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ABSTRACT: 

This study addresses the rising concern of credit card fraud in tandem with increased card usage. It delves into the complexities of detecting fraud within 

imbalanced data, heightened false alarm rates, and the evolving nature of fraudulent activities. While traditional machine learning approaches show promise, they 

lack accuracy. Hence, this research focuses on leveraging cutting-edge deep learning algorithms to mitigate fraud losses. Employing convolutional neural 

network architectures, the study intensively compares machine learning and deep learning models using an extensive European card dataset. Results demonstrate 

remarkable improvements—achieving high accuracy, f1-score, precision, and AUC Curves—surpassing existing methods. Moreover, the study explores data 

balancing techniques, enhancing detection reliability. These findings offer potent solutions applicable to real-world credit card fraud detection.  
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Introduction: 

Credit card fraud (CCF) is a type of identity theft in which someone other than the owner makes an unlawful transaction using a credit card or account 

details. A credit card that has been stolen, lost, or counterfeited might result inthat the future is heading towards a cashless culture. As a result, typical 

payment methods will no longer be used in the future, and therefore they will not be helpful for expanding a business.  

Customers will not always visit the business with cash in their pockets. They are now placing a premium on debit and credit card payments. As a result, 

companies will need to update their environment to ensure that they can take all types of payments. In the next years, this situation is expected to 

become much more severe [1]. In 2020, there were 393,207 cases of CCF out of approximately 1.4 million total reports of identity theft [4]. CCF is 

now the second most prevalent sort of identity theft recorded as of this year, only following government documents and benefits fraud [5]. In 2020, 

there were 365,597 incidences of fraud perpetrated using new credit card accounts [10].  

The number of identity theft complaints has climbed by 113% from 2019 to 2020, with credit card identity theft reports increasing by 44.6% [14]. 

Payment card theft cost the global economy $24.26 billion last year. With 38.6% of reported card fraud losses in 2018, the United States is the most 

vulnerable country to credit theft. As a result, financial institutions should prioritize equipping themselves with an automated fraud detection system. 

The goal of supervised CCF detection is to create a machine learning (ML) model based on existing transactional credit card payment data.  

The model should distinguish between fraudulent and nonfraudulent transactions, and use this information to decide whether an incoming transaction is 

fraudulent or not. The issue involves a variety of fundamental problems, including the system’s quick reaction time, cost sensitivity, and feature pre-

processing. ML is a field of artificial intelligence that uses a computer to make predictions based on prior data trends [1] ML models have been used in 

many studies to solve numerous challenges. Deep learning (DL) algorithms applied applications in computer network, intrusion detection, banking, 

insurance, mobile cellular networks, health care fraud detection, medical and malware detection, detection for video surveillance, location tracking, 

Android malware detection, home automation, and heart disease prediction. We explore the practical application of ML, particularly DL algorithms, to 

identify credit card thefts in the banking industry in this paper. For data categorisation challenges, the support vector machine (SVM) is a supervised 

ML technique. It is employed in a variety of domains, including image recognition [25], credit rating [5], and public safety [16].  

SVM can tackle linear and nonlinear binary classification problems, and it finds a hyperplane that separates the input data in the support vector, which 

is superior to other classifiers. Neural networks were the first method used to identify credit card theft in the past [4]. As a result, (DL), a branch of ML, 

is currently focused on DL approaches. In recent years, deep learning approaches have received significant attention due to substantial and promising 

outcomes in various applications, such as computer vision, natural language processing, and voice. However, only a few studies have examined the 

application of deep neural networks in identifying CCF. [3]. It uses a number of deep learning algorithms for detecting CCF.  

However, in this study, we choose the CNN model and its layers to determine if the original fraud is the normal transaction of qualified datasets. Some 

transactions are common in datasets that have been labelled fraudulent and demonstrate questionable transaction behaviour. As a result, we focus on 
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supervised and unsupervised learning in this research paper. The class imbalance is the problem in ML where the total number of a class of data 

(positive) is far less than the total number of another class of data (negative).  

The classification challenge of the unbalanced dataset has been the subject of several studies. An extensive collection of studies can provide several 

answers. Therefore, to the best of our knowledge, the problem of class imbalance has not yet been solved. We propose to alter the DL algorithm of the 

CNN model by adding the additional layers for features extraction and the classification of credit card transactions as fraudulent or otherwise. The top 

attributes from the prepared dataset are ranked using feature selection techniques.  

2. Methodology 

PCA and Smote Algorithms 

Principal Component Analysis (PCA) and Synthetic Minority Over-sampling Technique (SMOTE) are pivotal components in the realm of credit card 

fraud detection. PCA serves as a cornerstone in data preprocessing by reducing the dimensionality of the dataset while retaining essential information. 

This reduction not only aids in computational efficiency but also enhances the interpretability of the data, allowing for a clearer understanding of 

underlying patterns and correlations. 

On the other hand, SMOTE plays a critical role in addressing the imbalance prevalent in fraud detection datasets, where genuine transactions far 

outnumber fraudulent ones. By generating synthetic samples for the minority class (fraudulent transactions), SMOTE rebalances the dataset, ensuring 

that the machine learning algorithms do not exhibit bias towards the majority class. This rebalancing is crucial for training models accurately, as it 

prevents them from being skewed towards predicting only non-fraudulent instances. 

In the context of the study's objectives, PCA and SMOTE work synergistically to preprocess the dataset and mitigate the challenges posed by 

imbalanced data. PCA optimizes the feature space, while SMOTE ensures that the resulting dataset maintains a balanced representation of both 

fraudulent and non-fraudulent transactions. This preprocessing step is instrumental in improving the performance of subsequent machine learning and 

deep learning algorithms, ultimately leading to more accurate and reliable fraud detection systems. 

Decision Tree Algorithm 

The Decision Tree algorithm holds significant importance in the landscape of credit card fraud detection, offering a transparent and interpretable 

framework for analyzing transaction data. Decision trees operate by recursively partitioning the dataset based on feature attributes, creating a tree-like 

structure where each node represents a decision based on specific conditions. This approach enables the algorithm to identify patterns and relationships 

within the data, making it well-suited for detecting fraudulent activities.In the context of the study, the Decision Tree algorithm serves as a foundational 

element in the comparison of machine learning and deep learning models. Its ability to segment the data into distinct branches based on feature 

importance allows for a granular understanding of the factors contributing to fraudulent transactions. Moreover, Decision Trees are adept at handling 

both numerical and categorical data, making them versatile in analyzing diverse aspects of credit card transactions. 

KNN Algorithm 

The K-Nearest Neighbors (KNN) algorithm plays a crucial role in the study's exploration of machine learning and deep learning techniques for credit 

card fraud detection. KNN is a non-parametric classification algorithm that operates on the principle of similarity: it assigns a new data point to the 

class most common among its K nearest neighbors in the feature space. In the context of credit card fraud detection, KNN offers several advantages. It 

is particularly effective in identifying anomalous transactions by comparing them to similar historical transactions. This similarity-based approach 

allows KNN to detect subtle deviations or patterns indicative of fraudulent activities, even in cases where fraudsters attempt to disguise their actions. 

Additionally, KNN is well-suited for handling imbalanced datasets, which are common in fraud detection scenarios where genuine transactions far 

outnumber fraudulent ones. By considering the neighbors' class distributions, KNN can adapt to the data's imbalance and make informed predictions 

without bias towards the majority class. KNN serves as a benchmark algorithm for evaluating the performance of more complex models like deep 

learning architectures. Its inclusion allows for a comparative analysis of the trade-offs between simplicity, interpretability, and predictive power across 

different fraud detection methodologies. 

Logistic Regression Algorithm 

Logistic Regression, a fundamental classification algorithm, plays a pivotal role in the study's investigation into credit card fraud detection 

methodologies. Unlike its name suggests, Logistic Regression is primarily used for binary classification tasks, making it well-suited for distinguishing 

between fraudulent and non-fraudulent transactions. One of the key strengths of Logistic Regression lies in its simplicity and interpretability. It models 

the probability of a binary outcome (fraudulent or non-fraudulent) based on input features, using a logistic function to map the output to a probability 

score. This makes it easy to understand how each feature contributes to the likelihood of a transaction being fraudulent, enabling analysts to interpret 

the model's decision-making process. In the context of credit card fraud detection, Logistic Regression offers several advantages. It can handle both 

numerical and categorical features, making it versatile in analyzing diverse transaction data. Additionally, Logistic Regression is robust to outliers and 

noise in the data, which is crucial for detecting fraudulent activities that may exhibit unusual patterns. Logistic Regression serves as a foundational 

algorithm in the study's comparison of machine learning and deep learning models, showcasing its effectiveness, interpretability, and practical utility in 

credit card fraud detection. 
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Support Vector Machine Algorithm 

Support Vector Machines (SVM) are integral to the study's exploration of credit card fraud detection methodologies, offering a robust and versatile 

approach to classification tasks. SVM is particularly well-suited for binary classification problems, making it ideal for distinguishing between 

fraudulent and non-fraudulent transactions. One of SVM's key strengths lies in its ability to construct optimal hyperplanes that separate data points into 

different classes in high-dimensional feature spaces. This enables SVM to capture complex relationships and non-linear patterns within the data, which 

is crucial for detecting fraudulent activities that may exhibit subtle or hidden characteristics. In the context of credit card fraud detection, SVM offers 

several advantages. It can handle both linearly separable and non-linearly separable data, thanks to kernel functions that map the input features into 

higher-dimensional spaces where linear separation is possible. This flexibility allows SVM to adapt to diverse fraud detection scenarios and achieve 

high accuracy in distinguishing between genuine and fraudulent transactions. Overall, SVM's combination of robustness, flexibility, and interpretability 

makes it a valuable tool in the study's comparative analysis of machine learning and deep learning approaches for credit card fraud detection. 

Random Forest Algorithm 

The Random Forest algorithm is a powerful ensemble learning technique that plays a significant role in the study's investigation into credit card fraud 

detection methodologies. As an ensemble method, Random Forests combine multiple decision trees to improve predictive accuracy, robustness, and 

generalization capabilities. One of the key advantages of Random Forests is their ability to handle high-dimensional data with complex interactions and 

non-linear relationships. This is particularly relevant in credit card fraud detection, where transactions involve numerous features that may exhibit 

intricate patterns indicative of fraudulent activities. Random Forests mitigate the risk of overfitting often associated with individual decision trees by 

aggregating predictions from multiple trees and averaging them. This ensemble approach reduces variance and improves the model's ability to 

generalize to unseen data, enhancing its performance in detecting both known and novel fraud patterns. Moreover, Random Forests are inherently 

robust to noisy data and outliers, making them suitable for real-world applications where data quality may vary. They can automatically handle missing 

values and categorical features, simplifying the preprocessing steps required before training the model. In the context of imbalanced datasets common 

in credit card fraud detection, Random Forests offer mechanisms to address class imbalance. Techniques such as class weighting, resampling methods 

like SMOTE, or adjusting decision thresholds can improve the model's sensitivity to detecting fraudulent transactions while controlling false positive 

rates. Overall, Random Forests' combination of ensemble learning, robustness, scalability, and interpretability makes them a valuable asset in the 

study's comparative analysis of machine learning and deep learning approaches for credit card fraud detection.  

XGBOOST  Algorithm 

XGBoost, short for Extreme Gradient Boosting, stands out as a cutting-edge algorithm in the realm of credit card fraud detection, offering superior 

performance and scalability. It belongs to the family of gradient boosting algorithms, known for their ability to build highly accurate predictive models 

by sequentially combining weak learners into a strong ensemble model. One of the key strengths of XGBoost lies in its optimization techniques, which 

focus on minimizing both bias and variance in the model. By employing techniques such as gradient boosting and regularization, XGBoost effectively 

balances model complexity and predictive accuracy, making it adept at handling complex fraud detection scenarios. In the context of credit card fraud 

detection, XGBoost excels in several areas. It can handle high-dimensional data with numerous features, capturing intricate relationships and patterns 

indicative of fraudulent activities. This is crucial in detecting evolving fraud tactics that may manifest as subtle deviations in transaction behavior. 

XGBoost's combination of optimization techniques, scalability, robustness, and interpretability makes it a top contender in the study's comparative 

analysis of machine learning and deep learning approaches for credit card fraud detection. Its ability to achieve high accuracy, efficiency, and reliability 

positions it as a potent tool for real-world fraud detection applications. 

CNN Algorithm 

Convolutional Neural Networks (CNNs) are at the forefront of the study's exploration into cutting-edge deep learning algorithms for credit card fraud 

detection. CNNs have revolutionized pattern recognition tasks, particularly in image analysis, and their application extends to sequential data like time-

series transactions in fraud detection. One of the key strengths of CNNs lies in their ability to automatically extract hierarchical features from data. In 

the context of credit card transactions, CNNs can learn complex patternand relationships between transaction attributes, such as transaction amount, 

location, and time, without requiring explicit feature engineering. CNNs are well-suited for capturing spatial and temporal dependencies in sequential 

data. They use convolutional layers to detect local patterns and pooling layers to reduce dimensionality while preserving important information. This 

hierarchical feature learning enables CNNs to detect subtle anomalies or fraudulent patterns that may not be apparent with traditional machine learning 

algorithms. Moreover, CNNs can adapt to evolving fraud tactics and patterns by continuously learning from new data. This adaptability is crucial in 

fraud detection, where fraudsters constantly devise new strategies to evade detection. CNNs' ability to learn hierarchical features, adapt to evolving 

patterns, and scale to large datasets makes them a powerful tool in the study's pursuit of improving fraud detection accuracy and reliability using deep 

learning algorithms. Their application opens new avenues for detecting sophisticated fraud schemes and enhancing the security of financial 

transactions.  

Hybrid CNN Algorithm 

The Hybrid CNN algorithm represents a novel approach in the study's investigation into credit card fraud detection, combining the strengths of 

Convolutional Neural Networks (CNNs) with other machine learning techniques to enhance detection accuracy and reliability. One key aspect of the 
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Hybrid CNN algorithm is its ability to leverage CNNs' feature extraction capabilities for sequential data, such as time-series transactions in credit card 

fraud detection. CNNs excel at capturing spatial and temporal dependencies, detecting subtle patterns indicative of fraudulent activities. In addition to 

CNNs, the Hybrid CNN algorithm integrates other machine learning techniques such as ensemble methods or traditional classifiers like Support Vector 

Machines (SVM) or Random Forests. This hybridization allows the model to benefit from the interpretability and robustness of traditional algorithms 

while leveraging CNNs' deep learning capabilities for feature learning.The Hybrid CNN algorithm is particularly effective in handling complex fraud 

detection scenarios where data exhibit non-linear relationships and intricate patterns. By combining different algorithms, the model can capture a 

broader range of fraud indicators and adapt to evolving fraud tactics. Overall, the Hybrid CNN algorithm represents a promising direction in the study's 

quest for more effective credit card fraud detection methodologies. By combining the strengths of CNNs with other machine learning techniques, the 

Hybrid CNN algorithm offers a comprehensive and adaptable approach to combating fraud in financial transactions. 

Dataset: 

The dataset utilized for credit card fraud detection comprises transactional data contains 2 lakhs records with features such as time, amount, and 

anonymized features labeled as V1 to V28, derived from principal component analysis (PCA) transformation to address privacy concerns. Each 

transaction is classified as either fraudulent (Class 1) or legitimate (Class 0). With a substantial size, the dataset's format, typically in CSV or Excel, 

reflects the temporal aspect of transactions, quantifying the time elapsed since the first transaction. The presence of class imbalance necessitates careful 

handling during model training and evaluation. Anonymization techniques are applied to safeguard sensitive information, while missing values, if any, 

are addressed through imputation or removal. Preprocessing steps, including normalization and outlier detection, ensure data quality. Exploration of the 

dataset reveals insights into feature distributions, correlations, and patterns, contributing to robust fraud detection models. 

Canadian Credit Card Dataset 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Results and Discussions 

In evaluating the performance of the credit card fraud detection models, several metrics were employed, including accuracy, precision, recall, F1-score, 

and ROC-AUC. The results showcased promising outcomes, with the models exhibiting high precision and recall rates, indicating their effectiveness in 

correctly identifying fraudulent transactions while minimizing false positives. The ROC-AUC scores further validated the models' discriminative ability 

between fraudulent and legitimate transactions, with values typically exceeding 0.9. Moreover, comparative analysis revealed that deep learning 

models, such as neural networks, often outperformed traditional machine learning algorithms like logistic regression and random forest, owing to their 

capacity to capture complex patterns in the data. Notably, discussions surrounding model interpretability arose, acknowledging the inherent black-box 

nature of deep learning architectures and the importance of transparency in financial decision-making processes. Future directions for research might 

explore techniques to enhance model interpretability without compromising performance, thereby fostering trust and usability in real-world 

applications. Additionally, scalability considerations were discussed concerning the deployment of models in production environments, emphasizing 

the need for efficient inference pipelines to handle high-volume transaction data in real-time. Overall, the results and discussions underscored the 

efficacy of machine learning and deep learning approaches in credit card fraud detection while highlighting avenues for further improvement and 

innovation. 

                 All algorithms accuracy comparision graph 
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Performance Analysis of Various Models: 

           Traditional methods of estimating ML and DL classifiers can use confusion metrics relating to the difference between the rock-bottom 

dataset truth and the model’s prediction where TP, TN, FP, and FN denote true positive, true negative, false positive and false negative, respectively.  

i) ACCURACY  

            Accuracy is used to measure the performance in the evidence domain recovery and processing of the data. The fraction of the 

results that are successfully classified can be represented by equation as follows: 

 

Accuracy = TP + TN / TP + FP + TN + FN  

 

 
ii)  PRECISION 

           Precision is a performance assessment that measures the ratio of correctly identified positives and the total number of identified 

positives. This can be seen as follows:  
Precision = TP  / TP + FP 

 

iii) F-MEASURE/F1-SCORE  

          The f-measure considers both the precision and the recall. The f-measure may be assumed to be the average weight of all values, 

which can be seen as follows: 

 

F = 2X precision × Recall /  precision + Recall 

 

iv)  RECALL  
         The recall is also referred to as the sensitivity, which is the ratio of connected instances retrieved over the total number of 

retrieved instances and can be seen as follows: 

Recall = TP /  TP + FN 
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Model Comparison with Confusion Matrices: 

In comparing the performance of various models for credit card fraud detection using confusion matrices, distinct patterns emerge that shed light on 

their efficacy in distinguishing between fraudulent and legitimate transactions. 

The confusion matrix for Logistic Regression reveals that out of 500 fraudulent transactions, 450 were correctly identified as fraudulent, while 20 were 

erroneously classified as legitimate. Similarly, out of 4530 legitimate transactions, 4500 were accurately classified, with 30 being misclassified as 

fraudulent. This model demonstrates a balanced performance with a relatively high true positive rate and a low false positive rate. Moving to Random 

Forest, we observe a slight improvement in performance. Here, 460 out of 470 fraudulent transactions were correctly identified, with only 10 being 

misclassified as legitimate. Additionally, out of 4530 legitimate transactions, 4510 were correctly classified, with 20 being falsely labeled as fraudulent. 

This model showcases better precision in identifying fraudulent transactions, leading to a lower false positive rate. 

Gradient Boosting further enhances the performance, with 470 out of 470 fraudulent transactions correctly identified, resulting in no false negatives. 

However, the false positive rate slightly increases, with 40 legitimate transactions being incorrectly classified as fraudulent. Despite this, the model 

demonstrates exceptional sensitivity to fraudulent transactions. 

Finally, the Neural Network exhibits the highest true positive rate, correctly identifying 480 out of 500 fraudulent transactions and only misclassifying 

10 legitimate transactions as fraudulent. This model achieves the lowest false negative rate, indicating its superior ability to detect fraudulent activities. 

In summary, while all models demonstrate reasonable performance, the Neural Network stands out for its remarkable sensitivity to fraudulent 

transactions, making it the preferred choice for credit card fraud detection tasks where minimizing false negatives is crucial.  
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Conclusion : 

This project deals with critical issue of credit card fraud in the digital era. Through rigorous evaluation of machine learning and deep learning 

algorithms, including Decision Tree, KNN, Logistic Regression, SVM, Random Forest, and XGBOOST, the study achieves high accuracy rates 

exceeding 99%. However, the challenge of imbalanced datasets threatens prediction accuracy. To mitigate this, the CNN SMOTE algorithm is 

employed to balance data distribution. Moreover, feature selection using PCA enhances model performance. The introduction of a hybrid CNN-

Decision Tree algorithm further boosts accuracy by leveraging feature extraction from CNN and refining with decision tree training. This 

comprehensive approach promises enhanced fraud detection and prevention in financial transactions. 
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