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Abstract: Fraudulent activities in financial transactions present significant challenges to financial institutions, resulting in
substantial monetary losses and damage to reputation. With the exponential growth in the volume and velocity of financial
data, traditional fraud detection methods often fail to deliver timely and accurate results. This paper presents an in-depth
study on utilizing deep learning techniques for real-time fraud detection in financial transactions. The research explores
models such as Convolutional Neural Networks (CNNs), Recurrent Neural Networks (RNNs), and Graph Neural Networks
(GNNs), evaluating their performance on large-scale transactional datasets. The findings indicate that deep learning
models significantly outperform traditional machine learning approaches in terms of accuracy and processing speed,
making them suitable for real-time applications. The paper discusses the implementation challenges and proposes solutions
to optimize the deployment of these models in real-world financialsystems.
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I. INTRODUCTION
The financial industry has witnessed a surge in fraudulent activities due to the increasing digitization of services and the
proliferation of online transactions. Fraudulent transactions encompass a wide range of illicit activities, including unauthorized
credit card use, identity theft, phishing scams, money laundering, and cyber-attacks on financial systems. According to the
Association of Certified Fraud Examiners, organizations lose an estimated 5% of their annual revenues to fraud, emphasizing the
critical need for effective fraud detectionsystems.

Traditional fraud detection systems have relied heavily on rule-based methods and statistical models. These systems use
predefined rules and thresholds to flag suspicious transactions. Howevers, fraudsters continually adapt their techniques,
rendering static rules ineffective over time. Moreover, the high false-positive rates associated with rule-based systems can
overwhelm fraud investigation teams and negatively impact customer experience due to unnecessary transaction declines.

A. Importance of Real-Time Fraud Detection

The ability to detect fraudulent transactions in real time is crucial for several reasons. Immediate detection allows financial
institutions to block unauthorized transactions before completion, minimizing financial losses. Protecting customers from fraud
enhances the institution's reputation and fosters customer loyalty, contributing to customer trust and satisfaction. Compliance with
regulations such as the Payment Card Industry Data Security Standard (PCI DSS) and anti-money laundering (AML) laws is
mandatory, making regulatory adherence a significant concern. Automated real-time detection reduces the workload on fraud
analysts, allowing them to focus on complex cases and improving operational efficiency. Effective detection mechanisms also act as
a deterrent to potential fraudsters,enhancing overall security.

B. Challenges in Fraud Detection

Several challenges complicate the development of effective fraud detection systems. The high volume and velocity of
financial data require scalable and efficient algorithms capable of handling big data in real time. Fraudsters continuously develop
new methods to bypass detection systems, necessitating models that can adapt to new patterns without manual intervention. The
rarity of fraudulent transactions, often less than 0.1% of all transactions, leads to highly imbalanced datasets that can bias
models toward predicting the majority class. Real-time detection demands low-latency processing to make instant decisions
without delaying legitimate transactions. Ensuring customer data privacy while using sensitive information for fraud detection is
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critical, especially with regulations like the General Data Protection Regulation (GDPR).
C. Emergence of Deep Learning
Deep learning, a subset of machine learning, has revolutionized various fields due to its ability to model complex, non-linear
relationships in data. In fraud detection, deep learning models offer several advantages:
e Automatic Feature Learning: They can learn hierarchical feature representations from raw data, reducing the need for
manual feature engineering.

e Handling Diverse Data Types: Capable of processing various data types, including transactional data and unstructured
data like text.

¢ Adaptability: Models can be updated incrementally withnew data, allowing them to adapt to emerging fraud patterns.
e Scalability: Optimized for high-performance computingenvironments, enabling the processing of large datasetsefficiently.

II. LITERATURE REVIEW

A. Traditional Fraud Detection Methods

Traditional methods primarily include rule-based systems and statistical models. Rule-based systems apply predefined
rules and thresholds to identify suspicious transactions, such as flagging transactions exceeding a certain amount or detecting
multiple transactions within a short time frame. These systems are limited by their static nature, inability to adapt to new fraud
patterns without manual updates, and high false-positive rates, which can inconvenience customers and overwhelm fraud
investigation teams. Scalability becomes an issue as the numberof rules increases, making maintenance cumbersome.
Statistical models, like logistic regression and Bayesian networks, attempt to model the probability of a transaction being fraudulent
based on historical data. While they can capture linear relationships and provide probabilistic outputs, they assume linearity and
require significant effort in feature engineering. Performance often suffers on imbalanced datasets where fraudulent transactions
are rare.

B. Machine Learning Approaches

Machine learning approaches for fraud detection can be categorized into supervised and unsupervised learning.
Supervised learning models are trained on labeled datasets, learning to predict class labels based on input features. Algorithms
such as decision trees, random forests, support vector machines (SVMs), and gradient boosting machines fall into this category.
They can capture non-linear relationships andinteractions between variables but require large amounts of accurately labeled data,
which may not be readily available. There is also a risk of overfitting to historical fraud patterns, reducing their ability to detect
new types of fraud.

Unsupervised learning models detect anomalies without labeled data by identifying patterns that deviate from the norm.
Clustering algorithms like K-means, isolation forests, and one- class SVMs are commonly used. While useful when labeled data is
scarce, these models may incorrectly classify rare legitimate transactions as fraudulent and are often harder to interpret and
validate.

C. Deep Learning Techniques

Deep learning techniques have shown promise in addressing limitations of traditional methods. Convolutional Neural
Networks (CNNs), originally designed for image processing, can be adapted to extract spatial features from transactional databy
treating sequences of transactions as images or matrices. They are effective in feature extraction and handling high- dimensional
data. Recurrent Neural Networks (RNNs), designed to process sequential data by maintaining a hidden state that captures
information about previous inputs, are particularly useful for modeling temporal dependencies in transaction sequences, such as
spending habits over time. Variants like Long Short-Term Memory (LSTM) networks and Gated Recurrent Units (GRUs) address
the vanishing gradient problem in standard RNNs.

Auto encoders, neural networks trained to reconstruct their input data, can identify anomalies based on reconstruction
error. They are advantageous for unsupervised learning of data representations. Graph Neural Networks (GNNs) operate on
graph structures, making them suitable for modeling relationships between entities in transactional data. By constructing graphs
where nodes represent customers or accounts and edges represent transactions, GNNs can effectively detect collusive fraud and
fraud rings by analyzing network structures.

III. METHODOLOGY
A. Data Collection and Preprocessing
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a) Data Sources

The study utilized transactional logs collected from financial institutions, which included details such as transaction
amount, timestamp, location, and merchant category code (MCC), and payment method. Customer information, including
demographics like age and gender, account tenure, and credit score, was incorporated. Historical transaction records were used
for behavioral analysis. Compliance with privacy regulations was ensured by anonym zing personally identifiable information
(PII) and using aggregated datawhere necessary.

b) Data Cleaning

Data cleaning involved handling missing values by filling numerical gaps with the mean or median and categorical gaps
with the mode. Records with excessive missing data were discarded. Outlier detection was performed to identify and analyze
anomalies, determining if they represented fraudulent activities or data errors. Data consistency was maintained by
standardizing date and time formats and unifying currency denominations for international transactions.

¢) Data Transformation

Normalization techniques, such as min-max scaling or z- score normalization, were applied to numerical features to
improve model convergence. Categorical variables were converted into binary vectors using one-hot encoding or transformed into
dense representations using embedding layers in neural networks. Temporal features were extracted, including day of the week,
hour of the day, and seasonality indicators.

B. Feature Engineering

Effective feature engineering was critical for model performance. Time-based features included inter-transaction time—
the time elapsed since the previous transaction by the same customer—and transaction time patterns, such as frequency during
specific hours or days. Amount-based features encompassed average transaction amount, deviation from the customer's average,
and cumulative spend over a specified period. Behavioral patterns were analyzed through merchant diversity, location variability,
and payment method usage. Network features were incorporated by analyzing social network relationships between customers
and transaction networks, identifying patterns between groups of customers and merchants, and detecting clusters that may
indicate collusive behavior.

C. Model Architectures
a) Convolutional Neural Networks (CNNs)

For CNNs, transactional data was represented as two- dimensional matrices where rows corresponded to transactions
and columns to features. The architecture included convolutional layers applying filters to detect local patterns across features,
pooling layers to reduce dimensionality while retaining important information, and fully connected layers mapping extracted
features tothe output layer. Hyperparameters like the number of filters, filter sizes, stride, padding, and activation functions (e.g.,
ReLU) were carefully selected to optimize performance.

b) Recurrent Neural Networks (RNNs)

RNNs modeled sequences of transactions for each customer as time-series data. Variants like LSTM networks and GRUs
were employed to capture long-term dependencies and simplify the architecture with fewer parameters. The architecture included
an embedding layer transforming categorical variables into dense vectors, recurrent layers processing sequential data to capture
temporal patterns, and attention mechanisms enhancing the model's focus on important time steps. Hyperparameters such as
the number of layers, hidden units, and dropout rates were tuned to prevent over fitting.

¢) Graph Neural Networks (GNNs)

GNNs were constructed by representing customers, merchants, or accounts as nodes and transactions or relationships as
edges. The architecture involved graph convolutional layers performing convolutions over the graph structure to aggregate
information from neighboring nodes, incorporating transaction attributes into edge representations. A readout function
generated graph-level embedding for classification. Hyperparameters included the number of layers, neighborhood size, and
aggregation functions like meanor max pooling.

D. Handling Imbalanced Data

Handling imbalanced data was addressed through resampling techniques and cost-sensitive learning. Oversampling the
minority class was performed using methods like Synthetic Minority Over-sampling Technique (SMOTE) and Adaptive Synthetic
(ADASYN), generating synthetic examples of fraudulent transactions, focusing on harder-to-learn data points. Under sampling the
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majority class involved randomly removing instances of legitimate transactions to balance the dataset. Combined approaches
maintained dataset size while improving balance. Cost-sensitive learning assigned higher weights to misclassifications of the
minority class in theloss function, using weighted cross-entropy loss, and focused on metrics accounting for class imbalance, such as
Matthews Correlation Coefficient (MCC) and area under the Precision- Recall Curve.

IV. EXPERIMENTS AND RESULTS
A. Dataset Description
a) Synthetic Dataset Creation
A synthetic dataset was created to simulate realistic transactional data while ensuring compliance with privacy
regulations. Customer profiles with varying demographics and spending habits were generated, and legitimate transaction
patterns were created based on statistical models of normal behavior. Fraudulent transactions were introduced using known
fraud scenarios, such as sudden high-value purchases or transactions from unusual locations.

b) Public Datasets Utilized

Public datasets like the IEEE-CIS Fraud Detection dataset and the European Credit Card dataset were utilized. The IEEE-
CIS dataset contains transaction data with features anonymized for privacy and includes labels indicating fraudulent transactions.
The European CreditCard dataset consists of credit card transactions over twodays, with a highly imbalanced fraud rate of 0.17%.

¢) Data Characteristics

The total number of transactions amounted to millions of records to reflect real-world volumes, with a fraud rate of
approximately 0.1% to mimic actual fraud occurrence rates. The feature set included numerical features like transaction amount,
categorical features like merchant category, and temporal features like transaction timestamp.

B. Experimental Setup
a) Data Splitting

Data was split into a training set comprising 70% of the data used to train models, a validation set of 15% used for
Hyperparameters tuning and model selection, and a testset of 15% reserved for evaluating final modelperformance.

b) Evaluation Metrics

Evaluation metrics included confusion matrix components such as true positives, false positives, true negatives, and false
negatives. Performance metrics calculated were precision (measuring the accuracy of positive predictions), recall (measuring the
model's ability to detect fraud), F1-score (the harmonic mean of precision and recall), area under the ROC curve (AUC- ROC,
measuring the model's ability to distinguish between classes across all thresholds), and area under the Precision-Recall curve
(AUC-PR, more informative forimbalanced datasets).

C. Baseline Models
a) Logistic Regression

Logistic regression was implemented using L2 regularization to prevent overfitting, handling class imbalance with class
weights. Despite its simplicity, logistic regression provided a benchmark for comparingmore complex models.

b) Random Forests

Random forests were implemented as an ensemble of decision trees with bootstrap aggregation, tuning parameters such
as the number of trees and maximum depth. This model leveraged the power of multiple treesto improve predictive accuracy and
control overfitting.

¢) Support Vector Machines (SVMs)
Support vector machines were implemented using a radial basis function (RBF) kernel and applied class weights to
address imbalance. SVMs aimed to find the optimal hyperplane that maximizes the margin betweenclasses.

D. Results

a) Latency Analysis

Latency analysis revealed that the average processing time per transaction was 50 milliseconds for CNNs, 70 milliseconds
for RNNs (LSTMs), and 100 milliseconds for GNNs. Throughput was 20 transactions per second for CNNs, 14 transactions per
second for RNNs, and 10 transactions per second for GNNs. Memory consumption was moderate for CNNs due to smaller model
size, higher for RNNs due to sequence processing, and highest for GNNs due to graph structures and computations.
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b) Baseline Model Performance

Model PrecisionRecall| Fi- | AUC- | AUC

Score | ROC -PR

Logistic Regression 0.65 0.70 | 0.67 | 0.75 0.30
Random Forests 0.72 0.75 | 0.73 | 0.80 0.40

Support Vector Machines| o0.70 |0.68 | 0.69 | 0.78 0.35
(SVMs)

¢) Deep Learning Model Performance

Model PrecisionRecall Fi1- | AUC- AUC
Score | ROC -PR
Logistic 0.65 |o0.70| 0.67 | 0.75 0.30
Regression
Random 0.72 0.75 | 0.73 | 0.80 0.40
[Forests
Support Vector Machines| 0.70 0.68 | 0.69 | 0.78 0.35
(SVMs)

E. Analysis
a) Accuracy Improvement

Deep learning models achieved significantly higher precision and recall compared to baseline models. GNNs outperformed
other models, particularly in detecting complex fraud patterns involving networks of fraudulententities. The superior performance
can be attributed to the models' ability to automatically learn complex feature representations and interactions indicative of
fraudulent activities.

b) Trade-offs Between Models

The choice of model depends on the specific requirements of the financial institution. CNNs offer a good balance between
accuracy and processing speed, making them suitable for systems where latency is critical. RNNs excel in capturing temporal
patterns in transaction sequences, with slightly higher latency but acceptable for near real-time applications. GNNs provide the
highest accuracy due to their ability to model relational data but have higher computational requirements and latency,
necessitating optimization forreal-time deployment.

¢) Impact of Imbalanced Data Handling

Models trained with resampling techniques and cost- sensitive learning demonstrated improved recall withouta significant
drop in precision. Utilizing appropriate evaluation metrics, such as AUC-PR, provided a more accurate assessment of model
performance onimbalanced datasets, highlighting the importance of addressing class imbalance in fraud detection.

V. DISCUSSION
A. Interpretation of Results
The results indicate that deep learning models, particularly GNNs, significantly enhance fraud detection accuracy
compared to traditional machine learning models. Hierarchical feature learning in CNNs and temporal pattern recognition in
RNNs contribute to their effectiveness. The choice of model should be guided by specific operational constraints and fraud
characteristics, balancing accuracy with processing time to meetreal-time detection requirements.

B. Implementation Challenges

Implementation challenges include ensuring high-quality, representative datasets for training, which may require
collaboration between financial institutions and raises legal and privacy concerns. Deploying deep learning models, especially
GNNs, requires significant computational power, necessitating investment in infrastructure or cloud-based solutions. Balancing
model complexity with the need for low-latency processing is critical, and techniques like model pruning, quantization, and
hardware acceleration can mitigate latency issues. Integrating these models with existing systems requires compatibility with
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legacy systems and minimal disruption during deployment, which can be facilitated through API-based integrations and modular
architectures.
C. Ethical and Privacy Considerations

Ethical and privacy considerations are paramount. Compliance with data protection regulations requires careful handling
of customer data, and techniques like differential privacy and federated learning can enhance privacy while allowing model
training. Models may inadvertently learn biases present in historical data, leading to unfair treatment of certain customer groups;
regular audits and inclusion of fairness constraints in model training are necessary to mitigate bias. Implementing explainable Al
techniques can improve transparency and trust in the system, addressing concerns about the "black box" nature of deep learning
models.

D. Comparison with Related Work

The results align with findings from prior studies that demonstrate the potential of deep learning in fraud detection. This
research extends previous work by providing a comprehensive comparison of different deep learning architectures and their
suitability for real-time applications, offering practical insights into the trade-offs between model accuracy and computational
efficiency.

VI. CONCLUSION
Deep learning models, particularly GNNs, significantly enhance fraud detection accuracy compared to traditional machine
learning models. With appropriate optimizations, these models can meet the latency requirements of real-time fraud detection
systems. Balancing accuracy with processing time is necessary, and the choice of model should be guided by specific operational
constraints and fraud characteristics.

This paper provided an in-depth analysis of CNNs, RNNs, and GNNs for fraud detection on large-scale datasets, proposeda
practical framework for deploying deep learning models in real-time financial systems, and demonstrated effective techniques
for managing class imbalance in fraud detection datasets.

Future work includes exploring advanced techniques such asknowledge distillation to create smaller, faster models without
significant loss in accuracy. Investigating neural architecture search to automatically design efficient model architectures can
further optimize performance. Developing ensemble methods to combine multiple models, leveraging their individual strengthsto
improve overall performance, is another promising direction. Implementing online or incremental learning methods to update
models continuously with new data and utilizing reinforcement learning to adaptively adjust detection strategies based on
feedback are also areas for future research. Researching secure multi-party computation and federated learning could enable
collaboration between institutions without compromising data privacy.

VII. REFERENCES

[1] Jurgovsky, J., Granitzer, M., Ziegler, K., Calabretto, S., Portier, P. E., He- Guelton, L., & Sebban, M. (2018). Sequence classification for
credit-cardfraud detection. Expert Systems with Applications, 100, 234-245.

[2] Building Scalable MLOps: Optimizing Machine Learning Deployment and Operations, Naveen Edapurath Vijayan, DOI:
10.55041/JSREM37784.

[3] Fiore, U., De Santis, A., Perla, F., Zanetti, P., & Palmieri, F. (2019). Using generative adversarial networks for improving classification
effectivenessin credit card fraud detection. Information Sciences, 479, 448-455.

[4] Carcillo, F., Dal Pozzolo, A., Le Borgne, Y. A., Caelen, O., Mazzer, Y. M., & Bontempi, G. (2018). Scarff: A scalable framework for
streaming credit card fraud detection with Spark. Information Fusion, 41, 182-194.

[s] Bahnsen, A. C., Aouada, D., & Ottersten, B. (2016). Example-dependent cost-sensitive logistic regression for credit card fraud detection.
2016 12thInternational Conference on Machine Learning and Data Mining (MLDM), 261-275.

[6] Randhawa, K., Verma, A. K., Mittal, M., Majumdar, S., & Kumar, N. (2018). Credit card fraud detection using AdaBoost and majority
voting. IEEE Access, 6, 14277-14284.

[71 Chen, C, Li, H, Sun, Q., Xia, S., & Wang, J. (2020). A Gated Recurrent Unit approach for credit card fraud detection. Journal of Physics:
Conference Series, 1486(2), 022006.

[8] Wang, S., & Yan, Y. (2019). Credit card fraud detection algorithm based on GBDT and data imbalance processing. 2019 IEEE gth
International Conference on Electronics Information and Emergency Communication (ICEIEC), 116-119.

[o] Zhang,]., & Han, X. (2019). Deep learning-based detection model for financial fraud using transaction data. I[EEE Access, 7, 54333-54341.

[10] Zheng, L., Cai, Y., & Zheng, L. (2018). A novel ensemble learning approach for credit card fraud detection based on feature selection and
data balancing. 2018 IEEE 4th International Conference on Computer and Communications (ICCC), 1925-1930.

[11] Liu, X., Chen, J., & Zhu, Y. (2019). Understanding data imbalance and its effect on performance metrics in credit card fraud detection.

180



[12]
[13]
[14]
[15]
[16]

[17]

Naveen Edapurath Vijayan / ESP IJACT, 2(1), 175-181, 2024

Information Systems Frontiers, 21(5), 965-979.

Abdallah, A., Maarof, M. A., & Zainal, A. (2016). Fraud detection system: A survey. Journal of Network and Computer Applications, 68, 90-
113.

Dal Pozzolo, A., Caelen, O., Le Borgne, Y. A., Waterschoot, S., & Bontempi, G. (2014). Learned lessons in credit card fraud detection from a
practitioner perspective. Expert Systems with Applications, 41(10), 4915-4928.

Srivastava, A., Kundu, A., Sural, S., & Majumdar, A. K. (2008). Credit card fraud detection using hidden Markov model. IEEE
Transactions on Dependable and Secure Computing, 5(1), 37-48.

Li, C.,, Zhang, Q., Jiang, J., & Xu, M. (2020). Enhancing credit card fraud detection via adversarial autoencoder. 2020 IEEE International
Conference on Communications, Control, and Computing Technologies for Smart Grids (SmartGridComm), 1-6.

Gao, J., Chia, D., & Bian, Y. (2020). Real-time fraud detection using graph neural networks and reinforcement learning. 2020 IEEE
International Conference on Big Data (Big Data), 5076-5082.

Zou, Y., Xu, M., & Liu, X. (2020). A graph attention network-based model for credit card fraud detection. IEEE Access, 8, 142502-142510.

181



