
Indonesian Journal of Electrical Engineering and Computer Science 

Vol. 38, No. 3, June 2025, pp. 1673~1680 

ISSN: 2502-4752, DOI: 10.11591/ijeecs.v38.i3.pp1673-1680      1673 

 

Journal homepage: http://ijeecs.iaescore.com 

Modern machine learning and deep learning algorithms for 

preventing credit card frauds 
 

 

Indurthi Ravindra Kumar1, Shaik Abdul Hameed1, Bala Annapurna2, Rama Krishna Paladugu3, 

Veeramreddy Surya Narayana Reddy4, Kiran Kumar Kaveti5 

1Department of Computer Science and Engineering, VNR Vignana Jyothi Institute of Engineering and Technology, Hyderabad, India 
2Department of Computer Science and Engineering, Koneru Lakshmaiah Education Foundation, Vaddeswaram, India 

3Department of Computer Science and Engineering, R.V.R and J.C College of Engineering, Guntur, India 
4Department of Computer Science and Engineering, BVRIT Hyderabad College of Engineering for Women, Hyderabad, India 
5Department of Computer Science and Engineering, Vignan’s Foundation for Science Technology and Research, Guntur, India 

 

 

Article Info  ABSTRACT 

Article history: 

Received Apr 18, 2024 

Revised Nov 15, 2024 

Accepted Nov 24, 2024 

 

 Credit card fraud poses a significant threat to financial institutions and 

consumers, particularly in the context of online transactions. Conventional 

rule-based systems often struggle to keep pace with the evolving tactics of 

fraudsters. This research paper investigates the application of advanced 

machine learning and deep learning algorithms for credit card fraud 

detection. By reviewing existing methodologies and addressing the 

challenges associated with fraud detection, we explore the potential of state-

of-the-art techniques in enhancing detection accuracy and efficiency. Key 

aspects such as transaction data analysis, feature engineering, model 

evaluation metrics, and practical implementations are discussed. The 

findings underscore the importance of leveraging advanced algorithms to 

combat fraudulent activities effectively, thereby safeguarding the integrity of 

online transactions. 
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1. INTRODUCTION 

The advent of digital commerce has revolutionized the way financial transactions are conducted, 

with credit cards serving as a ubiquitous tool for online payments. While this advancement has brought 

unprecedented convenience, it has also opened avenues for fraudulent activities. Credit card fraud remains a 

pressing concern for financial institutions and consumers alike, imposing substantial financial losses and 

undermining trust in online transactions [1]. Traditional methods of fraud detection, relying on predefined 

rules and thresholds, often fall short in detecting sophisticated fraudulent schemes. As fraudsters 

continuously adapt their tactics to evade detection, there arises a critical need for more advanced and 

adaptive solutions. In recent years, machine learning and deep learning algorithms have emerged as powerful 

tools for addressing complex and dynamic fraud patterns [2]. The primary objective of this research paper is 

to explore the application of state-of-the-art machine learning and deep learning techniques in credit card 

fraud detection. By synthesizing existing literature, analyzing methodologies, and discussing practical 

implementations, we aim to provide insights into the efficacy and challenges of utilizing advanced algorithms 

in combating credit card fraud [3], [4]. Through this comprehensive exploration, we aim to contribute to the 

advancement of credit card fraud detection methodologies and facilitate the development of more effective 

and resilient fraud detection systems in the digital age [5]. 

https://creativecommons.org/licenses/by-sa/4.0/
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The rise of online transactions and the sophistication of fraud methods have made credit card fraud 

detection difficult in the financial industry. Conventional fraud detection systems use rule-based algorithms 

to alert transactions based on thresholds or patterns. These systems can detect established fraud types, but 

they struggle to adapt to new patterns and small anomalies [6]. Traditional rule-based systems are restricted; 

thus, researchers and practitioners are using machine and deep learning. Machine learning provides more 

accurate and adaptable fraud detection by discovering patterns and links in past transaction data. Deep 

learning, a subset of machine learning, is popular for complex and unstructured data like transaction records 

because it automatically learns hierarchical data representations [7]. Many research has found encouraging 

results using machine learning and deep learning algorithms to detect credit card fraud. Random forests and 

gradient boosting machines can detect fraudulent transactions. Convolutional neural networks (CNNs) and 

recurrent neural networks (RNNs) can also capture complicated fraud patterns [8], [9]. Though fraud 

detection systems have improved, hurdles remain. Imbalanced datasets with more genuine than fraudulent 

transactions make model training and evaluation harder. Real-time fraud detection requires algorithms that 

adapt and learn from streaming data. Algorithm development and implementation should include fraud 

detection systems’ ethical implications, including privacy and biases [10]. Research suggests machine 

learning and deep learning can detect credit card theft. By addressing past approaches’ flaws and applying 

new algorithms, researchers and practitioners might create more resilient and adaptable fraud detection systems 

to prevent credit card fraud [11]. 

Credit card fraud detection presents a myriad of challenges stemming from the dynamic nature of 

fraudulent activities, the characteristics of transaction data, and the need for real-time detection. Addressing 

these challenges is crucial for developing effective fraud detection systems capable of accurately identifying 

fraudulent transactions while minimizing false positives and ensuring the smooth operation of legitimate 

transactions [12]. One of the primary challenges in credit card fraud detection is the imbalance between 

legitimate and fraudulent transactions in the dataset. Fraudulent transactions are typically rare compared to 

legitimate ones, resulting in imbalanced class distributions. This imbalance can lead to biased models that 

favour the majority class (i.e., legitimate transactions) and struggle to accurately detect fraudulent instances. 

Mitigating the effects of class imbalance requires specialized techniques such as oversampling of minority 

classes, under sampling of majority classes, or the use of cost-sensitive learning algorithms to assign higher 

penalties to misclassifying fraudulent transactions [13]. Fraudulent activities are constantly evolving as 

fraudsters develop new tactics to circumvent detection measures. Traditional rule-based systems may fail to 

adapt to emerging fraud patterns, as they rely on predefined rules and thresholds. Machine learning and deep 

learning algorithms offer a more adaptive approach by automatically learning patterns and relationships from 

historical transaction data. However, continuously monitoring and updating fraud detection models to keep 

pace with evolving fraud patterns remains a significant challenge for financial institutions [14], [15]. Timely 

detection of fraudulent transactions is essential for mitigating financial losses and preventing further 

fraudulent activities. Real-time detection requires algorithms capable of processing streaming transaction 

data with low latency while maintaining high accuracy. Traditional batch processing approaches may not be 

suitable for real-time detection, necessitating the development of specialized algorithms and infrastructure 

capable of handling high-volume, high-velocity data streams in real time [16]. Transaction data can have 

noise, missing values, and inconsistencies that might hurt fraud detection methods. Data cleansing, 

normalization, and feature engineering improve data quality and form. Domain expertise and rigorous 

research are needed to discover significant elements and extract valuable insights from transaction data [17]. 

Fraud detection methods create privacy, fairness, and openness issues. Accessing sensitive financial 

transaction data to detect fraud raises data privacy and confidentiality risks. Fairness and justice in fraud 

detection algorithms are also important due to algorithmic biases and demographic discrimination [18]. 

Advanced algorithms, data pre-processing, domain expertise, and ethics are needed to solve these problems. 

Financial institutions can improve fraud detection systems by using machine learning and deep learning 

algorithms to address credit card transaction data’s unique characteristics [19]. 

 

 

2. METHOD 

Machine learning algorithms can discover patterns and associations from historical transaction data, 

making them popular for credit card fraud detection. These algorithms are better at identifying complicated 

and changing fraud than rule-based systems because they are more adaptable and data-driven. We describe 

many machine learning algorithms used in credit card fraud detection, their merits, weaknesses, and 

applications [20]. Logistic regression is a popular classification approach that predicts the probability of a 

binary result (fraudulent or genuine transaction) based on one or more independent variables. Logistic 

regression may find linear correlations between input features and fraud likelihood despite its simplicity. 

However, it may struggle to capture nonlinear relationships and complicated feature interactions, limiting its 
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ability to detect sophisticated fraud patterns [21]. Decision trees and random forests can encapsulate 

nonlinear data linkages and interactions under ensemble learning. Random forests use numerous decision 

trees to improve forecast accuracy and robustness, whereas decision trees divide the feature space into 

hierarchical decision nodes based on input attributes. These algorithms excel at imbalanced datasets and 

nonlinear fraud patterns. They may overfit, especially with big, high-dimensional datasets [22]. SVMs 

classify data points by determining the best hyperplane to divide them. SVMs capture complex feature space 

decision boundaries and work effectively with high-dimensional data. They excel at binary classification jobs 

like fraud detection. SVMs can be computationally expensive and require careful hyper parameter tweaking, 

especially with large datasets [23]. Gradient boosting machines (GBMs) successively integrate weak learners 

like decision trees to increase predicting performance. GBMs iteratively fit new models to previous model 

residuals, minimizing prediction error. GBMs are adaptable and can capture complex nonlinear data 

correlations. These methods excel at skewed datasets and have been used to detect credit card fraud [24]. 

Isolation forests and one-class SVMs discover data anomalies by recognizing unusual outliers. These 

methods are ideal for detecting fraudulent transactions, which often have unusual patterns. In rare cases of 

fraud with unclear patterns, anomaly detection systems work well. They may struggle with severely 

imbalanced datasets and need careful detection threshold calibration [25]. Each credit card fraud detection 

technology using machine learning algorithms has pros and cons. Financial institutions can create resilient 

and adaptable fraud detection systems that reduce fraud risks by using these algorithms with effective feature 

engineering and model evaluation methods [26]. 

Deep learning can detect credit card fraud by automatically learning complex patterns and 

representations from massive transaction data. Unlike standard machine learning approaches, deep learning 

algorithms can represent complicated nonlinear interactions and detect fraud. This section discusses the uses, 

strengths, and considerations of many deep learning architectures for credit card fraud detection. CNNs are 

used for picture recognition and sequential data analysis, including transaction sequences. Credit card fraud 

can be detected using CNNs extracting timestamps, amounts, and merchant IDs from transaction data. CNNs 

learn hierarchical representations of fraudulent patterns using convolutional operations on transaction 

sequences to detect fraud. CNNs detect local patterns and transaction sequence inconsistencies well. RNNs 

can represent sequential data with temporal relationships, making them excellent for credit card fraud 

detection. RNNs process input sequences one element at a time and store temporal information. Because they 

capture long-range relationships and alleviate the vanishing gradient problem, LSTM and GRU RNNs are 

used in fraud detection. Encoding transaction sequences into latent representations and learning fraud 

patterns helps RNNs detect fraud. Autoencoders recover input data by encoding it in a lower-dimensional 

latent space. To detect credit card fraud anomalies, autoencoders learn to recreate authentic transaction data 

and identify deviations from the learned distribution as fraudulent. Variational and Sparse Autoencoders can 

identify fraud by learning compact transaction data representations and detecting abnormal patterns. 

Autoencoders can detect anomalous and non-trendy fraud [27]. Hybrid designs optimize performance using 

CNNs, RNNs, and autoencoders. CNNs may extract spatial features from transaction data and pass them to 

an RNN for temporal modeling in a hybrid architecture. Hybrid architectures with many deep learning 

components can capture complex transaction sequence patterns and temporal correlations, improving fraud 

detection systems. Deep learning techniques detect credit card fraud, however data pretreatment, model 

interpretability, and computational complexity are concerns. Preprocessing transaction data to identify 

critical features and normalize input values is crucial for deep learning model development. As black boxes, 

deep learning models’ conclusions and fraud detection factors are hard to explain. Deep learning models may 

need plenty of computer power for training and inference on large datasets. Deep learning can detect credit 

card fraud using complex transaction patterns and temporal correlations. CNNs, RNNs, autoencoders, and 

hybrid architectures can help financial institutions build resilient and adaptive fraud detection systems. Deep 

learning-based fraud detection systems require data preparation, model interpretability, and computational 

complexity [28], [29]. Feature engineering is needed to create robust credit card fraud detection systems. 

Transaction data can reveal fraud. Common fraud detection approaches include transaction data analysis and 

feature extraction [30]. 

 

 

3. RESULTS AND DISCUSSION 

This section showcases case studies and real implementations of credit card fraud detection with 

machine learning and deep learning methods. These examples demonstrate how fraud detection systems are 

used in real-world scenarios, illustrating the efficacy of advanced techniques in preventing fraudulent 

activity. The utilization of powerful machine learning and deep learning algorithms for credit card fraud 

detection has become an essential instrument in guaranteeing the security and reliability of online 

transactions. By utilizing these technologies, firms can identify and thwart fraudulent activity, safeguard their 

clients from monetary losses, and maintain trust and assurance in digital payment systems. 
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A model of classification visualisation shows the projected model fit to the findings previously 

linked to the earlier ones using a confusion measure. A common practice is to store the expected outcomes in 

a variable before transforming it into an association table. It is possible to plot the confusion metrics using 

the association table as a heatmap. We can build and show confusion measures based on the score to allow 

for better correlation, even if there are multiple built-in techniques to do so. The metrics for machine learning 

algorithms’ perplexity are shown in Figure 1. 
 

 

 
 

Figure 1. Metrics for measuring algorithmic confusion in machine learning 
 

 

Figure 2, which displays the case count statistics, shows that the ‘Amount’ variable’s’ values change 

significantly once they are linked to the variables’ respites. We may standardize it using Python’s ‘Standard-

Scaler’ technique to reduce the broad range of values. Figure 3 displays a comparative comparison of 

machine learning techniques applied to CCF, employing accuracy and F1 measure metrics. To facilitate the 

comparison of the losses, we train the model for either thirty or forty epochs, with or without rigorous 

initialization, depending on our preference. From the perspective of validation loss, the graphic makes it very 

evident that cautious initialization provides a distinct advantage. Figure 4 illustrates the validation loss that 

occurs when both zero bias and cautious bias principles are applied. Figure 5 offers an illustration of the 

training and validation accuracy of the proposed model over a period of 20 and 50 epochs, respectively,  

over a period of 30 and 60 epochs. 
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Figure 2. The numbers of cases involving both fraudulent and legitimate transactions 

 

 

 
 

Figure 3. The evaluation of various machine learning methods for CCF based on their accuracy 
 

 

 
 

Figure 4. The reduction in validity when employing mindful bias and zero bias 
 

 

  
 

Figure 5. Precision of the model at 30 and 60 epochs 
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4. CONCLUSION 

Credit card fraud detection is a critical challenge facing financial institutions and consumers in the 

digital age. Traditional rule-based systems have limitations in effectively detecting sophisticated fraudulent 

activities, necessitating the adoption of advanced machine learning and deep learning algorithms. In this 

research paper, we have explored the application of state-of-the-art techniques for credit card fraud detection, 

including machine learning algorithms such as random forests and gradient boosting machines, as well as 

deep learning architectures such as CNNs and RNNs. We have shown that these methods may detect 

fraudulent transactions and reduce financial losses through case studies and actual applications. 

Organizations can create powerful fraud detection systems that identify fraudulent patterns and anomalies by 

using transaction data and extracting significant information. Additionally, model evaluation metrics and 

approaches allow enterprises to evaluate their fraud detection models’ performance and dependability and 

make educated model selection and optimization decisions. 
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