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Abstract— Electronic payment fraud is a significant concern in today's digital world. Detecting fraudulent transactions accurately
and efficiently safeguards financial systems and protects users from financial losses. Due to which we have used Electronic payment
fraud is a significant concern in today's digital world. Detecting fraudulent transactions accurately and efficiently safeguards financial
systems and protects users from financial losses. We utilized a dataset specifically curated for fraud detection comprised features such as
transaction type, amount, balance information, and flags indicating fraud. We performed exploratory data analysis to gain insights into
the data distribution and understand the characteristics of fraudulent transactions. Visualizations, including count plots and distribution
plots, helped us identify patterns and variations in different features. We employed several algorithms for fraud detection, including
Logistic Regression, Support Vector Machines (SVM), XGBoost, and Naive Bayes, The analysis revealed varied model performances.
Logistic Regression and SVM achieved 100% accuracy. XGBoost showed higher accuracy at 100%, while Naive Bayes achieved 41%.
Random Forest outperformed others with 100% accuracy with minimum losss. These findings highlight the variability in performance,
with Random Forest emerging as the most effective model. Logistic Regression, SVM, and XGBoost also demonstrated excellent
accuracy levels.

Index Terms— Fraud payment, machine learning, Support Vector machine, Logistic regression.

detection models and assess their performance in accurately
I. INTRODUCTION identifying fraudulent transactions [5]. The study follows a

In today's digital era, electronic payments have become systematic methodology that involves several key steps.

increasingly prevalent, providing convenience and efficiency Firstly, we perforr_n a comprehensive data explqrat.ion .to get
in financial transactions. However, with the rise of online  dataset's characteristics, understand the actual distribution of

transactions, the risk of fraudulent activities has also ~(ransaction types, and identify potential class imbalances [6].
escalated [1]. Electronic payment fraud, such as unauthorized ~ Visualizations such as count plots and distribution graphs
transactions, identity theft, and account takeovers, poses a  Provide Va'“aple information for feature analysis and
significant threat to individuals, businesses, and financial ~ anomaly detection. Subsequently, we preprocess the dataset
institutions. Detecting and preventing fraud in real-time has DY removing irrelevant columns that do not contribute to
become imperative to safeguard financial systems, protect ~fraud detection. We apply one-hot encoding to categorical
users from financial losses, and maintain trust in digital featurgs to convert them into anumerica_l format guitable for
payment platforms [2]. To address the challenges associated ~ M0deling. Furthermore, we employ scaling techniques, such
with electronic payment fraud, the application of machine @S RobustScaler, to normalize numerical features, making
learning (ML) algorithms has gained prominence [3]. These them less susceptible to outliers and ensuring consistent
algorithms can analyze vast amounts of transactional data, ~Model performance [7]. To assess the effectiveness of various
identify patterns, and distinguish between legitimate and ~ @lgorithms, we utilize a range of ML and deep learning
fraudulent activities. By leveraging the power of artificial ~ Models. These include Logistic Regression, Support Vector
intelligence, organizations can develop sophisticated fraud ~Machines (SVM), XGBoost, Naive Bayes, Random Forest,
detection systems that can adapt to evolving fraud techniques ~ @nd Bidirectional Long Short-Term Memory (BiLSTM)
and provide timely interventions [4]. The primary objective netwc_)rks. Each model is trained on the _preproce§sed dataset,
of this study is to explore and evaluate the effectiveness of ~ and its performance is evaluated using metrics such as
various ML and deep learning algorithms in detecting @ccuracy, precision, recall, F1 score, and confusion rnatnceg
electronic payment fraud. We employ a curated dataset Ve also compare the models' results to determine their
specifically designed for fraud detection, containing Strengths and limitations in detecting electronic payment
transaction records with features such as transaction type, ~raud [8]. The findings of this work have good implications
amount, balance information, and fraud indicators. By for realworld applications. Financial institutions, payment
utilizing this dataset, we aim to develop robust fraud service providers, and e-commerce platforms can leverage
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the insights gained to enhance tthe fraud detection ability and
protect their customers from fraudulent activities. By
implementing effective fraud detection framework,
organizations can minimize financial losses, reduce false
positives, and improve customer trust in electronic payment
platforms [9].

Moreover, the study contributes to the broader field of
fraud detection and prevention. The evaluation and
comparison of various algorithms provide valuable insights
into their respective strengths and limitations. This
knowledge can guide future research and development efforts
to refine further and optimize fraud detection techniques. The
study also emphasizes the importance of continuously
monitoring and updating the fraud detection models to adapt
to emerging fraud patterns and ensure sustained effectiveness
[10].

Il. LITERATURE SURVEY

The field of credit card fraud (CCF) detection has
witnessed numerous research studies aimed at developing
effective detection techniques. In this section, we will discuss
various research studies that have focused on CCF detection,
with particular emphasis on fraud detection in the context of
class imbalance. Numerous techniques have been employed
to detect fraudulent credit card transactions, and we will
explore the most relevant work in this domain, categorizing
them into different approaches such as Deep Learning (DL),
(ML, CCF detection, ensemble methods, feature ranking, and
user authentication approaches [13]. ML encompasses
various branches, each capable of addressing different
learning tasks. ML frameworks, such as random forest (RF),
offer solutions for credit card fraud (CCF) detection [14].
Researchers commonly employ RF and network analysis in a
method called APATE [11]. Other ML techniques like
supervised and unsupervised learning, and algorithms such as
LR, ANN, DT, SVM, and NB, are also utilized for CCF
detection, often combined with ensemble techniques [15].
Artificial neural networks consist of interconnected nodes
and layers, while Bayesian belief networks model
dependencies between variables [12], [16]. Bilateral-branch
networks (BBN) follow the Markov condition, and support
vector machines (SVM) handle classification and regression
tasks [17], [18], [19]. Support vectors are identified as points
closest to the classification line. Investigators often utilize
neural networks, specifically Long Short-Term Memory
(LSTM), an architecture of artificial recurrent neural
networks (RNNs), to model normal distribution
characteristics and handle time sequence data [20], [21].
Unlike ordinary neural networks, LSTM networks can retain
and utilize previous information during learning tasks,
making them effective in processing sequential data [22],
[23].

I11. PROPOSED METHODOLOGY

A. Dataset Description

The dataset used for the Electronic Payments Fraud
Detection System consists of transaction records with various
features such as transaction type, amount, balance
information, and fraud indicators. The sample of dataset is
shown in fig. 1.
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Fig. 1 Dataset Description

In the Fig. 2 we have plotted the number of samples of the
particular features of the dataset. Similarly we have plotted
the distribution of transaction amount and transaction steps as
shown in Fig. 3.
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Fig. 3 Distribution of Transaction Amount ans Steps
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We have also analyse all the varibales of the dataset by
plotting the box plot of each variable as shown in Fig. 4.
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Fig. 4 Boxplot of each Variable
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B. Preprocessing and Exploratory Data Analysis (EDA)

e Perform an initial exploration of the dataset to
understand its structure, features, and the presence of
missing values or outliers.

e Drop irrelevant columns that do not contribute to
fraud detection, such as 'nameOrig’, 'nameDest’, and
'isFlaggedFraud'.

e Apply one-hot encoding to the ‘type’ column to
convert categorical data into numerical format.

e Scale the numerical features using RobustScaler to
make them more suitable for modeling and less
susceptible to outliers

e Conduct EDA to gain insights into the dataset and
identify patterns related to fraudulent transactions
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Fig. 5 Important features

C. Model

In model we have used the different machine learning
model such as Naive bayes, logistic regression, Support
vector machine and Xgboost. We also used the GridSearch
for finding the best parameter or we can say that we have also
perform the hyperparameter tuning and get the best suitable
parameters for training and testing the used models.

IV. RESULT AND DISCUSSION

In this section we have discussed the result obtained using
the various ML models such as Navie bayes, SVM, Logistic
Regression and Xghoost. Naive Bayesgives the F1 score of
0.58 indicates that the model's performance in detecting
payment fraud is moderate. It has room for improvement
compared to the other models evaluated. Support Vector
Machine (SVM) achieved an F1 score of 1 suggests that the
SVM model is performing exceptionally well in identifying
payment fraud. It demonstrates a perfect balance between
precision and recall, effectively detecting fraudulent
transactions with minimum loss and complexity. Similar to
SVM, the logistic regression model's F1 score of 1 indicates
excellent performance in detecting payment fraud. It achieves
perfect precision and recall, making it highly reliable for
identifying fraudulent transactions. SVM and logistic
regression, XGBoost also attains an F1 score of 1. This
suggests that it excels in detecting payment fraud, exhibiting
a perfect balance between precision and recall. The
classification reports of all the Naive Bayes, Xgboost, SVM
and Logistic regression are shown on Fig 6, Fig.7, Fig 8, and
Fig 9 respectively.
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Fig. 6 Naive Bayes Results
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Fig. 7 Xgboost Result
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Fig. 8 SVM Result
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Fig. 9 Logistice Regression

V. CONCLUSION AND FUTURE WORK

In this work we have proposed payment fraud detection,
using various ML models. The model was evaluated using F1
scores as a measure of effectiveness. Among the models
examined, Naive Bayes achieved an F1 score of 0.58,

indicating moderate performance in identifying fraudulent
transactions. While this score suggests room for
improvement, it still provides some level of fraud detection
capability. On the other hand, Support Vector Machine
(SVM), Logistic Regression, and XGBoost showcased
exceptional results. SVM achieved a perfect F1 score of 1,
demonstrating its ability to accurately identify fraudulent
payments with minimum loss. Similarly, both Logistic
Regression and XGBoost also achieved perfect F1 scores of
1, highlighting their effectiveness in detecting payment fraud
with precision and recall. Considering these results, it is clear
that SVM, Logistic Regression, and XGBoost outperform
Naive Bayes in the context of payment fraud detection. Their
perfect F1 scores indicate a high level of reliability and
accuracy in identifying fraudulent transactions. When
selecting a model for implementation, additional factors such
as model complexity, interpretability, and computational
resources should be considered. For Future work we can use
the transformer model and diffrerent techniques of features
extraction
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