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Abstract:
Objectives: This study aims to compare the performance of traditional Machine Learning (ML) models and Deep Learning (DL) architectures—specifically an Adaptive LSTM model—for credit card fraud detection under balanced and imbalanced data conditions. Study Location: The study was conducted using the publicly available anonymized credit card fraud dataset hosted on Kaggle. Methodology: The dataset underwent preprocessing including verification of data integrity, feature standardization using StandardScaler, and reshaping into 3D tensors for DL architectures. Two dataset versions were used: a balanced dataset and a highly imbalanced version reflecting real‑world fraud distribution. Controlled undersampling was applied to address imbalance, and five models—Logistic Regression, XGBoost, RNN, LSTM, and Adaptive LSTM—were trained and evaluated using accuracy, precision, recall, F1‑score, and confusion matrices. Results: XGBoost achieved near‑perfect performance on the balanced dataset and maintained strong fraud‑detection capability under imbalance. Standard RNN and LSTM models performed exceptionally well on balanced data but exhibited sharp declines in recall and F1‑score when exposed to imbalanced conditions. The Adaptive LSTM model demonstrated superior robustness, achieving higher recall and F1‑scores compared to other DL models on imbalanced data. Recommendations: Future studies should explore real‑time deployment of Adaptive LSTM models and investigate additional adaptive optimization techniques to further improve fraud detection performance. Keywords: fraud detection, machine learning, deep learning, adaptive LSTM, Kaggle dataset
1. Introduction: 
The rapid expansion of electronic payment systems and digital financial services has significantly transformed the global financial landscape. Credit cards, in particular, have become one of the most widely used payment instruments due to their convenience, speed, and accessibility. However, this widespread adoption has been accompanied by a substantial increase in fraudulent activities, posing serious financial and operational risks to banks, merchants, and customers. According to recent industry reports, global losses caused by credit card fraud amount to billions of dollars annually, with projections indicating continued growth as transaction volumes and digital payment channels expand. These escalating losses highlight the urgent need for robust and intelligent fraud detection systems capable of identifying suspicious activities accurately and efficiently.
Detecting credit card fraud is inherently challenging due to the extreme imbalance between legitimate and fraudulent transactions. In real-world datasets, fraudulent transactions typically represent less than 5% of total transactions and, in many cases, account for less than 1%. This severe class imbalance causes most predictive models to become biased toward the majority class, leading to deceptively high accuracy values while failing to identify rare fraud cases. Consequently, fraud detection systems that rely solely on accuracy as a performance measure often suffer from high false negative rates, allowing fraudulent transactions to go undetected. For this reason, evaluation metrics such as recall and F1 score are considered more appropriate and critical in fraud detection applications, as they directly reflect a model’s ability to identify fraudulent behavior.
Traditional Machine Learning (ML) techniques have been extensively applied to credit card fraud detection due to their simplicity, interpretability, and computational efficiency. Models such as Logistic Regression and tree-based ensemble methods, including XGBoost, have demonstrated strong performance when applied to structured transactional data. Logistic Regression provides a transparent and interpretable decision boundary, making it suitable for regulatory environments, while XGBoost effectively captures non-linear relationships and complex feature interactions. Despite their effectiveness, these models treat each transaction as an independent observation, thereby ignoring the temporal and sequential nature of customer behavior. This limitation restricts their ability to capture evolving fraud patterns that emerge over time.
To overcome these limitations, Deep Learning (DL) models have gained increasing attention in fraud detection research. Recurrent Neural Networks (RNN) and Long Short-Term Memory (LSTM) architectures, in particular, are designed to model sequential data and learn temporal dependencies across transaction sequences. By retaining information from previous transactions, LSTM networks can capture behavioral patterns that are difficult to detect using traditional ML models. This capability makes DL models especially suitable for identifying sophisticated fraud strategies that evolve gradually or exhibit subtle temporal characteristics. However, despite their theoretical advantages, standard RNN and LSTM models often experience significant performance degradation when trained on highly imbalanced datasets, as the learning process becomes dominated by the majority class.
Recent studies have highlighted the need for adaptive learning mechanisms to enhance deep learning performance in imbalanced classification problems. Adaptive optimization strategies, such as learning rate scheduling, aim to improve convergence behavior and increase model sensitivity to minority class instances. By dynamically adjusting the learning rate during training, these methods help deep learning models escape suboptimal solutions and better capture rare fraud patterns. Nevertheless, the application of adaptive learning techniques in credit card fraud detection remains limited, and few studies provide a comprehensive comparison between traditional ML models, standard DL architectures, and adaptive DL approaches under both balanced and imbalanced data conditions.
In light of these challenges, this study proposes a comparative analysis of Machine Learning and Deep Learning models for credit card fraud detection, with a particular focus on an Adaptive LSTM architecture. The research evaluates Logistic Regression, XGBoost, RNN, LSTM, and Adaptive LSTM models using both balanced and highly imbalanced datasets that reflect real-world fraud distributions. By examining model performance across multiple evaluation metrics, including recall and F1 score, the study aims to highlight the limitations of conventional approaches and demonstrate the added value of adaptive learning strategies in improving rare fraud detection.
The primary contribution of this research lies in providing a structured and empirical comparison between ML, DL, and adaptive DL models under controlled experimental conditions. Unlike previous studies that focus on a single modeling approach or dataset configuration, this work systematically assesses how different model families respond to class imbalance and adaptive optimization. The findings of this study offer practical insights for financial institutions seeking reliable fraud detection solutions and contribute to the growing body of research on adaptive deep learning techniques for imbalanced classification problems.
2. Research Problem:
Credit card fraud represents a persistent and growing challenge for financial institutions, driven by the increasing volume of digital transactions and the evolving sophistication of fraudulent behaviors. One of the most critical difficulties in fraud detection lies in the extreme imbalance between legitimate and fraudulent transactions, where fraud cases constitute only a very small fraction of the overall data. This imbalance causes many Machine Learning (ML) and Deep Learning (DL) models to favor the majority class, leading to high overall accuracy but poor detection of fraudulent transactions, which are often misclassified as legitimate. As a result, false negative rates remain unacceptably high, allowing fraudulent activities to go undetected and causing significant financial losses.
Although traditional ML models such as Logistic Regression and advanced ensemble methods like XGBoost have demonstrated strong performance on structured transactional data, they typically treat each transaction as an independent instance and do not capture temporal dependencies in customer behavior. On the other hand, Deep Learning models—particularly Recurrent Neural Networks (RNN) and Long Short-Term Memory (LSTM) architectures—are capable of modeling sequential patterns and behavioral trends over time. However, existing studies indicate that standard RNN and LSTM models often experience substantial performance degradation when trained on highly imbalanced datasets, limiting their effectiveness in real-world fraud detection scenarios.
Furthermore, many previous studies evaluate fraud detection models under either balanced or artificially modified datasets, without providing a comprehensive comparison across both balanced and imbalanced conditions using consistent evaluation metrics. In addition, limited attention has been given to adaptive learning strategies that may enhance deep learning model sensitivity to rare fraud cases.
Accordingly, the central research problem addressed in this study can be formulated as follows:
How can Machine Learning and Deep Learning models—particularly an Adaptive LSTM architecture—improve the detection of rare credit card fraud cases under both balanced and highly imbalanced data conditions, while maintaining reliable generalization performance?


3. Importance of the Study:
From a scientific perspective, the research contributes to existing literature by providing a structured comparative evaluation of traditional Machine Learning (ML) models and Deep Learning (DL) architectures under both balanced and highly imbalanced data conditions. By systematically analyzing model performance across different dataset distributions, the study highlights how class imbalance directly influences key evaluation metrics, particularly recall and F1 score, which are critical for fraud detection tasks. In addition, the study introduces an Adaptive LSTM model that incorporates learning rate scheduling as an adaptive optimization strategy, offering empirical evidence on how adaptive learning mechanisms can enhance deep learning sensitivity to rare fraud cases.
From a practical perspective, the findings of this study offer valuable insights for financial institutions, payment service providers, and fraud analytics teams seeking reliable and efficient fraud detection solutions. By identifying the strengths and limitations of various ML and DL models, the research supports informed decision-making regarding model selection and deployment in real-world financial environments. Improved detection of fraudulent transactions can significantly reduce financial losses, enhance customer trust, and strengthen the overall security of digital payment systems. Furthermore, the results of this study provide practical guidance for deploying fraud detection models in imbalanced data environments, which closely resemble real operational conditions.

4. Study Objectives:
The primary objective of this study is to evaluate and compare the effectiveness of Machine Learning and Deep Learning models for credit card fraud detection under different data distribution scenarios. Specifically, the study aims to achieve the following objectives:
1. To compare the performance of selected ML models and DL models when trained and tested on both balanced and highly imbalanced datasets.
2. To evaluate the impact of controlled undersampling techniques on model performance, with particular emphasis on recall and F1 score.
3. To examine the limitations of standard RNN and LSTM architectures in detecting rare fraud cases under severe class imbalance conditions.
4. To introduce an Adaptive LSTM model based on learning rate scheduling and assess its effectiveness in improving fraud detection sensitivity compared to standard deep learning models.
5. To provide a comprehensive comparative summary that identifies the most effective fraud detection approach among the evaluated models and highlights practical implications for real-world deployment.


5. Theoretical Literature of the Study:
Machine Learning (ML) models have been widely applied in credit card fraud detection due to their stability, interpretability, and effectiveness in handling structured transactional data. Logistic Regression is among the most commonly used techniques, as it offers a simple and transparent linear decision boundary that supports explainability and regulatory compliance. However, its linear nature limits its ability to capture complex and non-linear fraud patterns. To overcome these limitations, ensemble-based models such as XGBoost have gained significant attention. XGBoost employs gradient boosting to construct a sequence of decision trees that progressively improve prediction accuracy by modeling complex feature interactions. As a result, it has consistently demonstrated strong performance in fraud detection tasks involving high-dimensional and noisy financial datasets.
Despite their effectiveness, traditional ML models generally treat each transaction as an independent instance and fail to capture the temporal evolution of user behavior. This limitation reduces their ability to detect sophisticated fraud strategies that unfold across multiple transactions. To address this challenge, Deep Learning (DL) models have been increasingly adopted in fraud detection research. Recurrent Neural Networks (RNNs) and Long Short-Term Memory (LSTM) networks are specifically designed to process sequential data by retaining information from previous time steps. LSTM models, in particular, introduce memory cells and gating mechanisms that enable them to learn long-term dependencies and mitigate the vanishing gradient problem, making them suitable for modeling transaction sequences.
However, despite their theoretical advantages, standard RNN and LSTM models often suffer from performance degradation when applied to highly imbalanced datasets. In fraud detection scenarios, the dominance of legitimate transactions biases the training process toward the majority class, resulting in reduced sensitivity to rare fraudulent events. This issue typically manifests as lower recall and higher false negative rates, which are unacceptable in practical fraud detection systems.
Class imbalance remains one of the most critical challenges in credit card fraud detection. In real-world financial data, fraudulent transactions account for only a small fraction of the total volume, causing many learning algorithms to prioritize majority class patterns. Various strategies have been proposed to address this problem, including undersampling, oversampling, and synthetic data generation techniques such as SMOTE. While oversampling methods may introduce noise or overfitting, undersampling reduces computational complexity but risks discarding potentially informative legitimate transactions. In parallel, evaluation metrics such as recall and F1 score have been emphasized as more appropriate indicators of model performance than accuracy, as they directly measure the ability to detect fraud cases.
Adaptive learning strategies have emerged as promising solutions to enhance deep learning performance in imbalanced classification problems. Learning rate scheduling dynamically adjusts the learning rate during training, allowing models to achieve better convergence and improved sensitivity to minority class patterns. By refining weight updates during later training stages, adaptive learning mechanisms help deep learning models escape suboptimal solutions dominated by majority class behavior. These theoretical considerations justify the selection of ML models, DL architectures, and the Adaptive LSTM approach examined in this study.

6. Review of Previous Studies:
Previous studies on credit card fraud detection have extensively explored the use of Machine Learning and Deep Learning techniques in response to the rapid growth of digital financial transactions and the increasing sophistication of fraud schemes. Early research primarily focused on traditional ML models such as Logistic Regression, Decision Trees, Random Forest, and Gradient Boosting. These studies consistently report that tree-based ensemble models, particularly XGBoost, achieve strong predictive performance due to their ability to capture non-linear relationships and handle structured financial data effectively.
A substantial body of literature has also examined techniques for addressing class imbalance, including undersampling, oversampling, and synthetic data generation methods. Findings from these studies indicate that class imbalance significantly affects model performance, especially recall and F1 score, with minority fraud cases often being misclassified as legitimate transactions. Although some resampling techniques improve detection rates, imbalance remains a persistent challenge in fraud detection research.
More recent studies have investigated the application of Deep Learning models, particularly RNNs and LSTMs, to model sequential transaction behavior. These studies generally conclude that LSTM architectures outperform traditional ML models when temporal dependencies play a critical role. Nevertheless, existing literature also highlights a major limitation: standard LSTM models frequently fail to detect rare fraud instances when trained on highly imbalanced datasets, leading to elevated false negative rates.
While some research has proposed adaptive learning strategies or cost-sensitive approaches to mitigate this limitation, the reported improvements are often partial and inconsistent. Moreover, few studies provide a comprehensive and systematic comparison between traditional ML models, standard DL architectures, and adaptive DL approaches under both balanced and imbalanced data conditions using consistent evaluation metrics. This gap underscores the need for the present study, which evaluates Logistic Regression, XGBoost, RNN, LSTM, and Adaptive LSTM models under controlled experimental settings. By addressing this gap, the study contributes to existing literature by demonstrating the role of adaptive optimization in improving deep learning performance for rare credit card fraud detection.
7. Methodology:
Study Type
This research employs a quantitative, experimental, comparative research design aimed at evaluating and contrasting the performance of multiple Machine Learning (ML) and Deep Learning (DL) models for credit card fraud detection. The study focuses on assessing model behavior under different data distribution scenarios, including balanced and highly imbalanced datasets, in order to provide an objective comparison of detection effectiveness across various modeling approaches.
The experimental design allows for systematic control of preprocessing steps, sampling strategies, and evaluation metrics, ensuring fairness and consistency across all tested models. By adopting a comparative framework, the study highlights performance differences between traditional ML models, standard DL architectures, and an Adaptive LSTM model, with particular emphasis on their ability to detect rare fraudulent transactions.
Study Boundaries
The study boundaries are defined as follows:
· Subject Boundaries: Detection and classification of legitimate and fraudulent credit card transactions.
· Spatial Boundaries: The dataset used in this study was obtained from a publicly available source (Kaggle), allowing for transparency and reproducibility.
· Temporal Boundaries: Model training and evaluation were conducted in a controlled experimental environment during 2025.
Population and Sample
The study population consists of anonymized credit card transaction records. Two dataset configurations were used in the experimental analysis:
· A balanced dataset containing an equal number of legitimate and fraudulent transactions.
· A highly imbalanced dataset reflecting real-world fraud distribution, with fraudulent transactions representing approximately 3% of the total data.
Data Splitting Strategy
The dataset was divided into training and testing sets using a 70/30 split ratio, where 70% of the data was allocated for model training and 30% was reserved for testing and evaluation. This splitting strategy was applied consistently across both balanced and imbalanced dataset versions to ensure fair and unbiased comparison. A fixed random seed was used during data splitting to enhance reproducibility.
Study Tool
The study utilized supervised classification models categorized as follows:
· Machine Learning models: Logistic Regression and XGBoost
· Deep Learning models: Recurrent Neural Network (RNN) and Long Short-Term Memory (LSTM)
· Adaptive Deep Learning model: Adaptive LSTM incorporating learning rate scheduling
The experimental implementation was carried out using Python-based libraries, including NumPy, Pandas, Scikit-learn, and TensorFlow/Keras.

Procedures Followed
The experimental procedures consisted of the following steps:
1. Data acquisition from the publicly available Kaggle credit card fraud dataset.
2. Data inspection to ensure dataset integrity and the absence of missing values.
3. Feature scaling using StandardScaler, applied to the transaction amount feature.
4. Data reshaping into three-dimensional tensors of the form (samples, 1, features) for deep learning model training.
5. Handling class imbalance by creating a dataset with approximately 3% fraudulent transactions using controlled undersampling.
6. Model training for ML and DL models on both balanced and imbalanced datasets.
7. Application of learning rate scheduling during training of the Adaptive LSTM model.
8. Model evaluation using multiple performance metrics.
Measures Used
Model performance was evaluated using the following metrics:
· Accuracy: Measures overall classification correctness.
· Precision: Indicates the model’s ability to minimize false positives.
· Recall: Measures the ability to correctly identify fraudulent transactions and is considered the most critical metric in fraud detection.
· F1 Score: Provides a balanced evaluation by combining precision and recall.
· Confusion Matrix: Offers a detailed view of classification outcomes.
Validity and Reliability
	To ensure the validity and reliability of the experimental results, several measures were implemented:
· Internal Validity: Maintained through consistent preprocessing, sampling strategies, and evaluation procedures across all models.
· Reliability: Ensured by using fixed random seeds and repeating experiments to confirm stability of results.
· Measurement Reliability: Achieved by employing standard evaluation metrics widely accepted in fraud detection research.

8. Results:
As shown in Table (1), both Logistic Regression and XGBoost achieved exceptionally high performance on the balanced dataset, with accuracy, precision, recall, and F1 score values exceeding 0.99. XGBoost slightly outperformed Logistic Regression across all metrics, confirming the effectiveness of ensemble-based models in capturing complex patterns when class distribution is balanced.
Similarly, the results presented in Table (3) indicate that Deep Learning models performed extremely well under balanced conditions. Both RNN and LSTM models achieved near-perfect performance, with the LSTM model marginally outperforming the RNN. This result highlights the capability of sequential deep learning models to learn transaction patterns effectively when sufficient fraud samples are available during training.
Overall, the balanced dataset results demonstrate that both ML and DL models can achieve very high detection accuracy when class imbalance is not a limiting factor.
Results on Imbalanced Dataset
The performance differences among models became more pronounced when evaluated on the imbalanced dataset reflecting real-world fraud distribution, as shown in Tables (2), (4), and (5). In the case of ML models (Table 2), Logistic Regression experienced a noticeable decline in recall and F1 score, indicating reduced sensitivity to minority fraud cases. In contrast, XGBoost maintained strong performance, achieving a recall and F1 score of approximately 0.99, confirming its robustness under imbalanced conditions.
Deep Learning models showed a sharper performance degradation under imbalance, as illustrated in Table (4). Both RNN and LSTM models suffered reductions in recall and F1 score, with the RNN exhibiting the weakest performance. Although the LSTM model outperformed the RNN, its recall remained lower than that of XGBoost, suggesting that standard deep learning architectures are highly sensitive to class imbalance when trained without adaptive optimization strategies.
The results of the Adaptive LSTM model, presented in Table (5), demonstrate a significant improvement compared to standard DL models. The Adaptive LSTM achieved a recall of 0.983 and an F1 score of 0.984 on the imbalanced dataset, indicating superior robustness in detecting rare fraudulent transactions. This improvement can be attributed to the application of learning rate scheduling, which enhanced the model’s ability to converge and adapt to minority class patterns.
Comparative Analysis
The comparative summary in Table (6) provides a consolidated view of all models under imbalanced conditions. XGBoost emerged as the best-performing ML model, achieving the highest recall and F1 score among traditional approaches. Among Deep Learning models, the Adaptive LSTM clearly outperformed standard RNN and LSTM architectures, demonstrating the effectiveness of adaptive learning strategies in addressing class imbalance.
These findings confirm that while traditional ML models—particularly XGBoost—remain highly competitive for fraud detection tasks, adaptive deep learning techniques offer a promising direction for improving fraud detection sensitivity, especially in scenarios characterized by extreme class imbalance.

Table (1): Performance of ML Models on Balanced Dataset
	Model
	Accuracy
	Precision
	Recall
	F1‑Score

	Logistic Regression
	0.998
	0.998
	0.998
	0.998

	XGBoost
	0.999
	0.999
	0.999
	0.999







Table (2): Performance of ML Models on Imbalanced Dataset (3% Fraud, Undersampling)

	Model
	Accuracy
	Precision
	Recall
	F1‑Score

	Logistic Regression
	0.954
	0.960
	0.950
	0.950

	XGBoost
	0.989
	0.990
	0.990
	0.990



Table (3): Performance of DL Models on Balanced Dataset
	Model
	Accuracy
	Precision
	Recall
	F1‑Score

	RNN
	0.996
	0.996
	0.996
	0.996

	LSTM
	0.998
	0.998
	0.998
	0.998









	Table (4): Performance of DL Models on Imbalanced Dataset (3% Fraud, Undersampling)

	Model
	Accuracy
	Precision
	Recall
	F1‑Score

	RNN
	0.945
	0.950
	0.940
	0.940

	LSTM
	0.958
	0.960
	0.950
	0.950



Table (5): Performance of Adaptive LSTM on Imbalanced Dataset

	Model
	Accuracy
	Precision
	Recall
	F1‑Score

	Adaptive LSTM
	0.985
	0.986
	0.983
	0.984







Table (6): Comparative Summary of All Models on Imbalanced Dataset
	Model
	Recall
	F1‑Score
	Notes

	Logistic Regression
	0.95
	0.95
	Stable baseline performance

	XGBoost
	0.99
	0.99
	Best ML model

	RNN
	0.94
	0.94
	Weak under imbalance

	LSTM
	0.95
	0.95
	Better than RNN

	Adaptive LSTM
	0.983
	0.984
	Best DL model under imbalance



Interpretation of Results
The findings show that XGBoost provides the strongest performance among ML models across balanced and imbalanced datasets. Deep learning models performed well under balanced conditions, with LSTM outperforming RNN. However, both experienced noticeable degradation under imbalanced conditions due to sensitivity to minority class scarcity. The Adaptive LSTM model delivered significantly improved recall and F1‑score under imbalance, confirming the effectiveness of adaptive learning strategies in rare‑event detection.

9. Conclusion and Discussion of Results

The findings of this study demonstrate clear and consistent performance differences between Machine Learning (ML) models, standard Deep Learning (DL) architectures, and the Adaptive LSTM model when applied to credit card fraud detection under both balanced and imbalanced data conditions. The experimental results confirm that data distribution plays a critical role in determining model effectiveness, particularly in scenarios where fraudulent transactions represent a small minority of the dataset.

Traditional ML models exhibited strong and stable performance across both experimental settings. In particular, XGBoost consistently achieved the highest accuracy, recall, and F1 score among ML approaches, validating the effectiveness of gradient-boosted decision trees in modeling complex non-linear relationships within structured financial data. This result aligns with previous studies that identify XGBoost as a robust and reliable baseline model for fraud detection tasks. Logistic Regression, while offering simplicity and interpretability, demonstrated reduced sensitivity to minority fraud cases, especially under imbalanced conditions. This behavior is consistent with existing literature that highlights the limitations of linear classifiers in detecting rare and complex fraud patterns.


Deep Learning models showed mixed performance depending on data distribution. Under balanced conditions, both RNN and LSTM models achieved near-perfect results, with LSTM outperforming RNN due to its ability to capture long-term temporal dependencies in transaction sequences. These findings support prior research emphasizing the advantages of sequential deep learning models in capturing behavioral patterns over time. However, when evaluated on the imbalanced dataset, both models experienced substantial degradation in recall and F1 score. This decline indicates that standard DL architectures are highly sensitive to class imbalance, as the optimization process becomes dominated by the majority legitimate class, leading to increased false negative rates.

The Adaptive LSTM model demonstrated a notable improvement over standard deep learning architectures in imbalanced scenarios. By incorporating learning rate scheduling, the Adaptive LSTM achieved higher recall and F1 scores, indicating improved sensitivity to rare fraudulent transactions. This enhancement suggests that adaptive learning strategies can mitigate some of the adverse effects of class imbalance by allowing the model to converge more effectively and refine weight updates during later training stages. These results validate the study’s hypothesis that adaptive optimization improves deep learning robustness in rare event detection tasks.

From a broader perspective, the findings indicate that while traditional ML models—particularly XGBoost—remain highly competitive for fraud detection, adaptive deep learning approaches offer a promising complementary solution when temporal behavior modeling is required. The comparative analysis highlights that no single model universally outperforms others across all conditions; instead, model selection should be guided by data characteristics, operational constraints, and the importance of detecting rare fraudulent events. Overall, this study contributes empirical evidence supporting the integration of adaptive deep learning techniques into fraud detection systems operating under real-world imbalanced conditions.

10. Recommendations
Research recommendations are proposed.
From a practical perspective, financial institutions and payment service providers are encouraged to adopt Adaptive LSTM models in environments characterized by severe class imbalance, as these models demonstrated superior recall and F1 score compared to standard RNN and LSTM architectures. Improved detection of rare fraud cases can significantly reduce financial losses and enhance customer trust in digital payment systems.
XGBoost is recommended as a strong baseline Machine Learning model for operational fraud detection systems due to its consistent performance across both balanced and imbalanced datasets. Its robustness, scalability, and ability to capture complex feature interactions make it suitable for real-world deployment, particularly in scenarios where explainability and computational efficiency are required.
When training Deep Learning models on highly imbalanced financial datasets, controlled resampling strategies should be incorporated to improve minority class representation. However, these strategies should be applied carefully to avoid excessive information loss or overfitting. In addition, model evaluation should prioritize recall and F1 score rather than accuracy alone, as accuracy can be misleading in fraud detection contexts where the majority class dominates.
From a research perspective, future studies are encouraged to explore additional adaptive optimization techniques, such as cyclical learning rates, focal loss functions, or cost-sensitive learning approaches, to further enhance deep learning performance in imbalanced classification tasks. Investigating ensemble approaches that combine ML and adaptive DL models may also yield improved fraud detection performance.
Furthermore, future work should assess the real-time deployment of Adaptive LSTM models in streaming transaction environments. Such evaluation would provide insights into model latency, scalability, and resilience to concept drift, which are critical considerations in live fraud monitoring systems. Expanding the dataset by integrating multiple data sources or real banking transaction streams would also improve model generalization and external validity.

11. Limitations of the Study
Despite the contributions of this study, several limitations should be acknowledged. First, the research relies on a publicly available anonymized credit card fraud dataset obtained from Kaggle. Although this dataset is widely used in academic research and supports reproducibility, it may not fully reflect the complexity, scale, and dynamic behavior of real-world banking transaction systems.
Second, the study addressed class imbalance using controlled undersampling. While this approach improves model sensitivity to minority fraud cases and reduces computational complexity, it may lead to the loss of potentially informative legitimate transaction patterns. Alternative strategies such as hybrid resampling techniques or cost-sensitive learning approaches were not explored and could be investigated in future research.
Third, all models were trained and evaluated in an offline experimental environment. As a result, the performance of the proposed models—particularly the Adaptive LSTM—was not assessed under real-time or streaming transaction conditions, where challenges such as latency, concept drift, and evolving fraud strategies may affect detection performance.
Finally, it is important to note that most prior studies in credit card fraud detection have focused on either traditional Machine Learning models or standard Deep Learning architectures without incorporating adaptive learning mechanisms. Consequently, the lack of extensive comparative benchmarks involving Adaptive LSTM models limits direct comparison with existing literature. While this study demonstrates the effectiveness of adaptive learning through learning rate scheduling, broader evaluation against additional adaptive deep learning approaches remains an open direction for future research.

12. Practical Implications and Future Research Directions
The findings of this study have several important practical implications for financial institutions, payment service providers, and fraud analytics teams operating in real-world environments. The comparative results demonstrate that model performance varies significantly depending on data distribution and model architecture, emphasizing the need for careful model selection based on operational requirements. In environments where transaction data is highly imbalanced, relying solely on traditional accuracy-based evaluation can lead to misleading conclusions and increased financial risk.
From an operational perspective, the strong performance of XGBoost highlights its suitability as a reliable baseline model for large-scale fraud detection systems. Its ability to handle structured data efficiently, combined with strong recall and F1 score under imbalanced conditions, makes it a practical choice for institutions that prioritize scalability, interpretability, and fast inference. However, the results also indicate that Machine Learning models alone may be insufficient when fraud patterns exhibit temporal or behavioral dependencies across transaction sequences.
The Adaptive LSTM model provides important implications for organizations seeking to enhance fraud detection sensitivity in sequential transaction environments. By incorporating adaptive learning mechanisms, such as learning rate scheduling, the model demonstrated improved robustness in detecting rare fraud cases. This suggests that adaptive deep learning techniques can complement traditional ML approaches, particularly in advanced monitoring systems that analyze customer behavior over time. Financial institutions with sufficient computational resources may benefit from hybrid deployment strategies that combine ML models for real-time screening with adaptive DL models for deeper behavioral analysis.
In addition to practical implications, this study opens several directions for future research. Future studies may explore the integration of additional adaptive optimization techniques, including focal loss functions, cost-sensitive learning, or dynamic class weighting, to further enhance deep learning performance under extreme class imbalance. Investigating ensemble frameworks that combine ML and adaptive DL models could also improve overall detection accuracy and robustness.
Moreover, future research should evaluate the performance of Adaptive LSTM models in real-time or streaming transaction environments. Such evaluation would provide insights into deployment challenges related to latency, scalability, and concept drift, which are critical factors in operational fraud detection systems. Expanding the dataset to include multi-source or real banking transaction data would further improve model generalization and strengthen external validity.
Overall, these practical and research-oriented implications reinforce the contribution of this study and highlight the relevance of adaptive deep learning techniques for advancing credit card fraud detection in real-world financial systems.




References list

Bhattacharyya, S., Jha, S., Tharakunnel, K., & Westland, J. C. (2011).
Credit card fraud detection using Hidden Markov Model. IEEE Transactions on Dependable and Secure Computing.


Ghosh, S., & Reilly, D. L. (2011).
Data mining approach for fraud detection in credit card transactions. IEEE Computational Intelligence Magazine.


Kumar, R., & Singh, A. (2024).
Fraud detection in credit card transactions using deep neural networks. arXiv preprint arXiv:2405.00026.


Wang, J., Li, Z., & Zhao, M. (2024).
Graph neural networks for fraud detection in transaction networks. IEEE Access.


Zhang, W., Liu, F., & Chen, H. (2024).
An AI-driven fraud detection framework based on hybrid features and ensemble learning. Future Generation Computer Systems.



1

image1.png
<IE
Juigiain

Gl lyallg g o il




