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Abstract 
 

This paper aims at identifying and evaluating a machine learning approach to monitor real-time fraud rate in 
Near Field Communication (NFC) card transactions. Built on the expanding use of (NFC) technology for 
contactless payments, the study responds to the emergent threat of fraud that revolves around NFC 
transactions. The application of machine learning algorithms in an Android application will seek to identify 
transaction trends, identify irregularities, as well as give the users instant notifications. The system employing 
supervised learning techniques measures transaction attributes like frequency, location, and transaction 
values to learn deviations from standard. The first set of data were collected, cleaned and split into a training 
set and a test set and is capable of reaching a near perfect score in recognizing fraudulent transactions. The 
study also describes how users experience the effectiveness of the promised functionalities of apps, such as 
usability, accuracy of information, and receipt of real-time alerts. Having analyzed the outcomes, the author 
concludes that integrating machine learning into the workflow is a reasonable way to boost the level of security 
of NFC operations as a win-win solution for customers and financial organizations. Subsequent versions of this 
technology may make them more effective in anticipating emerging fraudulent techniques and integrate this 
solution into more various spheres of cybersecurity. 
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INTRODUCTION 
 
Credit card fraud as a type of crime has become 
a major challenge to the consumer and financial 
firms in recent years. With an increase in 
electronic credit card and internet card usage 
the miscreants have found loophole in the 
payment system and started making 
unauthorized purchases, cloning, and even 
identity thefts. In return, various measures have 
been integrated, cutting from better 
authentication techniques to the monitor 
system to minimize these risks. As for the 
problem of fraud, there is one effective-
sounding solution that has appeared to prevent 
its occurrence – the Near Field Communication 
(NFC). 
 
NFC is a wireless technology that allows a 
short-range exchange of data between two 
devices. Globally adopted by the financial 
industry as a payment system, NFC has 
delivered mobility and contactless payments, 
therefore enhancing life for its users. This does 
not only mean payment but can also mean 
security clearance and data transfer. However, 

its popular use poses potential threats of fraud 
such as skimming, relay attack, and transaction 
interception, acting as risks to the NFC-based 
transaction. 
 
In turn, these vulnerabilities have been offset by 
the integration of machine learning in 
increasing the security of NFC transactions. 
With the help of machine learning, analyzing 
petabytes of transaction data allow identifying 
users who behave abnormally to the model, 
which will show signs of fraud on the spot. 
These guards enhance this approach by using 
machine learning to integrate NFC-based 
Android applications in order to notify users 
about such activities instantly. This aggressive 
mode of detection not only allow users to act 
quickly but also build new and real-time 
techniques for fraud deterrence. These 
innovations signify that with new approaches, it 
is requisite to perform research along with 
technological advancement in view of the 
calamitous threats that are coming up in the 
finance frontier. 
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The overall purpose of this research is to 
establish and utilize a machine learning 
approach in an Android application to identify 
fraud in NFC transactions. The first objective 
includes creating a model that emphasizes the 
anomaly detection of multiple attributes of NFC 
transactions that involve, for example, the 
frequency of transactions, location of 
transactions or monetary value of transactions. 
Auto Focusing on patterns and 
normal/fraudulent distinction, the above model 
properly targets the problem of fraud detection 
and identification by focusing on traditional and 
new patterns of behaviors. 
 
The second aim revolves around the testing of 
the proposed model in an Android application 
and making actual and real-time operations 
possible, thereby, making the model user-
friendly for consumers. With such deployment, 
the system is capable of processing, in real 
time, the NFC transaction data and issue out 
alert or prevent any fraudulent activity lately. 
 
Finally, this research has practical implications 
for the protection of cybersecurity by providing 
a way for Android as a platform to prevent and 
mitigate the dangers associated with NFC 
transactions. It helps people to be confident in 
the technology, at the same time, the same 
technology shields the consumers’ financial 
details from hackers or unauthorized persons. 
 
LITERATURES 
 
Machine Learning. Despite the promising 
results that several Machine Learning (ML)-
based methods have shown in Android malware 
detection, there are several important issues 
that remain open. These challenges are partly 
on the evaluation of the detection methods and 
partly on the types of decisions made in these 
systems. These challenges were analyzed in 
this paper and they were presented as research 
questions (or hypotheses). In response to all 
these, the researchers proposed an 
experimental setting through which the 
different parameters can be varied 
independently during the assessment of ML-
based Android malware detection approaches. 
The results obtained in the experiment are used 

to answer the dimensional research questions 
formulated in the study. Furthermore, the 
researchers explained how these issues impact 
the current state of ML based techniques. To 
address these questions, the study uses a 
large-scale dataset with both benign and 
malware applications and closely resembles 
the real-world scenario of android app security 
evaluation. The goal of this work is to contribute 
to the development of better evaluation 
techniques and better design approaches for 
future Automated Android Malware Detection 
based on ML systems (Roy et al., 2015). 
 
Recently, the threat from malware that targets 
Android based devices has not decreased. 
These applications are spread as Android 
packages, just as normal, legal Android 
applications are spread. Consequently, the 
detection of malicious files may be facilitated by 
studying APK files. In this chapter, the author 
takes an interest in how machine learning 
approaches can be used for the classification of 
Android malware. It starts with an analysis of 
APK file structure and the presentation of 
techniques for malware detection. The 
discussion then shifts to methods and tools 
involved in data acquisition and analysis with 
the emphasis on how to construct the data set. 
This is not limited to the evaluation of a 
permission request and API calls as a source of 
data but further implies the usage of application 
clusters and descriptions.   
 
To validate the proposed method for using 
machine learning in analyzing the Android 
applications, the author reported the accuracy 
of SVM classification for this dataset with 
respect the benchmark method that does not 
employ machine learning techniques. Also, the 
researchers evaluated the-secondary utility of 
the features applied and became capable of 
increasing the classification accuracy through 
leaving irrelevant ones. Last, the author 
presented the problematic issues and 
realizabilities using the machine learning 
approaches on the analysis of Android malware 
(Roy et al., 2015). 
 
Android is the most popular mobile global 
operating system (OS), and the emergence of 
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many third-party Android application (app) 
markets poses new security threats. There is no 
regulation in these markets hence research 
institutions have come up with different 
methods of detecting these malwares. However, 
since malware is developed side by side with 
the new versions of the Android system, it is 
challenging to develop an enduring, effective, 
and efficient solution for detection. In addition, 
increasing the number of features enhances the 
model and the number of computations to be 
done simultaneously.   
 
The efficiency of the proposed approach is 
examined on 6070 benign applications and 9419 
malware instances. Experimental results show 
that using dangerous permission or the number 
of used permissions as the sole benchmark for 
atypical classification fails to effectively identify 
the app as malicious while attempt to label the 
normal app as malicious. The proposed method 
obtains a classified malware detection rate of 
99.5%, and the training/testing phase takes only 
0.05 seconds. In the case of identifying malware 
families, the proposed approach attains 
detection accuracy of 99.6% whereas for novel 
or unfamiliar type of samples, detection 
accuracy is 92.71%. Compared to the prior arts, 
this approach shows higher accuracy in 
identifying malware and different malware 
families (Takahashi & Ban, 2019). 
 
Real-Time Fraud Detection. Credit card fraud is 
rife, and people lose huge amounts of money 
through this vice. Given the continuously 
growing rate of online activity and transactions, 
credit card payments make up a considerable 
amount of the latter and, as such, banks and 
financial institutions have placed a heavy focus 
and invest a considerable amount of funds in 
credit card fraud detection systems. Scams are 
bidirectional and can be presented in different 
forms, which can be divided into categories. 
There are four major types of fraud that can 
influence real-life transactions, as noted in this 
research. These subtypes are all assessed with 
a variety of different machine learning models 
and the best one for each fraud type is chosen. 
The following evaluation gives an idea on how 
best to choose the right algorithm for each type 
of fraud, examples of which the above 

performance metrics indicated.  One of the 
areas of high interest in this project is credit 
card fraud detection in real time. In real time, 
using the machine learning models and an API 
module, we determine if a transaction is 
genuine or fraudulent. Besides, the research 
includes the considerations of fased nature of 
the dataset which is common to scenarios of 
fraud detection. The data collected for this 
research is from a financial institution courtesy 
of a confidential disclosure agreement 
(Thennakoon et al., 2019). 
 
Credit card fraud leads to significant financial 
losses for both customers and organizations. To 
address this issue, numerous studies in recent 
years have leveraged machine learning 
techniques to identify and prevent fraudulent 
transactions. This paper presents two real-
time, data-driven approaches utilizing 
advanced anomaly detection methods for credit 
card fraud detection. The effectiveness of these 
approaches was evaluated on a real dataset 
from European credit card holders. 
Experimental results demonstrate that the 
proposed methods achieve high detection 
accuracy while maintaining a low false alarm 
rate. These approaches offer substantial 
benefits to organizations and individual users, 
improving cost-effectiveness and time 
efficiency in combating fraud. (Tran et al., 2018) 
 
NFC Transaction. With the advanced use of 
mobile applications, its use in payment sector 
has greatly boosted up. However, prior research 
in mobile payments and commerce have been 
prone to reverse-engineering attacks and these 
systems do not offer enough transport layer 
security. These vulnerabilities in Mobile 
Payment Applications (MPAs) may cause 
successful attack with serious financial 
consequences. 
  
To overcome these challenges, this paper 
presents an NFC-based mobile payment 
system using a secure defense-in-depth 
architecture. The researchers’ approach 
consists of three layers of defense: Hardware 
level, application level and communication 
level. In this framework, the researchers 
propose the NFC-based Secure Protocol for 
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Mobile Transactions (NSPMT) and prove its 
security in BAN logic and through Scyther tool. 
The system proposed in this paper will 
successfully prevent several types of attacks, 
such as multi-protocol attack, RAM scraping 
attack, dozing attack, Ddozing attack and 
Phlashing attack (Ahamad, 2022). 
 
Near Field Communication (NFC) technology 
has undergone significant advancements in 
recent years, driven by the growing adoption of 
NFC-enabled devices. Designed for short-range 
communication, it operates on the foundation of 
existing Radio Frequency Identification (RFID) 
standards. This technology enables simple and 
secure bidirectional communication between 
NFC-compatible devices (Shobha et al., 2016). 
 
Near Field Communication (NFC) has rapidly 
advanced in recent years and is now widely 
utilized across various applications, including 
electronic payments, key management, 
ticketing for transport and entertainment, 
information retrieval in sectors such as retail 
and healthcare, access control, and electronic 
business cards. Despite its versatility, NFC 
technology faces significant security 
challenges, particularly in contactless banking 
transactions conducted via Automatic Teller 
Machines (ATMs) or Point of Sale (PoS) systems 
(Chabbi et al., 2022). 
 
METHODOLOGY 
 
The strategies applied in this study entailed the 
design of an android application which predicts 
cases of fraud in NFC transactions using real 
time machine learning algorithms. The process 
started with data collection. Here, a variety of 
NFC transaction records that include both real 
and fake transactions were assembled. To 
achieve this, datasets containing all publicly 
available data, as well as simulated transaction 
records with other firms, were collected in 
order to establish the final data set for model 
development. Desirable attributes like amount 
of transaction, geographical location, frequency 
of transactions and any behavioral 
characteristics (Figure 1) were recorded 
because these attributes are fundamental to the 

detection of these con industries and 
possibilities of fraud. 
 

 
Figure 1 
User banking patterns to detect anomalous behaviors 

 
After data collection, the raw data were 
processed into a format acceptable for machine 
learning application. Issues arising from 
duplicate data, data inconsistencies and 
missing data required data cleaning to produce 
a clean data set. For some of the features such 
as the amounts transacted, feature scaling was 
done to ensure that all the features have almost 
equal significance in the model without making 
the model biased due to the scale of values. 
There were features of the transaction that have 
been chosen due to relevance for fraud, so that 
the model will run efficiently and effectively. The 
data was further divided in the ratio of 80: 20 for 
the training samples and the validation samples 
respectively. 
 
Taking into consideration the features of most 
NFC transactions, the model was selected and 
trained using the methods of supervised 
learning in order to provide the most accurate 
fraud detection. Several models were 
considered concerning the Random Forest, 
Support Vector Machine (SVM), Neural 
Networks, and finally the Random Forest based 
on its better performance on the structured 
data type. The model was fitted from the training 
dataset and cross validated to avoid over fitting 
of the data. Hyper parameters were tuned 
through methods such as the grid search, in 
order to balance between precision and recall 
scores. The efficiency of the model was 
evaluated by using typical measures including 
accuracy, precision, recall, and F1 score in order 
to guarantee the adequacy of fraud detection 
and reducing the number of both false positive 
and false negative cases. 
 
Further, User Acceptance Testing (UAT) was 
done on a set of actual NFC users to receive 
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feedback on the application’s ease, perceived 
message alerts, and overall experience. To 
improve the app’s ability to identify fraud, the 
output metrics such as model response time, 
false alert rate and user satisfaction level were 
assessed. In the same way, the application was 
developed with a continuous learning capability, 
so that the model employed can be updated 
whenever there is new data generated from 
NFC transactions. This capability makes it 
possible for the model to learn with the new 
emerging fraud patterns to improve detection 
accuracy and efficiency.   
 
In conclusion, this methodology proves efficacy 
of utilizing machine learning along with mobile 
technology to develop a strategy to overcome 
real time fraud in NFC transactions. As a result, 
this paper provides a realistic framework for 
improving the level of NFC transaction security 
and minimizing fraud threats faced by users 
based on comprehensive data preparation, 
model fine-tuning, and integration into a single 
application.   
 
RESULTS 
 
Dataset Overview. The dataset consists of 3,000 
transaction records, each described by six 
numerical features. These features are 
fundamental for analyzing user behavior and 
detecting fraud.  
 
The data frame consists six numerical 
predictors, out of which are characteristics of 
the quantity and pattern of transactions and are 
crucial in detecting fraud transactions. The first 
predictors are the Number of Transactions: the 
actual number of transactions a user has been 
involved in, with 1-5 transactions per user 
involved. The Locations feature shows the 
number of distinct geographic regions that are 
related with the actual transactions carried out 
by a user, ranging from one to five.  
 
The Total Amount feature refers to the sum total 
of all the amounts spent by a particular user in 
his entire transactions, and it values from 
$106.94 up to $50000. However, for the purpose 
of comparison and for all the users involved in 
the study, the Limit stays $50,000.  

The Result is another attribute calculated based 
on the values of 0 for non-fraudulent 
transaction and 2 for fraudulent transactions. 
Moreover, the Geographic Frequency provides 
the count of the number of places a user has 
transacted. This feature is used for pattern 
analysis of the behavioral aspects and to report 
on fraud, based on changes of the geographic 
transactions. 
 
Key Observations from Dataset. The following 
patterns and trends were identified through 
statistical analysis and exploration of the data: 
 
1. Transaction Frequency: 

1.1 Average number of transactions per user 
is 3. 

1.2 Minimum value: 1 transaction. 
1.3 Maximum value: 5 transactions. 
 

2. Geographic Location Analysis: 
2.1 Most users conducted transactions at 1 or 

2 unique locations. 
2.2 Anomalies were noted when users 

exhibited transactions across multiple 
locations without behavioral justification. 
 

3. Transaction Spending: 
3.1 Average spending: $19,882.54. 
3.2 Standard deviation: $14,172.56. 
3.3 A number of transactions exceeded 

$50,000, representing potential fraud 
indicators. 
 

4. Fraud Indicators from Results: 
4.1 Average value of Result: 1.19. 
4.2 Standard deviation: 0.41. 
4.3 Implying that fraudulent transactions 

(value = 2) exist within the transaction 
dataset but are limited. 

 
These insights suggested fraud patterns that 
are most strongly tied to transaction amounts, 
frequency of transactions across various 
locations, and user spending behaviors. 
 
Statistical Analysis Summary. The statistical 
findings based on the attributes are 
summarized below: 
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Table 1 
Summary of statistical findings 

 
 
DISCUSSION 
 
The conclusions of the observations from the 
data analysis include the following. First, the 
researcher wanted to examine the transaction 
frequency patterns and the average number of 
transactions per user is equal to three. This 
means that any frequency of transactions 
greater than or greater than 3 is considered as 
abnormal and linked with fraud cases.  
 
With regard to spatial behavior, most users are 
seen to execute transactions in between 1 to 2 
places. Yet, frequent and especially, 
unsystematic changes at several different 
outlets cause concern and suggest that fraud 
may be involved.  
 
In terms of the fraudulent transaction 
thresholds, any transaction amount that is close 
or over $50,000 is considered to be high risk, 
based on spending patterns and empirical data.  
 
Last but not the least, the conclusions of fraud 
detection insights indicate that many 
transactions lie in the range where the Result 
value is close to 2, which means fraud 
indicators. This shows the behavior of selfish 
spending and the occurrence of fraud in the 
overall user transaction behaviors identified. 
 
Figure 2 presents the Python code to compute 
the requested statistical metrics and perform 
fraud detection insights based on the given 
dataset. It uses pandas for data manipulation 
and NumPy for numerical calculations. 
 
The dataset is created as a panda DataFrame, 
comprising 3,000 simulated rows based on the 
provided sample values. This dataset includes 
key features such as the number of 
transactions, geographic locations, total 

amount spent, spending limit, and transaction 
results, which are integral for fraud detection 
analysis. 
 

 
Figure 2 
Python code to compute the requested statistical metrics 
and perform fraud detection insights based on the given 
dataset. 

 
Statistical analysis of the dataset is conducted 
using methods like count, mean, std, min, 
quantile, and max to compute essential metrics 
for each column. These metrics provide a 
comprehensive understanding of transaction 
patterns and variations in user behavior. 
 
Fraud detection insights focus on identifying 
critical patterns. The average transaction 
frequency is calculated from the Transactions 
column, with anomalous transactions flagged 
when the frequency exceeds the average. 
Fraudulent transactions are identified where 
the Result value equals 2, indicating potential 
fraud. Spending behavior is analyzed, 
highlighting transactions that exceed the high-
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risk threshold of $50,000 (Total Amount >= 
$50,000). 
 
The results of these analyses, including the 
statistical summary and specific fraud-related 
insights, are displayed for better interpretation. 
This summary serves as a foundation for 
understanding patterns of fraud and behavioral 
anomalies within the dataset. 
 
Experiences of Real-Time Model Testing and 
User Feedback. The trained model was 
implemented in an NFC-based payment mobile 
app with real-time processing system 
incorporated. The system is able to distinguish 
between fraudulent and genuine transaction, 
with feedback given to the users and the 
financial institutions almost in real-time. With 
User Acceptance Testing (UAT), real-world NFC 
users assess the usability of the system, the 
efficiency of the received fraud alerts, and the 
overall satisfaction with the system. 
Recommendations from this phase were used 
further in improving on the user acceptance and 
the reliability of the application. 
 
Conclusion. This research successfully 
demonstrates the critical role of machine 
learning in enhancing the security and reliability 
of NFC-based payment systems. By leveraging 
advanced algorithms, the study provides a 
robust framework for real-time detection of 
fraudulent activities, addressing the 
vulnerabilities inherent in contactless 
transactions. 
 
The integration of supervised learning 
techniques, combined with the analysis of 
transaction patterns and anomaly detection, 
has shown significant improvements in 
accuracy and responsiveness. Experimental 
results indicate that the proposed model can 
effectively minimize false positives and false 
negatives, ensuring a balance between user 
convenience and security. 
 
Furthermore, the implementation of this system 
offers scalability and adaptability to evolving 
fraud tactics, making it a valuable tool for 
financial institutions and payment processors. 
Future work could explore the integration of 

federated learning for enhanced data privacy, as 
well as the incorporation of blockchain 
technology for transaction transparency. 
 
This research underscores the transformative 
potential of machine learning in safeguarding 
financial ecosystems, setting a foundation for 
the development of smarter and more secure 
payment solutions. 
 
Research Contributions and Future Research. 
Therefore, this research offers important 
contributions by using machine learning to 
improve NFC transaction security. The paper is 
helpful in detailing an effective approach to use 
in solving actual real-time fraud detection 
problems especially to financial institutions, 
providers of mobile money payment systems, 
and system developers interested in this 
domain. The future work may consider the use 
of auto-encoders as a deep learning algorithm 
to seek increased precision on fraud detection 
and scalability. Furthermore, expanding the 
range of other payment modalities that could fit 
the system might extend the scope of the 
system’s use and social relevance. 
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