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Abstract - In today's digital age, fraud has increased 

significantly due to the widespread use of credit cards and the 

rapid growth of online trading. Credit card fraud detection is 

not only crucial for financial institutions but also important for 

ensuring customer trust and security. However, identifying 

fraudulent transactions in real-time remains a complex task 

due to the highly unbalanced nature of the data, where 

legitimate transactions are far outnumbered by fraudulent 

ones, and the need to reduce false positives to avoid blocking 

real users. The models investigated include logistic regression, 

decision tree, random forest, and extreme gradient boost 

algorithm (XG Boost). Suitable re sampling techniques, such 

as Overload Technology (SMOTE), are used to fix data issues 

in the data. Additionally, standard metrics are used to assess 

the recipient's standard performance, accuracy, recall, F1 

score, and areas under the operating characteristic curve 

(ROC-AUC) to assess the effectiveness of each model.  These 

models are cleverly improving to distinguish between 

fraudulent and legal transactions, while simultaneously 

maintaining a low false positive rate. The results suggest that 

integration of such an approach for machine learning in fraud 

detection systems can significantly improve performance and 

responsiveness. Ultimately, this paper presents the 

possibilities of advanced technology in machine learning to 

build more intelligent, faster, and more reliable fraud 

detection systems that can be adapted to the development of 

cyber threats in the financial domain: ensemble learning cyber 

security. 
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1. INTRODUCTION 

 

With today's increasing digital world, using credit cards for 

online and offline transactions is extensive, providing users 

with comfort and flexibility. However, this increase in use was 

accompanied by a corresponding increase in fraudulent 

activities. Credit card fraud not only leads to serious financial 

losses for individuals and financial institutions but also 

undermines trust in digital payment systems.  

As a result, ensuring secure transactions and protecting 

customer data for banks and fintech organizations has become 

a top priority. These approaches can recognize several types of 

fraud, but often do not adapt to new fraud patterns. Moreover, 

such systems are legitimate transactions, as false positive rates 

and fraud can irritate users and undermine the customer 

experience. Through training on past transactional data, 

machine learning models can identify subtle indicators of 

fraud and generalize them when they are less visible than 

rules-based systems. Additionally, ensemble learning 

techniques such as Random Forest and XG Boost combine 

several models to improve predictive performance and 

robustness. This imbalance can strongly influence the learning 

process, as many algorithms are usually biased in the majority 

class. To improve this, various re sampling techniques, such as 

folding techniques (synthetic minorities), are used to 

compensate for the data records and ensure fair learning. The 

model is evaluated using key performance metrics such as 

accuracy, recall, F1 score, and ROC-AUC to determine 

effectiveness in fraud recognition and, at the same time, 

minimize false alarms. 

2. METHODOLOGY 

 

The proposed system for credit card fraud detection follows a 
structured pipeline that encompasses data preprocessing, 
model training, and performance evaluation.  Each phase plays 
a crucial role in ensuring that the system is accurate, efficient, 
and capable of handling real-world data challenges such as 
class imbalance and noise. 

2.1 Dataset Description 

The dataset used for this study is a publicly available 

anonymized credit card transaction dataset, which contains 

transactions made by European cardholders over two days. It 

includes 284,807 transactions, of which only 492  are 

fraudulent, highlighting the significant class imbalance  (only 

0.172% of the data is fraudulent).  

Each transaction is represented by 30 features, including time, 

amount, and 28 anonymized variables (V1 to V28) obtained 

using Principal Component Analysis (PCA) for privacy 

reasons. The ‘Class’ column indicates whether a transaction is 

fraudulent (1) or legitimate (0).  

2.2 Data Preprocessing  

Effective preprocessing is essential for accurate model 

training. The steps include:  

Data Cleaning: Checking for missing values and duplicates to 

ensure dataset integrity.  

Feature Scaling: Standardization is applied to the ‘Amount’ 

and ‘Time’ features to bring them to a comparable scale.  

Handling Imbalanced Data: To address the class imbalance, 

techniques like SMOTE (Synthetic Minority Over-sampling 

Technique) are employed to generate synthetic samples of the 

minority class (fraud). This ensures that the model does not 

become biased towards the majority class.  

2.3 Machine Learning Models  

Multiple supervised learning algorithms are implemented and 

compared to evaluate their performance in fraud detection:  
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• Logistic Regression: A baseline model used for 

binary classification.  

• Decision Tree: A tree-based model that splits the 

data based on feature importance.  

• Random Forest: An ensemble method that builds 

multiple decision trees and combines their outputs 

to improve generalization.  

• XG Boost (Extreme Gradient Boosting): A 

powerful boosting algorithm known for its speed 

and performance on structured data.  

2.4 Model Training and Validation  

The dataset is divided into training and testing sets using an 

80:20 split. Cross-validation (typically 5-fold) is used to ensure 

that the model performs consistently across different subsets of 

the data. Hyper parameter tuning is conducted using Grid 

Search or Randomized Search to find the optimal settings for 

each model.  

2.5 Evaluation Metrics  

To assess the effectiveness of each model, the following 

metrics are used:  

Precision: Measures the proportion of true fraud predictions 

among all predicted fraud cases.  

Recall (Sensitivity): Measures the model’s ability to detect 

actual fraud cases.  

F1-Score: Harmonic mean of Precision and Recall, especially 

useful in imbalanced datasets.  

ROC-AUC Score: Indicates how well the model distinguishes 

between classes across various thresholds. 

2.6 System Architecture  

The system can be integrated into a financial institution’s 

transaction pipeline. Transactions are passed through the 

Trained a model in real time, which predicts whether a 

transaction is fraudulent. Based on the prediction and 

associated confidence score, alerts can be triggered or 

additional verification can be requested before processing the 

transaction. 

3. WORKING PRINCIPLE  
 

Practical principles of credit card fraud using machine 

learning - recognition systems revolve around identifying 

abnormal or suspicious patterns in user transactions that may 

indicate fraudulent behavior. First of all, large data records of 

historical credit card transactions with legitimate and incorrect 

entries are collected and processed, removing noise, 

processing missing values, and processing values, and 

normalizing numerical functionality. Data records are usually 

serious, considering the fact that fraud cases are relatively 

rare. Therefore, re sampling techniques such as Small 

(overload technology for synthetic minorities) and sub-

sampling are used to ensure that machine learning models 

receive balanced data during training. After preprocessing, 

various monitored learning algorithms such as logistic 

regression, decision tree, random forest, and XG Boost are 

trained to learn patterns, distinguishing between actual and 

incorrect transactions. These models analyze several 

characteristics, such as transaction volume, frequency, 

location, time of day, and user behavior. After training, the 

models are validated and tested using power metrics such as 

accuracy, recall, F1 score, and ROC positive to ensure high 

recognition accuracy with minimal false positives. When a 

system is used in a real-time environment, the system 

continuously monitors transactions and compares them to the 

patterns it learned for potentially rogue activity. A warning is 

then generated for further investigation or immediate 

measurements. This intelligent data control approach 

significantly improves fraud detection, minimizes financial 

losses, and ensures a safer trading ecosystem. 
  

4. LITERATURE REVIEW  
 

Due to the limitations of traditional conventional systems, 

many studies have considered the use of machine learning 

technology to detect credit card fraud. Researchers have 

algorithms such as logistic regression, decision trees, random 

forests, and support vector machines (SVMs) to build 

predictive models that can distinguish between legitimate and 

fraudulent transactions. Ensemble methods such as XG Boost 

and Ad Boost were acquired for their ability to improve model 

output by combining multiple learners to mitigate overfitting. 

The main challenge highlighted in the literature is the issue of 

class failure, with fraudulent transactions representing very 

small parts of the data set.  

To improve this, we used techniques such as Small (a 

synthetic minority overloading technology), random sub-

sampling, and hybrid response methods to improve the 

sensitivity and accuracy of the model. Some studies have also 

introduced deep learning models, such as artificial neural 

networks and automobiles that can record complex transaction 

patterns, but often require more arithmetic resources and 

larger data records. Overall, the literature highlights how 

important it is to combine a robust model of machine learning 

with effective data preprocessing strategies to obtain minimal 

false-positive fraud detection. 

 

5. IMPLEMENTATION  
 

The working principles behind machine learning to detect 

credit card fraud include analyzing transactional data to 

distinguish legitimate activity and fraud based on patterns and 

anomalies. This process begins with collecting transaction 

data. This is usually generated by dimension reduction 

techniques such as principal component analysis (PCA), 

including transaction quantities, time, dealers, device 

information, and anonymized functions.  

Actual credit card data is strongly unbalanced, as it has illicit 

transactions that form a very low percentage of the advanced 

handling of the entire transaction. Use techniques such as 

synthetic minorities (SMOTE), random under stem (RUS), or 

a combination of both, to balance the data records and ensure 

that the model does not predict the majority of the majority 

(non-ear) class. Models such as logistic regression, decision 

trees, random forests, and advanced gradient boosts are 

implemented and tuned by algorithms such as XG Boost and 

tuned using hyper parameter optimizations.  

Each model learns the underlying patterns and correlations 

within the characteristics to distinguish illicit transactions 

from legitimate transactions. For example, the model can 

learn that some high-quality transactions can show fraud in a 

short time.  
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After training, you can use the model to evaluate new 

incoming transactions in real time. Each transaction is 

transferred by the model and calculates a probability rating 

that indicates it may be incorrect. If this number of points 

exceeds a certain threshold, the system automatically marks 

the transaction and checks it further, temporarily blocking it 

or alerting those involved.  

It is important to be able to adjust the thresholds to balance so 

many fraud cases while minimizing false positives that 

unpleasantly affect real users. To maintain accuracy and 

relevance, the system can also include feedback grinding, 

where marked transactions are checked and the results 

(confirmed external stands or false alarms) are used for 

normal information. This continuous learning approach helps 

the system adapt to developing fraud tactics and ensure long-

term efficiency.  

Additionally, high-performance metrics such as accuracy, 

recall, F1 scores, and ROC, AUC are regularly monitored to 

assess and improve the effectiveness of the model. This robust 

data control approach makes machine learning a powerful tool 

to provide scalability, speed, and improved identification 

capabilities compared to traditional rule-based systems.  

 

6. COST ANALYSIS AND FEASIBILITY  

 
A credit card fraud detection system with machine learning 

includes several components that contribute to the total cost 

and project feasibility. However, the cost of implementation is 

considerably justified compared to potential financial losses 

from undiscovered fraud. Cloud-based solutions such as 

AWS, Google Cloud, and Microsoft Azure provide scalable 

infrastructure with pay-as-you-go pricing models. In other 

words, it is possible even for small and medium-sized 

financial institutions. These platforms also offer prefabricated 

tools for data preparation, model training, and delivery, 

reducing the need for a comprehensive physical infrastructure. 

This significantly reduces license costs. However, costs can 

arise from purchasing your own data records or APIs, leading 

to real-time fraud risk assessment or transaction monitoring 

capabilities. 

Alternatively, institutions could decide on model prevalence 

or use fraudulent film solutions to save internal talent costs, 

depending on budget and size. This allows for incremental 

development that can be trained offline and later integrated 

into existing financial transaction processing systems. 

Additionally, using stacking for model updates and a real-time 

API for fraud assessments makes integration technically 

feasible without a complete system revision. Financial data is 

sensitive, so compliance with data protection laws (such as 

GDPR, PCI DSS) is extremely important. Encryption, 

anonymization, and secure data processing protocols must be 

implemented.  

This can slightly increase operating costs, but is necessary for 

long-term viability. Furthermore, machine learning scalability 

and adaptability provide future economically feasible 

solutions for detecting credit card fraud. 

 
 

 
Fig -1: Data Flow Diagram 

 

7. SOFTWARE DESIGN AND CODE OVERVIEW  
 

The software design of credit card fraud recognition systems 

consists of a modular, scalable pipeline for machine learning. 

The system begins with preprocessing the data as data records 

are loaded, cleaned, and converted to handle missing values 

and normalize functionality. The strong, unbalanced nature of 

fraud datasets means that techniques such as Small (Synthetic 

oversampling technology) are used to ensure balanced 

training. Core logic is created in Python, which uses libraries 

such as Scikit, Learn, XGBoost, Pandas, and more. 

Characteristics are selected based on correlation analysis and 

important metrics to maintain only the most important 

variables.  

As soon as the data is processed, the pipeline is split into 

training and test sets. Several models are trained and 

evaluated, including logistic regression, decision trees, 

random forests, and XG Boost. Each model is encapsulated in 

a function or class, allowing for simple experimentation and 

tuning. Evaluations are performed using metrics such as 

Precision, Recall, F1 score, and ROC, AUC. Use visualization 

instruments such as Matplotlib and Seaborn to present the 

model output and confusion matrix. The software also 

includes a simple UI or dashboard (optional) with Streamlit or 

Flask to enter transactional data to predict actual fraud. 

Overall, the design emphasizes maintenance, accuracy, and 

scalability, and is suited to the fact that it is suitable for real 

delivery.  

 

Algorithm for "Credit Card Fraud Detection Using 

Machine Learning" 

Credit card fraud detection uses several algorithms for 

machine learning to identify rogue transactions based on 

patterns learned from historical data. The following 

algorithms were used for classification problems for strong 

performance, particularly using unbalanced data records.  

 

Logistic Regression (LR):  

A statistical method used for binary classification to estimate 

the likelihood that a transaction is incorrect. It is simple, 

interpretable, and effectively separable data. The likelihood is 

calculated using the sigmoid function and is classified based 

on the threshold. Split data records based on functional values 
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for forming branches and ultimately classify transactions as 

legal or incorrect. The decision tree is easy to visualize and 

interpret, but it is easy to overhang. Random Forest handles 

large data well, with many features that provide robust 

performance for fraud detection. It builds trees one after 

another, and fixes the errors created by the previous tree in 

each new tree. XG Boost includes regularization that reduces 

over-adjustment and handles missing data internally. Below is 

the rating model performance.  

 

Decision Tree: 

The Decision Tree algorithm is a supervised machine learning 

technique used for classification and prediction. In a credit 

card fraud detection system, it helps classify transactions as 

fraudulent or legitimate based on various input features such 

as transaction amount, time, location, and user behavior. A 

Decision Tree works by splitting the dataset into smaller 

subsets based on conditions. Each internal node represents a 

test (e.g., transaction amount), each branch represents the 

outcome of the test, and each leaf node represents the final 

decision (Fraud / Not Fraud). The Decision Tree algorithm 

plays a significant role in credit card fraud detection by 

providing fast, rule-based, and interpretable classification of 

transactions. It is often used as a base model or combined with 

other algorithms to improve overall system performance. 

 

Random Forest: 

Random Forest is an ensemble machine learning algorithm 

that combines multiple Decision Trees to improve accuracy 

and reduce over fitting. In a credit card fraud detection 

system, it is widely used to classify transactions as fraudulent 

or legitimate with high reliability. Random Forest is one of the 

most effective algorithms for credit card fraud detection. It 

improves prediction accuracy, handles complex patterns, and 

reduces over fitting. Due to its robustness and reliability, it is 

widely used in real-world fraud detection systems. 

 

Support Vector Machine (SVM): 

Support Vector Machine (SVM) is a supervised machine 

learning algorithm used for classification and regression tasks. 

In a credit card fraud detection system, SVM is mainly used to 

classify transactions as fraudulent or legitimate by finding an 

optimal boundary between the two classes. SVM works by 

creating a hyperplane that separates data points into different 

classes. It selects the best boundary that maximizes the margin 

between fraudulent and non-fraudulent transactions. Data 

points closest to the boundary are called support vectors. 

These points are critical in defining the decision boundary. 

 

K-Nearest Neighbors (KNN): 

K-Nearest Neighbors (KNN) is a supervised machine learning 

algorithm used for classification and regression. In a credit 

card fraud detection system, KNN is used to classify 

transactions as fraudulent or legitimate based on the similarity 

with previously known transactions. KNN is a simple yet 

effective algorithm for credit card fraud detection. It works 

well by identifying similarities between transactions and 

detecting unusual patterns. However, due to its computational 

cost, it is more suitable for smaller datasets or as a supporting 

model in fraud detection systems. 

 

Naive Bayes: 

Naive Bayes is a supervised machine learning algorithm based 

on Bayes’ Theorem. It is widely used for classification 

problems. In a credit card fraud detection system, Naïve 

Bayes is used to classify transactions as fraudulent or 

legitimate based on probability. Naive Bayes calculates the 

probability of a transaction being fraudulent based on given 

features such as transaction amount, time, location, and 

frequency. It assumes that all features are independent of each 

other (naive assumption). Naive Bayes is an efficient and fast 

algorithm for credit card fraud detection. It uses probability-

based classification to identify fraudulent transactions and is 

particularly useful for real-time systems and baseline 

modeling. Despite its simplicity, it provides reliable 

performance in many practical scenarios. 

 

Gradient Boosting / XG Boost: 

Gradient Boosting is an advanced ensemble machine learning 

technique that builds models sequentially to improve 

prediction accuracy. XG Boost (Extreme Gradient Boosting) 

is an optimized and highly efficient implementation of 

gradient boosting. In credit card fraud detection systems, these 

algorithms are used to classify transactions as fraudulent or 

legitimate with high accuracy. Gradient Boosting and 

XGBoost are among the most powerful algorithms for credit 

card fraud detection. They provide high accuracy, handle 

complex patterns, and perform well on imbalanced datasets. 

Due to their robustness and efficiency, they are widely used in 

real-world fraud detection systems. 

 

Neural Networks: 

Neural Networks are advanced machine learning models 

inspired by the structure of the human brain. They consist of 

interconnected layers of neurons that can learn complex 

patterns from data. In a credit card fraud detection system, 

Neural Networks are used to classify transactions as 

fraudulent or legitimate with high accuracy. Neural Networks 

are powerful algorithms for credit card fraud detection due to 

their ability to learn complex patterns and adapt to new data. 

They are widely used in modern fraud detection systems, 

especially when dealing with large-scale and real-time 

transaction data. 

 

 

8. USER TESTING AND FEEDBACK 

Practical Users of Credit Card Fraud Detection - Extensive 

user tests were performed on a sample group of testers, 

including data analysts, developers, and security specialists, to 

assess friendliness and performance. These users were able to 

interact with the system via a simple graphical or command-

line interface and enter transactional data to adhere to the 

system's fraud predictions. The main focus was on user-

friendly, output clarity, and prediction accuracy.  

Feedback from the tester emphasized that the interface was 

intuitive and that the predicted results were generated quickly 

with minimal delay. Most users estimated the transparency of 

the system. In particular, the model edition included 

confidence ratings or probabilities related to all predictions. 

However, some users have noted that the system is often cut 

in well-known patterns, but sometimes they have had to 

struggle to detect new scam types without retraining. The 

proposals include adding real-time alerts, integration into 
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payment gateways, and enabling continuous model updates 

based on new data. The feedback loop helps improve the user 

interface and model threshold values, improving the balance 

between sensitivity and user reliability.  

 

9. RESULTS 

The Credit Card Fraud Detection System was successfully 

developed and evaluated using various machine learning 

algorithms to identify fraudulent transactions with high 

accuracy. The system was trained on historical transaction 

data containing both legitimate and fraudulent records. After 

preprocessing the dataset (handling missing values, 

normalization, and feature selection), multiple machine 

learning models such as Logistic Regression, Decision Tree, 

K-Nearest Neighbors (KNN), Naïve Bayes, and Gradient 

Boosting (XG Boost) were applied and compared. 

Performance Evaluation- 

The models were evaluated using key performance metrics 

such as: 

• Accuracy  

• Precision  

• Recall  

• F1-Score  

• Confusion Matrix  

Among all models, Gradient Boosting / XG Boost and Neural 

Networks performed the best in detecting fraudulent 

transactions due to their ability to handle complex patterns 

and imbalanced datasets. The implemented system 

demonstrated high efficiency in detecting fraudulent 

transactions with minimal false positives. Advanced models 

like XGBoost and Neural Networks significantly improved 

detection accuracy compared to traditional methods. Overall, 

the system proves to be reliable, scalable, and suitable for 

real-world financial applications, helping banks and financial 

institutions reduce fraud losses and enhance security. 

 

 

Fig 9.1 Login Page 

 

Fig 9.2 Transaction Screenshot 

 

Fig 9.3 Transaction Fraud detection Screenshot 

10. FUTURE SCOPE 

The future of credit card fraud recognition using machine 

learning has great potential, equipped with rapid advances in 

artificial intelligence, large-scale analytics, and cyber security. 

As digital transactions continue to grow worldwide, there is 

also a need for more intelligent and more adaptive scam 

tactics. It is expected that deep learning models of future 

systems, such as CNNS (Convolution Neural Networks), 

RNNs (Recurrent Neural Networks), and Long Term Short.  

Term Memory (LSTM) will use complex patterns in 

transactional behavior to capture both known and unknown 

species of fraud with greater accuracy. When trained on large 

real-time datasets, these models can reduce dynamic fraud 

patterns and reduce delays in the detection of malicious 

activity. Additionally, the integration of real-time stream 

processing tools such as Apache Kafka and Apache Flink 

allows for the implementation of live surveillance systems 

that can respond to suspicious activity within milliseconds, 

minimizing financial losses and security risks.  

Another ambitious area is the use of explainable AI (XAI), 

allowing financial institutions to understand and trust machine 

learning models' decisions by providing predictable reasons 

for human-interpretable decisions. Additionally, data 

protection methods such as federated learning play an 

important role in enabling several financial organizations to 

train models together without revealing sensitive customer 
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data, such as GDPR, which ensures data security and 

compliance. Block chain technology can also be integrated to 

improve transaction transparency and integrity, reducing the 

likelihood of manipulation or non-exempt access. 

Development of hybrid systems that combine traditional rules-

based engines with modern ML algorithms can create more 

robust solutions that can adapt to a variety of fraud scenarios. 

If Internet of Things (IOT) and mobile banking are expanded, 

fraud detection systems across different platforms and usage 

environments need to be optimized. Overall, the future of 

credit card fraud recognition is characterized by more 

intelligent, faster, and more secure systems that continue to 

develop to preempt fraudsters in the digital financial 

ecosystem.  

 

11. CONCLUSIONS 

 
This study examined the use of machine learning technology 

to recognize credit card fraud, a problem in the age of digital 

finance. We demonstrated the ability of machine learning to 

accurately classify fraudulent activities by analyzing 

transaction patterns using algorithms such as logistic 

regression, decision trees, random forests, and XG Boost. This 

study addressed the challenges of strongly disproportionate 

data records through effective resampling methods and 

performance metrics such as Precision, Recall, F1 Score, and 

ROC, AUC. Among the models tested, ensemble technologies 

such as Random Forest and XG Boost are midway between 

traditional classifiers, by providing better treatment of false 

positive and negative companies. The simplicity and 

efficiency of the system make it suitable for integration into 

real-world financial platforms to monitor fraud. Although 

current implementations achieve promising results, there is 

still room for promotion through the introduction of deep 

learning models, real-time analytics, and data protection 

approaches. Overall, machine learning has proven to be a 

powerful and adaptable tool in the fight against credit card 

fraud, offering a scalable, inexpensive, and intelligent solution 

that improves the security and trust of digital transactions.  

 

ACKNOWLEDGEMENT 

 
We would like to thank everyone who contributed to the 

successful completion of this research in order to recognize 

credit card fraud using machine learning. First of all, we are 

deeply grateful for the project guidelines and the teachers who 

provide ongoing encouragement to the faculty in the role of 

this faculty who developed this research activity. Your 

revealing feedback and valuable suggestions have consistently 

helped us improve our methodology and presentation.  

We would like to expand our appreciation to publicly 

published resources, tools, and local governments of data 

science and machine learning for data records, for how 

extensive the data records for anonymized credit card 

transactions from Kaggle are. Your ideas and opinions added 

depth to our approach and motivated us to study different 

perspectives on the issue. We also thank open source actors 

and developers of Python libraries such as Scikit Learn, XG 

Boost, Numpy, Pandas, and Matplotlib. Research and 

experiments. Without the collective help of all these people 

and communities, it would not have been possible to 

successfully complete this study.  

 

REFERENCES 

 
1. A. Dal Pozzolo, O. Caelen, R. A. Johnson, and G. Bontempi, 

"Calibrating probability with undersampling for unbalanced 

classification,” in  2015 IEEE Symposium Series on Computational  

Intelligence, pp. 159–166, 2015.  

 

2. S. Bhattacharyya, S. Jha, K. Tharakunnel and J. C.  Westland, 

“Data mining for credit card fraud: A comparative study,” Decision 

Support Systems, vol.  50, no. 3, pp. 602–613, 2011.  

 

3. U. Fiore, A. De Santis, F. Perla, P. Zanetti, and F.  Palmieri, 

"Using generative adversarial networks for improving classification 

effectiveness in credit card fraud detection," Information Sciences, 

vol.  479, pp. 448–455, 2019.  

 

4. Kaggle, “Credit Card Fraud Detection Dataset,” [Online]. 

Available: https://www.kaggle.com/datasets/mlg  

ulb/creditcardfraud. [Accessed: June 5, 2025]. 5) L. Breiman, 

“Random forests,” Machine Learning,  vol. 45, no. 1, pp. 5–32, 2001. 

 

6.  T. Chen and C. Guestrin, “XG Boost: A scalable  tree boosting 

system,” in Proceedings of the 22nd  ACM SIGKDD International 

Conference on  Knowledge Discovery and Data Mining, pp. 785– 

794, 2016.  

 

7.  J. Han, M. Kamber, and J. Pei, Data Mining:  Concepts and 

Techniques, 3rd ed., Morgan  Kaufmann, 2011. 

  

8.  Scikit-learn Developers, “Scikit-learn: Machine Learning in 

Python,” [Online]. Available:  https://scikit-learn.org/. [Accessed: 

June 5, 2025].  

 

9. F. Pedregosa et al., “Scikit-learn: Machine Learning in Python,” 

Journal of Machine Learning  Research, vol. 12, pp. 2825–2830, 

2011. 

 

 

 

https://ijsrem.com/

