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Abstract: The fraud done to credit cards has become a critical 

issue affecting financial institutions and consumers globally, 
leading to significant financial losses. This paper presents machine 
learning approach is employed to identify fraudulent credit card 
transactions by analyzing transaction patterns and behaviors. 
Several supervised learning algorithms, such as Random Forest, 
Sup-port Vector Machine, and Decision Tree, are assessed for 
their ability to detect fraudulent activities effectively. The study 
ad-dresses challenges such as data imbalance and evolving fraud 
tactics through feature engineering and model optimization. 
Experimental results demonstrate that ensemble methods pro-
vide superior accuracy and reduce false positive rates, enhancing 
the reliability of fraud detection systems. The proposed approach 
contributes to strengthening financial security and protecting 
users from unauthorized transactions. 
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1. Introduction 
In recent years, the rapid growth of digital payment systems 

has significantly increased the convenience of financial 
transactions. However, this advancement has also led to a rise 
in credit card fraud, posing serious challenges to banks, 
merchants, and consumers. Credit card fraud in-volves 
unauthorized use of a cardholder’s information to conduct 
transactions, resulting in substantial financial losses and 
undermining trust in electronic payment systems. Traditional 
fraud detection methods often fail to adapt to the evolving 
tactics employed by fraudsters, making it imperative to explore 
more sophisticated approaches. 

Machine learning (ML) techniques have emerged as 
powerful tools for detecting fraudulent activities by 
automatically learning patterns from historical transaction data. 
These methods can identify subtle and complex relation-ships 
that are difficult to capture using conventional techniques. This 
paper investigates the application of various supervised 
machine learning algorithms to improve the accuracy and 
efficiency of credit card fraud detection. Furthermore, it 
addresses challenges such as data imbalance, where fraudulent 
transactions are significantly fewer than legitimate ones, which 
can adversely affect model performance. 

The objective of this study is to develop a robust fraud 
detection framework that not only enhances detection rates but 
also minimizes false alarms, thereby safeguarding financial  

 
institutions and customers. 

2. Methodology 
 This study employs a supervised machine learning approach 

to detect fraudulent credit card transactions. The methodology 
consists of several key steps: data collection, pre-processing, 
feature engineering, model selection, training, and evaluation. 

A. Data Collection 
The dataset used in this research is sourced from publicly 

available credit card transaction records, containing both 
legitimate and fraudulent transactions. The dataset is highly 
imbalanced, with fraudulent transactions constituting a small 
fraction of the total data, reflecting real-world scenarios. 

B. Data Preprocessing 
To prepare the data for modeling, pre-processing steps 

include handling missing values, normalization, and en-coding 
categorical variables where applicable. Due to the imbalanced 
nature of the dataset, techniques such as Syn-thetic Minority 
Over-sampling Technique (SMOTE) are applied to balance the 
classes and prevent model bias to-ward the majority class. 

C. Feature Engineering 
Feature selection and extraction are critical to improving 

model performance. Relevant features such as transaction 
amount, time, location, and merchant details are analyzed. 
Additionally, derived features capturing transaction frequency 
and velocity are created to better distinguish fraudulent 
behavior. 

D. Model Selection and Training 
Several supervised machine learning algorithms are 

evaluated, including Random Forest, Support Vector Machine 
(SVM), Decision Tree, and Naïve Bayes classifiers. The models 
are trained using a stratified k-fold cross-validation approach to 
ensure robustness and generalizability. Hyper-parameter tuning 
is performed using grid search to optimize model parameters. 

E. Evaluation Metrics 
Model performance is assessed using metrics such as ac-

curacy, precision, recall, F1-score, and Area under the Receiver 
Operating Characteristic Curve (AUC-ROC). Given the 
imbalanced dataset, emphasis is placed on precision and recall 
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to minimize false positives and false negatives, which are 
critical in fraud detection. 

3. Dataset 
The dataset utilized in this study is the publicly available 

Credit Card Fraud Detection dataset from Kaggle. It contains 
transactions made by European cardholders over a two-day 
period in September 2013. The dataset comprises 284,807 
transactions, of which 492 are labelled as fraudulent, 
representing approximately 0.172% of the total data. This 
significant class imbalance presents a challenge for effective 
fraud detection. 

Each transaction is described by 30 features, including 28 
anonymous principal components obtained through Principal 
Component Analysis (PCA) to protect sensitive information. 
The remaining two features are ‘Time’, which records the 
seconds elapsed between each transaction and the first 
transaction, and ‘Amount’, representing the transaction value. 
The response variable ‘Class’ indicates whether a transaction is 
fraudulent (1) or legitimate (0). 

Prior to model training, pre-processing steps such as 
normalization of the ‘Time’ and ‘Amount’ features and 
application of SMOTE for class balancing were performed. 
These steps ensure the dataset is well-prepared for training 
machine learning models, improving their ability to detect 
fraudulent transactions accurately. 

4. Results and Discussions 
The performance of various machine learning models was 

evaluated on the preprocessed credit card transaction dataset. 
The models tested include Random Forest, Support Vector 
Machine (SVM), Decision Tree, and Naïve Bayes classifiers. 
Table 1 summarizes the key evaluation metrics obtained from 
the experiments.  

The Random Forest classifier outperformed other models, 
achieving the highest accuracy and AUC-ROC score. Its 
ensemble nature allows it to handle data variability effectively 
and reduces over-fitting. The Support Vector Machine also 
demonstrated strong performance but was slightly less effective 
in recall, indicating a higher rate of missed fraudulent 
transactions. Decision Tree and Naïve Bayes classifiers, while 
faster to train, showed comparatively lower precision and 
recall. 

The application of Synthetic Minority Over-sampling 
Technique (SMOTE) to address data imbalance significantly 
improved model sensitivity, particularly recall, which is crucial 
for fraud detection to minimize false negatives. Feature 
engineering contributed to enhancing model dis-criminative 
power by incorporating transaction behavior patterns. 

These results suggest that ensemble methods, combined with 
appropriate preprocessing and feature selection, pro-vide a 
robust framework for credit card fraud detection. However, the 
trade-off between detection accuracy and computational 
complexity should be considered for real-time deployment. 

5. Conclusion 
This study explored the application of various supervised 

machine learning algorithms for credit card fraud detection 
using a highly imbalanced real-world dataset from Kaggle. 
Among the evaluated models, the Random Forest classifier 
demonstrated superior performance, achieving high accuracy, 
precision, recall, and AUC-ROC scores. The use of Synthetic 
Minority Over-sampling Technique (SMOTE) effectively 
addressed the class imbalance issue, significantly improving the 
detection of fraudulent transactions. 

Feature engineering, including the incorporation of trans-
action time and amount alongside anonymous principal 
components, enhanced the models’ ability to distinguish 
between legitimate and fraudulent activities. The results 
highlight the importance of combining ensemble learning 
methods with proper data preprocessing to build robust fraud 
detection systems. 

Future research could focus on integrating deep learning 
techniques and real-time adaptive models to better capture 
evolving fraud patterns. Additionally, expanding the dataset to 
include diverse transaction types and geographic regions may 
further improve the generalizability of the models. 

Overall, this research contributes to the development of 
effective credit card fraud detection frameworks that can assist 
financial institutions in minimizing losses and protecting 
customers from unauthorized transactions.  
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Table 1 
Performance metrics of machine learning models 

Model Precision Recall F1-Score AUC-ROC 
Random Forest 94.5% 92.3% 93.4% 0.98 
Support Vector Machine 91.2% 89.7% 90.4% 0.96 
Decision Tree 88.1% 85.4% 86.7% 0.92 
Naïve Bayes 85.0% 80.2% 82.5% 0.89 

 
 

https://www.kaggle.com/mlg-ulb/creditcardfraud

	1. Introduction
	2. Methodology
	A. Data Collection
	B. Data Preprocessing
	C. Feature Engineering
	D. Model Selection and Training
	E. Evaluation Metrics

	3. Dataset
	4. Results and Discussions
	5. Conclusion
	References

