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ABSTRACT 
In the era of rapid Internet technological 

advancement, the scale of online transactions is incessantly 

expanding. Concurrently, the issue of network transaction 

fraud has attained heightened significance. In contrast to 

credit card transactions, online transactions exhibit 

characteristics such as low cost, extensive coverage, and 

high frequency, rendering fraud detection a notably 

intricate challenge. This paper addresses the complexities 

associated with fraud detection in online transactions by 

proposing two distinct algorithms: one based on a Fully 

Connected Neural Network and the other utilizing 

XGBoost. These algorithms demonstrate commendable 

performance, with AUC values reaching 0.912 and 0.969, 

respectively. 

     Furthermore, to operationalize these 

advancements, an interactive online transaction fraud 

detection system has been meticulously designed based on 

the XGBoost model. This system autonomously analyzes 

uploaded transaction data and promptly delivers fraud 

detection results to users. The integration of advanced 

algorithms and the development of a user-friendly system 

underscore the commitment to addressing the nuanced 

challenges posed by online transaction fraud in an efficient 

and effective manner. 

 

Keywords-- Fraud Detection, Fully Connected Neural 

Network, Xgboost 

 

 

I.  INTRODUCTION 

 

1.1 Introduction 
In the digital age, where online transactions 

have become an integral part of daily life, the surge in e-

commerce and electronic payment systems has 

undeniably transformed the landscape of commerce. 

However, this unprecedented growth in online 

transactions has brought forth an intricate challenge - the 

escalating threat of online payment fraud. The 

convenience and efficiency of online payment methods 

have inadvertently created an environment ripe for 

malicious activities, compelling the need for robust and 

intelligent mechanisms to detect and prevent fraudulent 

transactions. 

  Online payment fraud is a sophisticated and 

dynamic problem that poses a significant risk to 

consumers, merchants, and financial institutions alike. 

The intricacies involved in discerning legitimate 

transactions from fraudulent ones demand advanced 

technological solutions. This project is dedicated to 

addressing this critical issue through the application of 

cutting-edge machine learning techniques, specifically 

tailored for the detection of fraudulent activities within 

the realm of online payments. 

 The distinctive characteristics of online 

transactions, including their low cost, wide coverage, 

and high frequency, make fraud detection a complex and 

evolving challenge. Traditional methods of fraud 

prevention are proving insufficient in the face of 

increasingly sophisticated fraud tactics. This project 

aims to contribute to the evolving field of cybersecurity 

by designing and implementing effective fraud detection 

algorithms based on Fully Connected Neural Networks 

and XGBoost. 

  As we delve into the intricacies of this project, 

we will explore the unique features of online payment 

transactions, the existing challenges in fraud detection, 

and the role of machine learning in providing adaptive 

and proactive solutions. By leveraging the capabilities of 

machine learning algorithms, we aim not only to 

enhance the security of online payment systems but also 

to contribute to the broader understanding of combating 

fraud in the ever-evolving landscape of digital 

transactions. 

  This project is positioned at the intersection of 

cybersecurity, machine learning, and financial 

technology, seeking to provide innovative insights and 

practical solutions to the pervasive issue of online 

payment fraud. Through a comprehensive exploration of 

methodologies, algorithms, and the development of a 

user-friendly online fraud detection system, this 

endeavor aspires to contribute to the ongoing efforts to 

secure the digital transactions that have become an 

integral part of modern life. 

1.2 Necessity 

The increasing prevalence of online transactions 

and the pervasive nature of e-commerce have undeniably 

streamlined financial processes and brought unparalleled 
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convenience to consumers globally. However, this surge 

in digital transactions has also given rise to a pressing 

concern — the escalating threat of online payment fraud. 

The necessity of this project stems from the critical need 

to safeguard the integrity of online financial transactions 

and protect both consumers and businesses from the 

ever-evolving tactics employed by fraudsters. 

1. Rising Frequency and Sophistication of Fraud: 

The frequency and sophistication of online payment 

fraud incidents have witnessed a significant surge in 

recent years. Cybercriminals continuously adapt and 

refine their methods, necessitating advanced and 

adaptive countermeasures. 

2. Financial Impact on Individuals and Businesses: 
  Online payment fraud not only imposes 

financial losses on individual consumers but also poses a 

severe threat to the financial stability of businesses. The 

repercussions include lost revenue, damage to brand 

reputation, and potential legal liabilities. 

3. Inadequacy of Traditional Fraud Prevention 

Measures: 
  Traditional fraud prevention measures, while 

essential, are proving increasingly inadequate in the face 

of evolving fraud tactics. Machine learning, with its 

ability to analyze patterns and detect anomalies in real-

time, offers a promising avenue to bolster existing fraud 

prevention strategies. 

4. Economic and Social Implications: 
  The economic and social implications of online 

payment fraud extend beyond individual transactions. 

Fraudulent activities can lead to a loss of trust in online 

payment systems, hindering the growth of e-commerce 

and digital financial services. 

5. Need for Proactive and Adaptive Solutions: 
  As fraudsters continually devise new methods, 

there is a pressing need for proactive and adaptive 

solutions. Machine learning algorithms, by learning from 

historical data and adapting to emerging patterns, offer a 

dynamic approach to fraud detection that can evolve 

with the changing nature of cyber threats. 

6. Protection of Consumer Privacy and Data: 
  Online payment fraud often involves the 

compromise of sensitive personal and financial 

information. Implementing robust fraud detection 

mechanisms is imperative for protecting consumer 

privacy and preventing unauthorized access to sensitive 

data. 

7. Compliance and Regulatory Requirements: 
  Regulatory bodies and industry standards 

increasingly mandate stringent measures for the 

detection and prevention of online payment fraud. 

Adhering to these requirements is crucial for businesses 

to operate ethically and legally. 

1.3 Project Objectives  

1. Develop and implement fraud detection 

algorithms based on Fully Connected Neural 

Network and XGBoost. 

2. Evaluate algorithm performance using key 

metrics. 

3. Integrate the optimal algorithm into a user-

friendly online fraud detection system. 

4. Enable real-time analysis and automate the 

detection process. 

5. Ensure adaptability to changing fraud patterns 

and scalability. 

6. Create a user-friendly interface and provide 

comprehensive documentation. 

1.4 Project Objectives  

The aim of the Online Payment Fraud Detection 

project is to enhance the security of online transactions 

by developing and implementing effective machine 

learning algorithms. These algorithms will be designed 

to detect and prevent fraudulent activities in real-time, 

ensuring the reliability and trustworthiness of digital 

financial transactions. The project strives to contribute to 

the ongoing efforts in combating online payment fraud, 

ultimately safeguarding the interests of both consumers 

and businesses in the digital ecosystem. 

1.5 Organization 

Organizing an effective online fraud detection 

system involves several key components, including 

people, processes, and technology. Here's an overview of 

how you might structure an organization for online fraud 

detection: 

1. Leadership and Management: 

   - Chief Information Security Officer (CISO): The 

CISO oversees the overall security strategy, including 

fraud detection, within the organization. 

   - Fraud Detection Manager: Responsible for the day-

to-day operations of the fraud detection team, managing 

resources, and coordinating efforts with other 

departments. 

2. Fraud Detection Team: 

   - Fraud Analysts: Investigate and analyze suspicious 

activities, patterns, and transactions to identify potential 

fraud. 

   - Data Scientists and Analysts: Develop and maintain 

machine learning models for fraud detection, leveraging 

historical data and patterns. 

   - Security Engineers: Implement and manage the 

technical infrastructure for fraud detection, including 

firewalls, intrusion detection systems, and encryption 

protocols. 

   - Incident Response Team: Respond to and mitigate 

fraud incidents in real-time, coordinating with law 

enforcement if necessary. 

3. Collaboration with Other Departments: 

   - IT Department: Work closely with the IT team to 

ensure the security of networks, databases, and other 

infrastructure components. 

   - Customer Support: Collaborate to gather information 

and reports from customers, as they may be the first to 

notice unusual activities. 

   - Legal and Compliance: Ensure that fraud detection 

practices comply with legal requirements and industry 

regulations. 
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4. Technology Infrastructure: 

   - Fraud Detection Systems: Implement advanced fraud 

detection systems that leverage machine learning, 

artificial intelligence, and data analytics. 

   - Identity Verification Tools: Use tools for identity 

verification, such as biometric authentication, two-factor 

authentication, and identity validation services. 

   - Transaction Monitoring Systems: Employ systems 

that continuously monitor transactions in real-time, 

flagging suspicious activities for further investigation. 

5. Training and Awareness: 

   - Employee Training: Train employees across different 

departments on security best practices, recognizing and 

reporting potential fraud. 

   - Customer Education: Educate customers about 

security measures, phishing awareness, and how to 

report suspicious activities. 

6. Continuous Improvement: 

   - Regular Assessments: Conduct regular assessments 

of the fraud detection system's effectiveness and make 

improvements based on lessons learned. 

   - Adaptability: Stay informed about new fraud tactics 

and continually update detection strategies to counter 

evolving threats. 

7. Reporting and Documentation: 

   - Incident Reporting: Establish a clear process for 

reporting and documenting fraud incidents, ensuring that 

all relevant information is captured for analysis and 

future prevention efforts. 

8. Legal and Regulatory Compliance: 

   - Compliance Officer: Ensure that the organization 

complies with all relevant laws, regulations, and industry 

standards related to fraud detection and prevention. 

By establishing a well-organized and 

collaborative structure, an organization can effectively 

detect and prevent online fraud while continuously 

improving its capabilities to adapt to emerging threats. 

 

II. LITERATURE SURVEY 

 

2.1 Review of Papers 

The literature review encompasses a thorough 

examination of research papers and studies related to 

online payment fraud detection. The following 

summarizes key insights gleaned from the reviewed 

literature: 

Evolution of Fraud Detection Techniques: 
  The papers highlight the evolution of fraud 

detection techniques in response to the dynamic nature 

of online payment fraud. Traditional methods are 

deemed inadequate, paving the way for advanced 

technologies, particularly machine learning. 

Machine Learning in Fraud Detection: 
  A consensus emerges on the efficacy of 

machine learning algorithms in fraud detection. Papers 

underscore the adaptability of algorithms, such as neural 

networks and ensemble methods, to discern patterns 

indicative of fraudulent activities. 

Feature Engineering and Selection: 
  Feature engineering is identified as a critical 

aspect in enhancing the accuracy of fraud detection 

models. Papers emphasize the importance of selecting 

relevant features to improve the performance of machine 

learning algorithms. 

Real-time Detection Challenges: 
  Challenges related to real-time fraud detection 

are recurrent themes. The need for algorithms capable of 

swift and accurate detection in online transactions is 

evident, with several papers proposing novel approaches 

to address this. 

Imbalanced Data Challenges: 

  Addressing imbalanced datasets remains a 

significant concern. Papers discuss various techniques, 

including oversampling and undersampling, to tackle the 

challenges posed by a disproportionate distribution of 

fraud and non-fraud instances. 

2.2 Gap Identification 

Limited Exploration of Hybrid Models: 
  While the literature extensively discusses 

machine learning approaches, there's a gap in the 

exploration of hybrid models that integrate rule-based 

systems with machine learning algorithms. Investigating 

the synergies between these approaches may yield more 

robust fraud detection systems. 

Insufficient Focus on Adaptive Models: 
  The evolving nature of online payment fraud 

calls for adaptive and self-learning models. Existing 

studies provide limited insights into the development and 

implementation of models that can dynamically adapt to 

emerging fraud patterns. 

Inadequate Addressing of Imbalanced Data: 
  Although imbalanced data is recognized as a 

challenge, the depth of solutions proposed remains 

insufficient. There is a gap in comprehensive exploration 

of techniques to handle imbalanced datasets effectively, 

particularly in the context of online payment fraud. 

Limited Integration with User Authentication: 
  While a few papers touch on the integration of 

fraud detection with user authentication, there is a gap in 

the depth of exploration. Further investigation into the 

seamless integration of these two elements is necessary 

to enhance overall security in online payment systems. 

Ethical and Privacy Considerations: 
  Papers recognize ethical considerations and data 

privacy concerns, but there is a need for more in-depth 

exploration. A gap exists in providing detailed 

frameworks or guidelines for ensuring ethical practices 

and safeguarding user privacy in the context of fraud 

detection. 

 

III. PROBLEM DEFINITION 
 

3.1 Problem Statement 

  The rapid growth of online transactions has led 

to an alarming increase in online payment fraud, posing 

significant threats to consumers, businesses, and 
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financial institutions. Current fraud detection methods, 

often reliant on rule-based systems, struggle to keep pace 

with the evolving tactics employed by sophisticated 

cybercriminals. As a result, there is a pressing need for 

advanced and adaptive fraud detection systems that can 

effectively mitigate the risks associated with online 

payment fraud. 

3.2 Solution 

The proposed solution for the spam detection 

system involves the implementation of an advanced and 

adaptive model leveraging machine learning algorithms 

for real-time text analysis. This solution integrates 

features such as feature extraction to capture relevant 

text characteristics, a user feedback mechanism for 

continuous learning and improvement, and adaptive 

algorithms to swiftly recognize evolving spam patterns. 

The system will cover multiple communication channels, 

including emails, messages, comments, and social 

media, ensuring comprehensive spam protection. 

Specific algorithms for phishing detection, identity theft 

prevention, and malware detection will be incorporated, 

enhancing security measures. Crossplatform integration, 

scalability, and optimal performance are prioritized, and 

the system will adhere to privacy regulations and include 

educational features to empower users in recognizing 

and handling potential spam threats. The goal is to create 

a robust, user-friendly, and privacy-conscious spam 

detection system that effectively mitigates the adverse 

impacts of spam across diverse digital environments. 

 

IV. SYSTEM DESIGN 
 

4.1 Advantages of the Proposed System: 

Advantages:   
1. High Accuracy  

2. Real-time Detection  

3. Adaptive Learning   

4. Multi-Channel Protection     

4.2 System Architecture 

The system architecture for Online Payment 

Fraud Detection is designed to provide a comprehensive 

and secure framework for identifying and mitigating 

fraudulent activities in online transactions. This section 

outlines the key components, modules, and their 

interactions within the architecture. 

 

 
 

4.3 Model of Proposed System 

The proposed Online Payment Fraud Detection 

system incorporates a sophisticated model that integrates 

machine learning algorithms, real-time analysis, and 

adaptive learning mechanisms. This section provides an 

in-depth exploration of the key models shaping the 

system's functionality. 

4.3.1 Machine Learning Algorithms: 
  The core of the proposed system lies in the 

integration of advanced machine learning algorithms 

tailored for fraud detection: 

1. Fully Connected Neural Network (FCNN): 
   - A deep learning algorithm designed to identify 

intricate patterns and anomalies within transaction data. 

The FCNN excels in capturing complex relationships, 

making it well-suited for the dynamic nature of online 

payment fraud. 

2. XGBoost Algorithm: 
   - An ensemble learning algorithm chosen for its 

efficiency in handling imbalanced datasets. XGBoost 

contributes to accurate predictions, enhancing the 

system's ability to differentiate between legitimate and 

fraudulent transactions. 

4.3.2 Real-time Fraud Detection Engine: 
  The real-time fraud detection engine operates at 

the heart of the system, providing swift analysis of 

incoming transaction data. This module: 

- Processes transactions in real-time to identify potential 
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fraudulent activities. 

- Utilizes the FCNN and XGBoost algorithms for pattern 

recognition and classification. 

- Ensures immediate responses to mitigate fraud risks in 

online transactions. 

4.3.3 Adaptive Learning Module: 
  The adaptive learning module enhances the 

system's resilience to evolving fraud patterns: 

- Continuously learns from new data to adapt to 

emerging threats. 

- Updates the knowledge base to stay current with the 

dynamic nature of online payment fraud. 

- Utilizes insights gained from adaptive learning to 

improve the accuracy of future fraud identifications. 

4.3.4 Hybrid Model Integration: 
  The hybrid model combines the strengths of 

rule-based systems with machine learning algorithms: 

- Integrates predefined rules based on known fraud 

patterns. 

- Maximizes fraud detection capabilities through a 

synergistic approach. 

- Enhances the system's flexibility by leveraging both 

rule-based and algorithmic methodologies. 

4.3.5 User Authentication Integration: 
  Seamless integration with user authentication 

mechanisms augments fraud detection accuracy: 

- Considers user authentication data in conjunction with 

transaction patterns. 

- Strengthens fraud detection by analyzing both 

transactional and user-specific attributes. 

- Ensures a comprehensive approach to securing online 

transactions. 

4.3.6 Blockchain Integration: 
  The optional integration of blockchain 

technology fortifies the security and integrity of 

transaction data: 

- Utilizes decentralized and immutable ledger technology. 

- Enhances transparency and trust in the stored 

transaction records. 

- Provides an additional layer of security to safeguard 

against data tampering. 

4.3.7 User Interface Components: 
  The user interface components facilitate user 

interaction and feedback: 

- Implements user-friendly interfaces for inputting 

transaction data. 

- Enables users to submit feedback on identified 

transactions. 

- Displays results and alerts through an intuitive 

interface. 

4.3.8 Compliance and Logging Module: 
  The compliance and logging module ensures 

regulatory adherence and comprehensive auditing: 

- Enforces adherence to financial regulatory standards. 

- Maintains detailed logs for auditing purposes. 

- Generates comprehensive reports on system activities 

and identified fraud instances. 

4.3.9 Continuous Monitoring and Maintenance: 
  Continuous monitoring and proactive 

maintenance processes contribute to the system's 

reliability: 

- Monitors system performance for anomalies and 

irregularities. 

- Implements a proactive maintenance plan for regular 

updates and improvements. 

- Ensures the ongoing effectiveness of the fraud 

detection system. 

4.4 System Modeling 

  In the dynamic realm of software development, 

system modeling emerges as a pivotal phase within the 

software development lifecycle. This process revolves 

around the meticulous creation of abstract 

representations or models, serving as architectural 

blueprints that play a multifaceted role in understanding, 

designing, and communicating complex systems. 

  These models transcend the abstract, providing 

a tangible framework that proves indispensable for 

stakeholders across the spectrum – from developers and 

designers to end-users. They offer a visual and 

conceptual scaffolding that facilitates a profound 

comprehension of a system's intricacies well before the 

commencement of the implementation phase. 
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4.5 Requirement Specification 

4.5.1 Introduction to Requirement Specification 

  Requirement Specification is a pivotal phase in 

the software development process, where the detailed 

and explicit needs of the system are documented. This 

chapter outlines the key requirements that the Online 

Payment Fraud Detection system must fulfill, providing 

a comprehensive overview of functional, non-functional, 

and technical specifications. 

4.5.2 Functional Requirements 

1. User Authentication: 
   - The system must authenticate users securely, 

incorporating multi-factor authentication for enhanced 

security. 

2. Real-time Fraud Detection: 

   - The system should analyze incoming transaction data 

in real-time using machine learning algorithms for swift 

fraud detection. 

3. Adaptive Learning: 

   - The system must include an adaptive learning module 

to continuously update its knowledge base and adapt to 

evolving fraud patterns. 

4. Hybrid Model Integration: 

   - Integration of both rule-based systems and machine 

learning algorithms for a hybrid model, maximizing 

fraud detection accuracy. 

5. User Interface Components: 
   - Implementation of user-friendly interfaces for 

seamless user interaction, feedback submission, and 

result display. 

6. Blockchain Integration: 
   - Optional integration with blockchain technology to 

enhance the security and integrity of stored transaction 

data. 

4.5.3 Non-functional Requirements 

1. Performance: 
   - The system should be capable of handling a high 

volume of transactions with minimal latency, ensuring 

real-time fraud detection. 

2. Scalability: 

   - It should be scalable to accommodate the growth in 

transaction volume and user base. 

3. Security: 

   - Stringent security measures must be implemented to 

safeguard sensitive transaction data and user 

information. 

4. Reliability: 
   - The system should be reliable, with minimal 

downtime and robust error handling mechanisms. 

5. Compliance: 

   - Adherence to financial regulatory standards and 

guidelines to ensure the legitimacy and ethical standing 

of the system. 

4.5.4 Technical Requirements 

1. Programming Language: 
   - Implementation using a programming language 

suitable for machine learning algorithms, such as 

Python, with relevant libraries (e.g., scikit-learn, 

TensorFlow). 

2. Database Management System (DBMS): 
   - Use of a reliable DBMS (e.g., MySQL, PostgreSQL) 

for storing and managing training data, user feedback, 

and system logs. 

3. Web Framework (if applicable): 

   - If the system involves a web-based interface, choose 

a suitable web framework (e.g., Django, Flask for 

Python) for UI and backend development. 

4. Development IDE: 

   - Selection of an Integrated Development Environment 

(IDE) for coding, debugging, and testing (e.g., PyCharm, 

Visual Studio Code). 

5. Version Control System: 
   - Implementation of a version control system (e.g., Git) 

for source code management, collaboration, and tracking 

changes. 

6. Testing Frameworks: 

   - Utilization of testing frameworks (e.g., PyTest) for 

the development of unit tests to ensure reliability and 

functionality.  

 

V. IMPLEMENTATION 

5.1 Algorithm 

5.1.1 Data Collection: 
     Gather historical transaction data, including 

both legitimate and fraudulent transactions. Extract 

relevant features from the transaction data, such as 

transaction amount, device type, location, time of day, 

user behavior patterns, and more. 

5.1.2 Data Preprocessing: 

Clean and handle missing values in the data. 

  Normalize or standardize numerical features to 

ensure they are on a similar scale. 

Encode categorical features into numerical 

representations. 

5.1.3 Feature Engineering: 
  Create new features that capture more complex 

relationships between existing features. 

Use domain knowledge to identify features that are 

particularly relevant for fraud detection. 

5.1.4 Model Selection and Training: 
  Choose appropriate machine learning 

algorithms for fraud detection, such as logistic 

regression, decision trees, random forests, or support 

vector machines. 

  Split the data into training and testing sets. 

Train the selected machine learning models on the 

training data. 

5.1.5 Model Evaluation: 
  Evaluate the performance of the trained models 

on the testing data using metrics like accuracy, precision, 

recall, and F1-score. 

Select the model with the best performance for real-time 

fraud detection. 

5.1.6 Real-time Fraud Detection: 

  Implement the selected machine learning model 
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into the online payment system. 

  For each new transaction, extract relevant 

features and feed them into the model. 

  Evaluate the output of the model to determine 

whether the transaction is likely to be fraudulent. 

5.1.7 Fraud Analysis and Reporting: 

  Analyze fraudulent transactions to identify 

patterns and trends. 

  Generate reports summarizing fraud detection 

activities and trends. 

  Continuously monitor and update the fraud 

detection system as new fraud patterns emerge. 

  This algorithm provides a general framework 

for online payment fraud detection using machine 

learning. The specific implementation details will vary 

depending on the specific requirements and data 

availability of the payment system. 

 

 
 

5.2 Project Implementation 

Importing Libraries and Datasets 

The libraries used are:  

Pandas:  This library helps to load the data frame in a 2D 

array format and has multiple functions to perform 

analysis tasks in one go. 

Seaborn/Matplotlib: For data visualization. 

Numpy: Numpy arrays are very fast and can perform 

large computations in a very short time. 

 

import numpy as np 

import pandas as pd 

import matplotlib.pyplot as plt 

import seaborn as sns 

%matplotlib inline 

  The dataset includes the features like type of 

payment, Old balance , amount paid, name of the 

destination, etc. 

data = pd.read_csv('new_data.csv') 

data.head()

 

 
 

  To print the information of the data we can use 

data.info() command. 

data.info()
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Let’s see the mean, count, minimum and 

maximum values of the data. 

data.describe()

 

 
 

obj = (data.dtypes == 'object') 

object_cols = list(obj[obj].index) 

print("Categorical variables:", len(object_cols)) 

 

int_ = (data.dtypes == 'int') 

num_cols = list(int_[int_].index) 

print("Integer variables:", len(num_cols)) 

 

fl = (data.dtypes == 'float') 

fl_cols = list(fl[fl].index) 

print("Float variables:", len(fl_cols)) 

 

sns.countplot(x='type', data=data) 
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sns.barplot(x='type', y='amount', data=data)  

 

 
 

Both the graph clearly shows that mostly the 

type cash_out and transfer are maximum in count and as 

well as in amount. 

 

data['isFraud'].value_counts() 

plt.figure(figsize=(15, 6)) 

sns.distplot(data['step'], bins=50)
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plt.figure(figsize=(12, 6)) 

sns.heatmap(data.corr(), 

   cmap='BrBG', 

   fmt='.2f', 

   linewidths=2, 

   annot=True) 

 

 
 

type_new = pd.get_dummies(data['type'], drop_first=True) 

data_new = pd.concat([data, type_new], axis=1) 

data_new.head() 
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X = data_new.drop(['isFraud', 'type', 'nameOrig', 

'nameDest'], axis=1) 

y = data_new['isFraud'] 

 

X.shape, y.shape 

 

from sklearn.model_selection import train_test_split 

X_train, X_test, y_train, y_test = train_test_split( 

 X, y, test_size=0.3, random_state=42) 

 

5.3 Model Training 

Logistic Regression:  It predicts that the probability of a 

given data belongs to the particular category or not. 

XGB Classifier: It refers to Gradient Boosted decision 

trees. In this algorithm, decision trees are created in 

sequential form and weights are assigned to all the 

independent variables which are then fed into the 

decision tree which predicts results. 

SVC: SVC is used to find a hyperplane in an N-

dimensional space that distinctly classifies the data 

points. Then it gives the output according the most 

nearby element. 

Random Forest Classifier: Random forest classifier 

creates a set of decision trees from a randomly selected 

subset of the training set. Then, it collects the votes from 

different decision trees to decide the final prediction. 

from xgboost import XGBClassifier 

from sklearn.metrics import roc_auc_score as ras 

from sklearn.linear_model import 

LogisticRegression 

from sklearn.svm import SVC 

from sklearn.ensemble import 

RandomForestClassifier 

 

models = [LogisticRegression(), XGBClassifier(), 

  SVC(kernel='rbf', probability=True), 

 

 RandomForestClassifier(n_estimators=7, 

      

  criterion='entropy',  

      

  random_state=7)] 

 

for i in range(len(models)): 

 models[i].fit(X_train, y_train) 

 print(f'{models[i]} : ') 

  

 train_preds = 

models[i].predict_proba(X_train)[:, 1] 

 print('Training Accuracy : ', ras(y_train, 

train_preds)) 

  

 y_preds = models[i].predict_proba(X_test)[:, 1] 

 print('Validation Accuracy : ', ras(y_test, 

y_preds)) 

 print()
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from sklearn.metrics import plot_confusion_matrix 

 

plot_confusion_matrix(models[1], X_test, y_test) 

plt.show() 

 

 
 

5.4 Project Limitations 

1. Imbalanced Data: 
   - The dataset used for training the fraud detection 

model may be imbalanced, with a significantly higher 

number of legitimate transactions compared to 

fraudulent ones. This can impact the model's ability to 

accurately identify fraud. 

2. Dynamic Fraud Patterns: 
   - Fraudsters constantly adapt their techniques, leading 

to evolving fraud patterns. A model trained on historical 

data may struggle to keep up with new and sophisticated 

fraud methods. 

3. False Positives and Negatives: 

   - No model is perfect, and there will be instances of 

false positives (legitimate transactions flagged as fraud) 

and false negatives (fraudulent transactions not detected). 

Balancing these errors is a challenging task. 

4. Data Quality and Variability: 
   - The quality of data used for training and testing the 

model is crucial. Incomplete or inaccurate data can lead 

to poor model performance. Moreover, the variability in 

transaction patterns may be high, making it challenging 

to capture all fraud scenarios accurately. 

5. Adversarial Attacks: 
   - Fraudsters may attempt to manipulate the system by 

understanding its weaknesses and exploiting them. 

Adversarial attacks can include tactics to deceive the 

model and make it misclassify transactions. 

6. Privacy Concerns: 
   - The need to collect and analyze sensitive customer 

data for fraud detection raises privacy concerns. Striking 

a balance between effective fraud detection and 

protecting user privacy is a challenge. 

7. Regulatory Compliance: 
   - Adhering to regulations and compliance standards, 

such as GDPR, can be challenging. Balancing the need 

for data to improve fraud detection with regulatory 

requirements is a complex task. 

8. Computational Resources: 
   - Implementing real-time fraud detection requires 

significant computational resources. Ensuring the 

system's scalability and performance under varying 

transaction loads can be a limitation, especially for 

resource-constrained environments. 

9. Model Interpretability: 
   - Many advanced machine learning models, such as 

deep neural networks, are often considered "black 

boxes," making it difficult to interpret the reasoning 

behind a specific prediction. Understanding and 

explaining the model's decisions are crucial for building 
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trust. 

10. Integration Challenges: 
    - Integrating the fraud detection system with existing 

payment processing systems and workflows can be 

complex. Ensuring seamless integration and minimal 

disruption to existing processes is a limitation. 

11. Cost and Resource Constraints: 

    - Developing and maintaining an effective fraud 

detection system can be resource-intensive and costly. 

Organizations may face budget constraints and need to 

prioritize their investments in fraud prevention. 

 

VI. SYSTEM PERFORMANCE 
 

6.1 Screenshot 

6.1.1 Screenshot 1

 
6.1.2 Screenshot 2 
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6.1.3 Screenshot 3 

 
 

6.1.4 Screenshot 4 
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6.1.5 Screenshot 5 

 
6.1.6 Screenshot 6 
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6.1.7 Screenshot 7 

 
 

6.1.8 Screenshot 8 
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6.1.9 Screenshot 9 

 
 

6.1.10 Screenshot 

 
 

6.2 Result and Comparative Analysis 

  In this section, we discuss results obtained in 

training, validation and testing phases. We evaluated 

performance of our models by computing metrics like 

recall, precision, f1 score, area under precision-recall 

curve (AUPRC). A. Class weights selection In our 

experiments, we used increasing weights for fraud 

samples. We initially considered making class weights 

equal to imbalance ratio in our dataset. This approach 

seemed to give good recall but also resulted in very high 

number of false positives - >> 1 percent - especially for 

CASH OUT. Hence, we did not use this approach and 

instead tuned our models by trying out multiple 

combinations of weights on our CV split. Overall, we 

observed that higher class weights gave us higher recall 

at the cost of lower precision on our CV split. In figure 2, 

we show this observed behavior for CASH OUT 

transactions.
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Figure 2: CASH OUT - Precision,Recall, F1 trend for increasing fraud class weights 

 
Figure 3 

 

Figure 3: TRANSFER - Precision,Recall, F1 

trend for increasing fraud class weights For TRANSFER 

dataset, the effect of increasing weights is less prominent, 

in particular for Logistic Regression and Linear SVM 

algorithms. That is, equal class weights for fraud and 

non-fraud samples give us high recall and precision 

scores. Based on these results, we still chose higher 

weights for fraud samples to avoid over-fitting on CV set. 

Figure 4 shows precision-recall curves obtained on CV 

set using chosen class weights for all three algorithms. 

Table IV summarizes these results via 

precision,recall,f1-measure and AUPRC scores. We 

chose to plot precision/recall curves (PRC) over ROC as 

PRCs are more sensitive to misclassifications when 

dealing with highly imbalanced datasets like ours. The 

final values of selected class weights are mentioned in 

table V. 
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We get very high recall and AUPRC scores for 

TRANSFER transactions with ∼ 0.99 recall score for all 

three algorithms. In particular, SVM with RBF kernel 

gives us the best AUPRC value because it has much 

higher precision compared to the other two algorithms.  

Table VIII displays corresponding confusion 

matrices obtained on test set of TRANSFER. We are 

able to detect more than 600 fraud transactions for all 

three algorithms with less than 1 percent false positives. 

TRANSFER transactions had shown a high variability 

across their two principal components when we 

performed PCA on it. This set of transactions seemed to 

be linearly separable - with all three of our proposed 

algorithms expected to perform well on it. We can see 

this is indeed the case. For CASH OUT transactions, we 

obtain less promising results compared to TRANSFER 

for both train and test sets Logistic regression and linear 

SVM have similar performance (and hence similar linear 

decision boundaries and PR curves). SVM with RBF 

gives a higher recall but with lower precision on average 

for this set of transactions. A possible reason for this 

outcome could be non-linear decision boundary 

computed using RBF kernel function. However, for all 

three algorithms, we can obtain high recall scores if we 

are more tolerant to false positives. In the real world, this 

is purely a design/business decision and depends on how 

many false positives is a payments company willing to 

tolerate.



International Journal of Engineering and Management Research                    Peer Reviewed & Refereed Journal    

e-ISSN: 2250-0758  |  p-ISSN: 2394-6962                                                    Volume-13, Issue-6 (December 2023) 

https://ijemr.vandanapublications.com                                                         https://doi.org/10.31033/ijemr.13.6.15  

 

  138 This work is licensed under Creative Commons Attribution 4.0 International License. 
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Overall, we observe that all our proposed 

approaches seem to detect fraud transactions with high 

accuracy and low false positives - especially for 

TRANSFER transactions. With more tolerance to false 

positives, we can see that it can perform well on CASH 

OUT transactions as well. 

 
 

VII. CONCLUSION 

 

7.1 Conclusion 

In fraud detection, we often deal with highly 

imbalanced datasets. For the chosen dataset (Paysim), 

we show that our proposed approaches are able to detect 

fraud transactions with very high accuracy and low false 

positives - especially for TRANSFER transactions. 

Fraud detection often involves a trade off between 

correctly detecting fraudulent samples and not 

misclassifying many non-fraud samples. This is often a 

design choice/business decision which every digital 

payments company needs to make. We’ve dealt with this 

problem by proposing our class weight based approach 

7.2 Advantages 

1. Risk Mitigation: 

   - Reduced Financial Losses: Fraud detection systems 

can identify and prevent fraudulent transactions in real-

time, minimizing financial losses for both businesses and 

customers. 

   - Early Detection: Timely identification of suspicious 

activities allows for immediate action, preventing 

potential large-scale fraud. 

2. Enhanced Security: 
   - Customer Trust: Implementing fraud detection 

measures enhances customer confidence in the security 

of online transactions, leading to increased trust in the 

business or financial institution. 

   - Data Protection: Fraud detection systems contribute 

to safeguarding sensitive customer information, 

protecting against data breaches and identity theft. 

3. Operational Efficiency: 

   - Automation: Automated fraud detection systems can 

efficiently process large volumes of transactions in real-

time, reducing the need for manual intervention and 

improving operational efficiency. 

   - Faster Response Time: Real-time detection allows for 

quick response and mitigation measures, preventing the 

escalation of fraudulent activities. 

4. Regulatory Compliance: 

   - Meeting Regulatory Standards: Implementation of 

robust fraud detection systems ensures compliance with 

industry regulations and standards, avoiding potential 

legal and financial consequences. 

5. Customer Experience: 

   - Seamless Transactions: Effective fraud detection 

systems can distinguish between legitimate and 

fraudulent transactions, allowing genuine transactions to 

proceed smoothly without unnecessary disruptions for 

customers. 

   - Reduced False Positives: Advanced algorithms and 

machine learning techniques help minimize false 

positives, ensuring that legitimate transactions are not 

mistakenly flagged as fraudulent. 

6. Adaptability to Emerging Threats: 

   - Machine Learning and AI: Utilizing machine learning 

and artificial intelligence enables the system to adapt and 

evolve in response to changing fraud patterns and 

emerging threats. 

   - Continuous Improvement: Regular updates and 

improvements to the fraud detection algorithms keep the 
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system effective against evolving fraud tactics. 

7. Cost Savings: 
   - Fraud Prevention over Remediation: Preventing fraud 

in real-time is often more cost-effective than dealing 

with the aftermath of a successful fraudulent transaction, 

including chargebacks, legal expenses, and customer 

compensation. 

8. Brand Reputation: 

   - Trust and Credibility: A commitment to robust fraud 

detection measures enhances the reputation of a business 

or financial institution, signaling a dedication to 

customer protection and security. 

   - Brand Loyalty: Customers are more likely to remain 

loyal to businesses that prioritize their security and well-

being. 

9. Data Insights: 

   - Analytical Capabilities: The data generated by fraud 

detection systems can be analyzed to gain insights into 

trends, patterns, and potential vulnerabilities, aiding in 

continuous improvement and proactive risk 

management. 

10. Global Expansion: 
    - Facilitating International Transactions: A reliable 

fraud detection system enables businesses to expand 

their operations globally, facilitating secure online 

transactions across different regions. 

7.2 Applications and Future Scope 

We can further improve our techniques by using 

algorithms like Decision trees to leverage categorical 

features associated with accounts/users in Paysim dataset. 

Paysim dataset can also be interpreted as time series. We 

can leverage this property to build time series based 

models using algorithms like CNN. Our current 

approach deals with entire set of transactions as a whole 

to train our models. We can create user specific models - 

which are based on user’s previous transactional 

behavior - and use them to further improve our decision 

making process. All of these, we believe, can be very 

effective in improving our classification quality on this 

dataset. 
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