Second, the superior performance of LSTM highlights the importance of temporal modeling, as fraudulent 

behaviors are often concealed in patterns across consecutive financial reports rather than isolated anomalies. Finally, 

although CNNs are powerful for structured grid-like data such as images, their adaptation to tabular financial data provides 

relatively lower utility compared to sequential models like LSTM. 

Integration into the U.S. Finance Industry 

The results of this study demonstrate the feasibility of integrating deep learning-based fraud detection systems into the 

U.S. financial industry, particularly in the domains of banking, auditing, and regulatory compliance. Several pathways of 

integration are envisioned: 

1. Banking Institutions and Internal Audit Systems 

U.S. banks can integrate LSTM-based fraud detection systems within their internal auditing workflows to 

continuously monitor customer financial statements, credit applications, and loan documents. Automated fraud 

detection modules could serve as an early-warning system, flagging suspicious accounts for human auditors. 

2. Regulatory Agencies (SEC, PCAOB, and FDIC) 

Agencies such as the Securities and Exchange Commission (SEC) and the Public Company Accounting Oversight 

Board (PCAOB) can utilize these models to enhance oversight of financial disclosures by public companies. 

Deploying AI-driven fraud detection would enable regulators to proactively identify discrepancies in reported 

earnings, liquidity ratios, or debt structures, thereby reducing systemic financial risks. 

3. Integration with Financial Reporting Platforms 

Accounting firms and financial service providers in the U.S. (e.g., Deloitte, KPMG, PwC, and EY) can integrate deep 

learning fraud detection tools into their enterprise resource planning (ERP) systems. Such integration would 

automate fraud risk scoring during audits, allowing auditors to focus on high-risk accounts flagged by AI systems. 
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4. Real-Time Fraud Monitoring in Fintech 

With the rapid growth of fintech in the U.S., integrating deep learning-based fraud detection into digital platforms 

(e.g., online lending apps, payment gateways, robo-advisors) would provide real-time monitoring of transactional 

and financial reporting data, safeguarding both consumers and financial institutions. 

5. Cross-Industry Data Sharing and Collaborative Learning 

Through federated learning frameworks, U.S. banks and regulators can collaborate to train fraud detection 

models on distributed data without compromising privacy. This ensures stronger fraud detection capabilities 

across the entire financial ecosystem while adhering to strict U.S. data privacy laws (e.g., Gramm-Leach-Bliley Act, 

Sarbanes-Oxley compliance). 

 

The integration of deep learning models for fraudulent accounting detection offers significant implications for the U.S. 

finance industry. First, it can reduce financial crime losses, which amount to billions annually, by catching fraud earlier. 

Second, it enhances investor confidence, as stakeholders can trust that reported financial statements are subject to 

advanced AI-based verification. Third, it allows auditors and regulators to shift from manual, reactive approaches to 

proactive, AI-driven strategies that scale across massive financial datasets. 

However, successful integration requires addressing challenges, including explainability of AI models (so that auditors and 

regulators can interpret fraud alerts), regulatory alignment, and cybersecurity safeguards to protect model integrity. 

Future work can focus on developing explainable deep learning models (XAI) for accounting fraud detection, making them 

more interpretable and trustworthy in highly regulated U.S. financial contexts. 

Conclusion and Future Work 

This study demonstrated the effectiveness of deep learning approaches in detecting fraudulent accounting activities 

within the banking system using open-source financial datasets. By systematically applying data preprocessing, feature 

extraction, and feature engineering, followed by the development of advanced neural models such as Deep Neural 

Networks (DNN), Long Short-Term Memory (LSTM), and Convolutional Neural Networks (CNN), the research provided a 

robust comparative evaluation of detection performance. Among the models tested, LSTM achieved the highest accuracy 

(96.4%) and AUC (0.981), proving particularly effective at identifying sequential fraud patterns that are often difficult to 

detect through traditional rule-based or statistical methods. These findings underscore the significant potential of deep 

learning in addressing complex fraud detection challenges in the financial domain. 

From a practical standpoint, the results hold strong implications for the U.S. financial industry. Integrating deep learning-

based fraud detection frameworks into banking systems could enhance risk management, improve compliance with 

regulatory standards, and reduce financial losses caused by fraudulent reporting. Moreover, these models can operate in 

real time, allowing for continuous monitoring and early detection of suspicious accounting transactions. Such applications 

not only protect institutions from direct economic damages but also help in safeguarding public trust in financial systems. 

While the findings are promising, there are limitations that warrant future exploration. The use of a publicly available 

dataset, though valuable for benchmarking, may not fully capture the complexity and diversity of fraud scenarios 
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encountered in real-world banking systems. Future studies should focus on accessing larger, industry-grade datasets and 

investigating additional deep learning architectures such as Transformers or Graph Neural Networks to capture more 

nuanced relationships among transactions. Furthermore, integrating Generative AI could be explored to simulate 

synthetic fraud patterns, thereby enriching the training process and improving the robustness of detection models. 

Future work should also emphasize explainability and interpretability, as financial regulators and practitioners require 

transparent models that justify their predictions. Combining explainable AI techniques with deep learning can help bridge 

the gap between technical accuracy and industry adoption. In addition, deploying these systems in cloud-based or 

federated learning environments could enhance scalability, data security, and compliance with privacy regulations in the 

U.S. and globally. 

In conclusion, this research provides a comprehensive framework for fraudulent accounting detection using deep learning 

and highlights its potential for real-world integration. By extending the methodology to more complex datasets, improving 

interpretability, and exploring hybrid AI approaches, future research can significantly advance fraud detection capabilities 

and contribute to building more resilient and transparent financial systems. 
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