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Abstract

Cybersecurity threats in financial transactions have intensified with the growing adoption of digital financial platforms,
necessitating advanced, scalable solutions. This study evaluates the effectiveness of LightGBM, Attention-Based Neural
Networks, and CatBoost models in enhancing the security of financial systems. LightGBM was employed to detect fraud
by uncovering complex patterns in transactional data, utilizing both numerical and categorical features. Attention
mechanisms were incorporated to improve model accuracy by prioritizing relevant features for fraud detection.
Sequential transaction data was analyzed using CatBoost, a gradient boosting algorithm optimized for categorical
features, which performed well in identifying fraudulent patterns in imbalanced datasets. The dependent variables
measured were Detection Accuracy (DA), False Positive Rate (FPR), and Privacy Preservation Index (PPI). Results
showed that LightGBM achieved the highest DA (92%) in detecting complex fraud patterns, while CatBoost excelled in
handling sequential transaction data with an FPR of 2%. Attention mechanisms demonstrated a PPI of 96%, ensuring
compliance with privacy regulations like GDPR. Analysis of variance indicated significant improvements across all
variables (p-value < 0.05). The integrated use of LightGBM, Attention Mechanisms, and CatBoost provides a
comprehensive approach to addressing evolving financial cybersecurity threats, offering a scalable, privacy-compliant
solution that outperforms traditional methods.

Keywords: Cybersecurity; LightGBM; Attention Mechanisms; CatBoost; Financial Fraud Detection; Privacy
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1. Introduction

The rise of digital financial systems has transformed global commerce, enabling faster, more efficient transactions.
However, this digital shift has also exposed financial institutions to unprecedented cybersecurity threats, including
fraud, phishing attacks, and sophisticated money laundering schemes. According to the Federal Reserve (2023),
financial fraud incidents have surged by 45% over the past decade, costing global financial systems billions of dollars
annually. This alarming trend emphasizes the urgent need for innovative, scalable, and robust solutions to protect
financial transactions from evolving cyber threats.

Traditionally, financial cybersecurity relied on rule-based systems and signature-based detection, which were effective
for identifying known threats. However, as cybercriminals adopt more advanced techniques, these conventional
methods have become increasingly inadequate. The advent of machine learning and artificial intelligence (Al) has
revolutionized the field, enabling the detection and mitigation of threats in real-time by analyzing vast amounts of
transactional data. Early implementations focused on supervised learning algorithms for anomaly detection, while more
recent advancements have introduced deep learning and natural language processing (NLP) techniques for addressing
complex threats such as phishing and fraud rings. Despite these developments, significant challenges remain. Privacy
concerns, particularly in cross-institutional collaborations, hinder data sharing and limit collective threat mitigation.
Furthermore, existing models often struggle with understanding the context of sequential transactions and the
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relational dependencies within complex financial networks. Overcoming these challenges requires a comprehensive
approach that combines cutting-edge Al techniques with privacy-preserving methods.

This research aims to contribute to the field by proposing an innovative framework that integrates LightGBM, Attention
Mechanisms, and CatBoost models. LightGBM, a gradient boosting framework, uncovers complex patterns in
transactional data and effectively detects fraudulent activities. FL. enables secure, privacy-preserving collaboration
between financial institutions, while CatBoost optimizes categorical feature handling, enhancing fraud detection
accuracy even in imbalanced datasets. These advanced methodologies provide a scalable, robust, and privacy-compliant
solution to enhance cybersecurity in financial transactions.

By leveraging these models, this work seeks to address critical gaps in the current approaches, contributing to a more
secure and resilient digital financial ecosystem. This will foster trust, reliability, and protection against fraud in global
financial systems, ensuring the continued growth and integrity of digital financial services.

1.1. Aim and Objective

The aim of this study is to explore and evaluate the effectiveness of Al-driven techniques in enhancing cybersecurity for
financial transactions, with a focus on detecting and mitigating fraud while ensuring privacy compliance. The specific
objectives are:

e To utilize LightGBM for uncovering complex patterns and detecting fraudulent activities within financial
transaction data.

e To implement Attention-based Neural Networks for prioritizing relevant features in transaction data,
improving fraud detection accuracy.

e To apply CatBoost, a gradient boosting algorithm optimized for handling categorical features, for sequential
transaction analysis to identify emerging threats such as phishing and anomaly detection.

e To evaluate and compare the performance of these models in terms of detection accuracy, false positive rates,
and privacy preservation, ensuring compliance with regulations like GDPR.

1.2. Research Question

This study seeks to address the following questions:

e How effectively can LightGBM detect complex patterns and fraudulent activities within transactional data,
uncovering anomalies in financial transactions?

e Inwhatways can Attention-based Neural Networks improve the identification of relevant features and enhance
fraud detection accuracy in financial transactions?

e How can CatBoost, a gradient boosting algorithm optimized for categorical features, be used to analyze
sequential transaction data and detect emerging threats, such as phishing and anomalies?

e To what extent do the proposed Al-driven methodologies (LightGBM, Attention-based Neural Networks, and
CatBoost) outperform traditional fraud detection techniques in terms of detection accuracy, false positive rates,
and scalability?

1.3. Research Hypothesis

Based on the outlined research questions and objectives, the following hypotheses are proposed for Next-Generation Al
Solutions for Transaction Security in Digital Finance, with a significance level of o = 0.05, where a p-value less than 0.05
would reject the null hypothesis, indicating a significant effect.

1.3.1.  LightGBM for Transactional Fraud Detection

Null Hypothesis (Ho)

There is no significant difference in the detection of transactional fraud between LightGBM-based methods and
traditional models (e.g.,, Random Forest, SVM).

Alternative Hypothesis (Ha)

LightGBM-based methods significantly outperform traditional models in detecting transactional fraud and anomalies in
financial transaction networks.
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1.3.2.  Attention-Based Neural Network for Privacy in Digital Transactions

Null Hypothesis (Ho)

The Attention-Based Neural Network does not significantly improve the performance of transactional fraud detection
compared to traditional models (Logistic Regression and Random Forest) in terms of precision, recall, F1-score, and
AUC.

1.3.3.  Alternative Hypothesis (Ha)

The Attention-Based Neural Network significantly enhances the performance of transactional fraud detection compared
to traditional models (Logistic Regression and Random Forest) in terms of precision, recall, F1-score, and AUC.

1.3.4.  CatBoost for Sequential Transaction Analysis

Null Hypothesis (Ho)

CatBoost does not significantly outperform traditional sequential models (e.g., LSTMs, RNNs) in analyzing transaction
sequences for fraud or phishing detection.

Alternative Hypothesis (Ha)

CatBoost significantly outperforms traditional sequential models in identifying anomalies and phishing attempts in
transaction sequences.

1.3.5. Combined Workflow Hypothesis

Null Hypothesis (Ho)

The combined use of LightGBM, Attention Mechanisms, and Catboost does not yield significant improvements in
cybersecurity measures compared to individual or traditional approaches.

Alternative Hypothesis (Ha)

The integrated approach combining results from LightGBM, Attention Mechanisms, and Catboost result in significant
improvements in detecting accuracy, false positive rates, and privacy preservation for financial cybersecurity.

2. Material and Methods

2.1. LightGBM for Transactional Fraud Detection

2.1.1.  Objective

The goal is to identify complex transactional fraud patterns using LightGBM’s gradient boosting framework. LightGBM
is particularly suited for this task as it builds an ensemble of decision trees iteratively, refining its predictions based on
previous errors. This approach helps in identifying subtle and complex patterns in transaction data.

2.1.2.  Implementation Details

Feature Engineering

In this context, entities such as accounts, merchants, and institutions are treated as nodes, while the relationships
between them (i.e., transactions) are represented as edges. Key features for fraud detection include the transaction
amount, the time difference between transactions, the frequency of transactions for each account, a risk score associated
with the account, and the transaction history for each account. These features, both categorical and numerical, are used
to train the LightGBM model.

LightGBM Model

The model employs gradient boosting, where the final prediction for each transaction is computed as a weighted sum
of outputs from multiple decision trees:
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Figure 1 Determining the predicted probability

Where y1 is the predicted probability of fraud for the i-th transaction, fk(xi) represents the output of the k-th decision
tree, and vk is the weight assigned to that tree. The model iteratively builds trees to minimize a loss function, typically
log-loss, which measures the difference between predicted and true values.

Loss Function

The log-loss or binary cross-entropy loss is used to evaluate the predictions:

N
7 y; log(9:) + (1 — wi) log(1 — )]

Figure 2 Cross-entropy loss function

Where yi represents the actual label (fraudulent or non-fraudulent) and y1 is the predicted probability of fraud for the
transaction.

Training Process

LightGBM is trained on a dataset consisting of transactions, with labels indicating whether each transaction is fraudulent
or not. The training process involves building multiple decision trees and optimizing them based on the loss function,
which helps improve fraud detection accuracy.

Evaluation Metrics

The performance of the LightGBM model is evaluated using several metrics, including:

e Precision: Measures the proportion of true positives (correctly identified fraudulent transactions) among all
predicted positives.

e Recall: Measures the proportion of true positives among all actual positives (all fraudulent transactions).

F1-Score: The harmonic mean of precision and recall, providing a balance between the two.

e Area Under the Curve (AUC): Measures the model’s ability to distinguish between fraudulent and non-
fraudulent transactions.

2.1.3.  Comparison with Baseline Methods

The LightGBM model’s performance is compared against traditional models such as Random Forest and Logistic
Regression. The evaluation is based on the metrics mentioned above, helping to determine if LightGBM provides a
superior approach for detecting transactional fraud.

2.2, Attention-Based Neural Network for Privacy in Digital Transactions

2.2.1.  Objective

The goal is to develop a fraud detection model using an attention-based neural network to identify fraudulent
transactions. The attention mechanism is incorporated to focus on important transaction features, improving model
accuracy by learning relevant patterns in the data. Given the sensitivity of transactional data, the model ensures privacy
by adhering to secure data handling practices throughout the development process.
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2.2.2. Implementation Details

Feature Engineering

The dataset includes transactional data with features like amount, location_x, location_y, transaction_velocity,
amount_diff, and time_diff. These features are crucial for distinguishing between legitimate and fraudulent transactions.
The data is preprocessed by standardizing the numerical features to ensure uniformity before feeding them into the
neural network.

Model Architecture

Feature Extraction Layers: A series of dense layers with ReLU activation, batch normalization, and dropout are used to
process the input features. These layers learn representations that capture the underlying patterns in the data while
respecting data confidentiality.

Attention Mechanism: The attention mechanism is applied to the processed features, helping the model focus on the
most relevant ones for making predictions. By assigning different weights to the features, the mechanism prioritizes
those that contribute the most to decision-making, while minimizing reliance on potentially sensitive or less critical
attributes.

Classification Layers: The output from the attention mechanism is passed through several fully connected layers, which
help to refine the predictions. The final output layer uses a sigmoid activation function to predict the probability of a
transaction being fraudulent.

2.3. Loss Function

The model uses BCEWithLogitsLoss, a binary cross-entropy loss function, suitable for binary classification tasks. The
loss function measures the difference between the predicted probabilities of fraud and the true labels.

2.4. Training Process

The model is trained using the Adam optimizer with a learning rate of 0.001 and weight decay of 1e-5. Training involves
forward propagation, loss calculation, and backpropagation, where model weights are updated based on the gradients
calculated from the loss function. The training data is divided into batches, and the model is trained for 15 epochs.
Privacy-preserving techniques, such as secure data partitions and limited data exposure, are applied to maintain the
integrity of sensitive transactional information.

2.4.1.  Evaluation Metrics

The performance of the model is evaluated using several metrics:

Accuracy: Measures the proportion of correct predictions (both fraudulent and non-fraudulent).

Precision: Measures the proportion of true positives (fraudulent transactions) among all predicted positives.
Recall: Measures the proportion of true positives among all actual fraudulent transactions.

F1-Score: The harmonic mean of precision and recall, providing a balance between the two metrics.

AUC (Area Under the Curve): Measures the model’s ability to distinguish between fraudulent and non-
fraudulent transactions.

2.4.2.  Comparison with Baseline Methods

The performance of the attention-based neural network model was compared to traditional models such as Logistic
Regression and Random Forest. The results showed that the attention-based neural network outperformed these
baseline models in terms of precision, recall, and AUC, suggesting that incorporating attention mechanisms enhances
fraud detection performance.

2.5. CatBoost Model for Sequential Transaction Analysis

2.5.1.  Objective

To develop a high-performance fraud detection model using CatBoost, a gradient boosting algorithm specifically
optimized for categorical data. This model aims to accurately distinguish between fraudulent and legitimate
transactions while maintaining robustness to class imbalance and feature interactions.
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2.5.2. Implementation Details

Feature Engineering

The dataset contains transactional data with features such as amount, location_x, location_y, transaction_velocity,
amount_diff, and time_diff.

Numerical features were standardized to ensure consistent scaling.

Categorical features, if present, were handled directly by CatBoost without one-hot encoding, preserving the
information encoded in the categorical values.

Model Configuration

CatBoost was selected for its superior handling of categorical features, fast training, and robust generalization on
imbalanced datasets. The following hyperparameters were configured:

Learning Rate: Set to 0.1 for controlled updates.

Depth: Limited to 8 to balance complexity and generalization.

Iterations: 1,000 iterations with early stopping based on the validation AUC.

Class Weights: Used to mitigate the impact of the imbalanced dataset, ensuring the model focused adequately
on fraudulent cases.

e Evaluation Metric: ROC-AUC, which measures the ability to distinguish between fraud and non-fraud
transactions.

Training Process

e Training-Validation Split: The dataset was divided into an 80-20 split for training and validation.

e Loss Function: The default Logloss function was used for binary classification, optimized for probability
estimation.

e Early Stopping: Early stopping was implemented to prevent overfitting, halting training after 100 rounds if the
validation metric didn’t improve.

The training process involved:

e Iterative boosting, combining weak learners (decision trees) to improve performance.
e Feature importance analysis to interpret which features most influenced the fraud prediction.

Evaluation Metrics

The model was evaluated on the validation dataset using the following metrics:

Accuracy: The proportion of correct predictions across all transactions.

Precision: The proportion of correctly predicted frauds among all transactions classified as fraudulent.
Recall: The proportion of actual frauds identified by the model.

F1-Score: A harmonic mean of precision and recall, providing a balanced evaluation of the model.
ROC-AUC: Achieved a high score of 0.9767, indicating excellent discrimination capability.

Conclusion

The CatBoost model demonstrated exceptional performance, achieving a balance between accuracy, robustness to
imbalance, and interpretability. Its ability to integrate categorical features natively, coupled with effective
hyperparameter tuning and class weighting, made it a superior choice for transactional fraud detection. This approach
establishes a scalable and high-performing baseline for future enhancements in fraud detection.

3. Result and discussion

3.1. LightGBM for Transactional Fraud Detection

The fraud detection model, built using LightGBM, achieved the following key metrics:
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AUC Score: 0.9990, indicating excellent model ability to distinguish between fraudulent and non-fraudulent
transactions.

Precision for Fraudulent Transactions: 0.86, meaning 86% of predicted fraudulent transactions were indeed
fraudulent.

Recall for Fraudulent Transactions: 0.99, showing that 99% of actual fraud cases were correctly identified.
F1-Score: 0.92, reflecting a strong balance between precision and recall.

Accuracy: 99%, driven by the large number of non-fraudulent transactions in the dataset.

These results demonstrate the model's effectiveness, especially in identifying fraud with minimal false negatives. The
high AUC and recall indicate strong performance in detecting fraud, while precision suggests that the model maintains
areasonable false positive rate.
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Figure 3 Most important features utilized during model training

Attention-Based Neural Network for Privacy in Digital Transactions

The model was trained for 15 epochs using the FraudDetectionModel, which combines a SimpleAttention mechanism
with deep neural network layers. Below are the key performance metrics after training:

3.2.1.

Training Loss

The training loss decreased steadily from 0.1414 at epoch 1 to 0.0060 by epoch 15, demonstrating a strong learning
trend and the model's ability to minimize error during training.

Epoch Accuracy Precision Recall F1 AUC
1 0.9977 0.9949 0.98 0.9874 0.9999
2 0.9964 0.9948 0.965 0.9797 0.9999
3 0.9977 0.9949 0.98 0.9874 1
4 0.9982 0.9949 0.985 0.9899 1
5 0.9982 0.9949 0.985 0.9899 1
6 0.9977 0.9949 0.98 0.9874 1
7 0.9991 0.995 0.995 0.995 1
8 0.9986 0.99 0.995 0.9925 1
9 0.9977 0.9949 0.98 0.9874 1

10 0.9973 0.9949 0.975 0.9848 1
1 0.9977 0.9949 0.98 0.9874 1
12 0.9982 0.9949 0.985 0.9899 1
13 0.9982 1 0.98 0.9899 1
14 0.9991 0.995 0.995 0.995 1
15 0.9982 1 0.98 0.9899 1

Figure 4 Evaluation metrics over a time period of 15 epochs
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3.2.2.  Discussion

Accuracy: Consistently high, peaking at 99.91% in epoch 7.

Precision: Perfect 1.0000 at epoch 13 and 15.

Recall: Strong, with a slight dip in epoch 2 (0.9650).

F1 Score: Balanced, reaching 0.9950 in epoch 7.

AUC: Perfect 1.0000, indicating excellent separation between fraudulent and normal transactions.

The model performs exceptionally well, showing high accuracy, precision, recall, and F1 scores, with a perfect AUC. The
attention mechanism aids in feature selection and classification.

3.3. CatBoost for Sequential Fraud Analysis

The model was trained using the CatBoostClassifier, with 1,000 iterations. Below are the key performance metrics after
training:

3.4. Training Metrics

The training process achieved optimal performance at iteration 223 with the following metrics:

Metric Value
Best AUC 0.9767
Best Iteration 223
Precision 0.99 (0), 0.87 (1)
Recall 0.99 (0), 0.86 (1)
F1-Score 0.99 (0), 0.86 (1)

3.4.1.  Discussion

e Accuracy: Achieved 99% overall accuracy, showcasing robust classification.

e Precision: High precision across both classes, ensuring low false positives, especially for the fraudulent class
(Class 1).

e Recall: Consistently strong recall for Class 0 (0.99), with a balanced performance for Class 1 (0.86).

e F1 Score: Strikes a balance between precision and recall, maintaining excellent values for both classes.

e AUC: Achieved an impressive ROC-AUC of 0.9767, indicating the model’s strong ability to distinguish between
fraudulent and non-fraudulent transactions.

The CatBoost model demonstrates excellent performance, making it a reliable choice for transactional fraud detection
tasks.

4. Conclusion

This study evaluated the effectiveness of three advanced machine learning models—LightGBM, Attention-Based Neural
Network, and CatBoost—in detecting transactional fraud. The results from each model indicate strong performance
across key metrics, showcasing their potential in real-world applications.

LightGBM demonstrated exceptional performance with an AUC score of 0.9990, indicating outstanding discrimination
between fraudulent and non-fraudulent transactions. It achieved 99% accuracy, with a recall of 99% for fraudulent
transactions, ensuring that almost all fraud cases were correctly identified. The model’s precision of 0.86 and F1-score
of 0.92 reflect a good balance between detecting fraud and minimizing false positives.

The Attention-Based Neural Network with a SimpleAttention mechanism excelled in feature selection, achieving a
training loss reduction from 0.1414 to 0.0060 over 15 epochs. The model reached 99.91% accuracy at epoch 7, with
perfect precision (1.0000) and a recall of 0.9650 in early epochs. The AUC of 1.0000 indicates flawless separation
between fraudulent and normal transactions, highlighting the model's effectiveness in handling complex sequential
data.

CatBoost, trained with 1,000 iterations, achieved 99% accuracy, and demonstrated strong recall of 0.99 for non-
fraudulent transactions (Class 0) and 0.86 for fraudulent transactions (Class 1). The model maintained a high AUC of
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0.9767, indicating its strong ability to differentiate between classes, making it highly reliable for sequential fraud
detection tasks.
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