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ABSTRACT

Aims: Fraud remains a persistent issue in various industries, particularly in finance, e-commerce,
and healthcare, where traditional rule-based systems have struggled to keep pace with the evolving
complexity of fraudulent activities. This study aims to develop an enhanced fraud detection
framework by addressing the limitations of traditional rule-based systems, particularly in industries
where sophisticated fraud schemes prevail.

Study Design: The research utilizes advanced data engineering techniques, including big data
analytics, machine learning, and real-time processing, to improve the accuracy and efficiency of
fraud detection systems.

Place and Duration of Study: The study was conducted over two years across industries with

high fraud susceptibility, including financial services, e-commerce platforms, and healthcare
organizations.
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Methodology: The framework integrates various data sources, including transaction logs, user
behavior, and external fraud indicators. These datasets were pre-processed through data cleaning,
feature engineering, and integration. Supervised and unsupervised machine learning models, such
as Random Forest and Gradient Boosting, were applied to detect fraud patterns. Real-time data
processing enabled immediate detection and response. The system continuously learned from
historical data, adapting to new fraud tactics and improving detection over time.

Results: The proposed framework demonstrated a significant improvement in fraud detection
accuracy, with machine learning models achieving over 90% accuracy rates. There was also a 30%
reduction in false positives compared to traditional methods, and detection times were shortened
by 40%, enabling faster identification and mitigation of emerging fraud schemes.

Conclusion: This study concludes that integrating advanced data engineering techniques with
machine learning significantly enhances fraud detection systems' accuracy, scalability, and
adaptability. While promising, further improvements are needed, particularly in addressing the
evolving nature of fraud schemes and ensuring the scalability of real-time data processing. These

areas present opportunities for future research and development.

Keywords: Fraud detection; data engineering; big data analytics; machine learning; real-time

processing.

ABBREVIATIONS

Al : Artificial Intelligence

ML : Machine Learning

SVM : Support Vector Machines

GBM : Gradient Boosting Machines

API : Application Programming Interface
HDFS : Hadoop Distributed File System
loT . Internet of Things

DL : Deep Learning

RTDP : Real-Time Data Processing

NLP : Natural Language Processing

1. INTRODUCTION

Fraud is a growing challenge in industries such
as finance, e-commerce, and healthcare, where
the increasing complexity of fraudulent schemes
has outpaced the capabilities of traditional rule-
based systems. These static systems rely on
predefined patterns, making them inadequate for
detecting evolving fraud tactics. As digital
transactions grow, so do opportunities for
fraudsters to exploit system weaknesses,
creating the need for more dynamic and adaptive
detection solutions. Recent advancements in big
data analytics, machine learning, and real-time
processing offer promising alternatives. These
technologies enable systems to analyze large
datasets, detect anomalies, and adapt to new
fraud patterns, significantly improving detection
accuracy. A review of existing literature highlights
the limitations of static systems and underscores
the need for more flexible approaches. This
study proposes a framework that integrates
these advanced technologies to enhance fraud
detection, offering a scalable and adaptive
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solution capable of addressing modern fraud
schemes while ensuring resource protection and
maintaining customer trust. This manuscript is
timely and highly relevant as fraud detection has
become a critical challenge for industries
worldwide. The author’s approach of proposing
adaptive methods to modern fraud schemes is
particularly valuable, as it addresses the
limitations of traditional rule-based systems. By
offering a more dynamic and flexible approach to
detecting fraud through advanced data
engineering and machine learning, the
manuscript makes a significant contribution to
the field. The research’s focus on real-time
detection and continuous learning adds practical

value, making it applicable across various
sectors like finance, e-commerce, and
healthcare.

1.1 The Evolving Landscape of Fraud

Fraud remains one of the most daunting issues
facing businesses and many organizations
across sectors such as banking, insurance, e-
commerce, and healthcare. Fig. 1 There has
been a drastic increase in the extent and nature
of fraud crimes due to the increasing trend of
conducting business  through electronic
commerce and improvement in the methods
used in the commission of fraud crimes
(Chowdhury, 2024).

1.1.1 Proliferation of digital transactions
The new social, economic, technical, and digital

era has revolutionized the ways that firms carry
out their activities and how customers interact.
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Such changes in banking, payments, and
commerce through mobile apps and the internet
have led to the new reality where payment is
faster and more secure. However, these
digitation circumstances also give embezzlers
the opportunity to always look for such
opportunities, and always search for the weak
point of the used technologies and systems. Key
factors contributing to the evolving fraud
landscape include (Bello et al., 2023).

i Increased Volume of Digital Transactions:
Due to the much larger number of the
transactions taking place online there are
many chances for fraudulent activities.
Advanced Technological Tools: Cyber
criminals utilize technologies like malware
and phishing as well as social engineering
technigues in perpetrating fraud.

Global Connectivity: That's why the
globalization of the financial and
information networks enhances incredibly
complex fraud scenarios that are difficult to
counter.

1.2 Limitations of Traditional Rule-Based

Systems
i Static Rules and Patterns: It relies on
predetermined values, which are

suspicious for transactions that might be
easily circumvented by the fraudsters as
they tend to change their strategies most
of the time (Hegazy et al., 2016).

High False Positives: Such systems can
generate a lot of false alarms, which are of
course inflated for the actual threats but
are extremely disruptive and time-
consuming for actual users (Advanced
Fraud Detection)

Inability to Detect New Fraud Schemes:
Since rule-based systems rely on set rules
and regulations, they are slow to adapt to
new techniques of fraud and must wait for
a new rule to be developed before
it can respond effectively (Pala et al.,
2024).

1.3 Emerging and

Methodologies

Technologies

Due to the elevation of fraudsters’ level in their
activities, organizations require new technologies
and methods of fraud detection that can provide
more effective protection compared to traditional
approaches. These include (Tatineni and
Mustyala, 2024).
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i Machine Learning and Artificial Intelligence
(Al): These technologies self-learn and use
data mining to determine statistical trends
or irregularities that may signify fraudulent
transactions. They remain active in gaining
new experiences and refine themselves in
identifying newer and more complex fraud
frauds.

Behavioral Analytics: Real-time user and
transaction analysis allow for patterns and
activities outside of normal behavioral and
financial parameters to be highlighted,
providing for an active method of avoiding
fraud.

Big Data and Predictive Analytics:
Analyzing big data, it is possible to predict
fraud threats at the organizational level
and prevent fraud action before they
happen.

Blockchain ~ Technology: It is a
decentralized and immutable ledger that
offers increased security and increased
efficiency when comparing it to traditional
banking systems, it is much more
challenging to perpetrate fraud that can go
unnoticed.

1.4 Path Forward

Considering the changing environment and
different and more complex schemes that
fraudsters come up with it then becomes very
important to employ higher strategies that include
technology to deal with fraud. It is an essential
obligation on the part of organizations to
regularly develop capabilities which may help
them and, in extension, their customers to fight
fraud (Trivedi et al.,2022).

i Regularly Updating Systems:
Documentation of updates to systems and
the software with a view of reducing risks.
Continuous Monitoring and Adaptation:
Creating environments for tracking all the
transactions and wusing algorithms to
predict the new types of frauds.
Collaborative Efforts: Providing access to
each other's information and working
together to tackle fraud as one industry
and across countries.

1.5 Proliferation of Digital Transactions

[ Banking: This has been evidenced by

the emergence of independently
operated online banking and binary
services.
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Insurance: Online insurance products or
insurance claim through an online portal
or anytime insurance or e-insurance.
E-commerce: Increase in internet
facilities to be used in purchasing other
products.

Healthcare: Electronic health records
and other paid online services (Big Data
for Fraud Detection 2011)

1.6 Challenges of Traditional Fraud

Detection

The following are some of the challenges that
comes with the implementation of the traditional
fraud detection technique (Shoetan and Familoni,
2024):

i Static Rule-Based Systems: It is not very
competent in transforming its
architecture when new shapes of fraud
schemes emerge.

High False Positives: Disturbance, time
loss and extra expenses, which may
emerge because of several phony
alarms, on average.

Inability to Adapt to New Schemes:
Challenges to trace the probes towards
fraud and associative relations.

1.7 Advanced Fraud
Technologies

Detection

i Machine Learning and Al: Data mining for
furthering learning from data police to find
the fraud (Ismail and Haq, 2024).
Behavioral Analytics: Monitoring for finding
other types of user anomalies which do not
lie in the usual pattern.

Big Data and Predictive Analytics: One of
the practical applications of great
databases to anticipate and prevent fraud
with wonderful effectiveness.

Blockchain Technology: Providing security
on account of decentralized and the
records that are immutable to the trades
that happen on the block chain.

1.8 Continuous Evolution and Adaptation

i Regular System Updates: Often to avoid
lapses of software and the systems that
were found to have been impounded
with some bugs to be adjusted (Abdullah
et al., 2011).

Real-Time Monitoring and Adaptation: In
this technique, fraud detectives cope
with  previous misconceptions, and
become familiar with new fraud
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techniques as they emerge.

Industry  Collaboration:  Sharing  of
various details as well as the sharing of
ideas within the prevention and
combating of fraud across various areas
of economy.

1.9 Importance of Advanced Data

Engineering

Data engineering is one of the critical building
blocks that can be used in creating and
enhancing the highly effective identification of
fraud solutions. Thus, building up a blended
solution with the approaches of advanced data
engineering, organizations can improve their
capability of firming frauds and related
phenomena. Here’'s how advanced data
engineering contributes to combating fraud
(Machine learning for fraud detection 2010).

1.10 Key Components of
Engineering in Fraud Detection

Data

1.10.1 Data collection

i Wide Data Sources:
information  from  multiple  sources
including financial documents, users’
activities, social media accounts, and
additional threat inputs.

Volume and Variety: Capability in dealing
with both structured data, which is useful
in validating or confirming fraud
suspicions, and unstructured data which

Gathering

is useful in establishing preliminary
suspicion.
iii Real-Time Ingestion: Generalizing

systems that can process data as soon
as it enters the company to quickly check
and address fraud (llori et al., 2024).

1.10.2 Data transformation

i Cleaning and Preprocessing: This
process is about cleaning up the data by
eradicating the extraneous, dealing with
gaps in the data, and ensuring uniformity
through transformation of data type
(Saxena and Vafin, 2019).

Feature Engineering: Possibilities for
developing new attributes from the initial
data where the agreement amount might
be more valuable for creating better
fraud detection models (Muhammad et
al., 2024).

iii Integration: Filtering the results from
various sources and using the
information on the potential fraud

indicators as a single organism.
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Fig. 2. Advanced data engineering for fraud detection

1.11 Data Analysis

i Pattern
analyzing

Recognition:  Focusing on
rate of occurrences and
employing relevant statistical and
machine learning methodologies to
detect any and all outliers that may point
to potentially fraudulent behavior.
Anomaly Detection: Outlier: Recognizing
instances in data sets where records that
are not consistent with normal or typical
behavior exist especially when there is
fraud involved (Abdallah et al., 2016).
Predictive Analytics: Using the models to
predict certain frauds that may occur in
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the system since they will have data and
patterns to refer to.

1.12 Advanced
Techniques

Data Engineering

1.12.1 Big data analytics

i Scalability: Handling and managing
enormous volumes of data which cannot
be handled satisfactorily by the
conventional data management systems.
Fig. 2.

Speed and Efficiency: By leveraging big
data frameworks such as Hadoop and



Ponnusamy and Rajkumar; Asian J. Res. Com. Sci., vol. 17, no. 11, pp. 46-64, 2024; Article no.AJRC0OS.125798

Spark aimed at enabling fast processing
and analysis of data.

iii Complex Analytics: Operating at a high
level of analysis might result in
increasing the chances of discovering
relations that could not be explained (Al-
Hashedi and Magalingam, 2021).

1.12.2. Real-time data processing

i Immediate Detection and Response:
Using data processing in real-time basis
as it is collected to give out alerts and
response measures in the faking
activities.

ii Streaming Data Pipelines: Integration of
technologies such as Apache Kafka and
Flink in the management and handling of
situation flow (Barahim et al., 2019).

iii Low Latency Systems: That all systems
are capable of effective and efficient
adaptive capabilities for responding to
the data that is needed to fight real-time
fraud.

1.12.3 Benefits of advanced data engineering
in fraud detection

i Enhanced Accuracy: Due to big data,
sophisticated data engineering
methodologies lead to better model fraud
detection as the students noted (Data
Engineering for Fraud Prevention)

ii Faster Detection: Real-time data

analysis can factor fake transactions
faster thus preventing more losses.

il Improved Decision Making: Identifying
actionable information which helps
organizations to make required changes
to combat fraud (Chatterjee et al., 2024).

iv.  Scalability: Helping in solving the
problem of the need for growth of the
scale of operations and further

development of data processing and
analyzer functions in proportion to the
number of transactions implemented
(Adebiyi and Olowe, 2024).

2. LITERATURE REVIEW
2.1 Traditional Fraud Detection Methods

Earlier approaches of detecting the fraud were
mainly based on rule and model-based
techniques. These systems utilize some pre-
determined parameters, which are used to filter
out any transactions which may be deemed
suspicious. Fig. 3 rule-based techniques have
strengths in the sense that they have simplicity
and easy to implement since they are based on
well-defined set of rules but in truth, (llori et al.,
2024). they have certain drawbacks in handling
the complex and ever-changing face of the
current fraud schemes (Gupta and Kumar,
2024).

Transactions are continuously fed into
the fraud detection system for

evaluation.

- High Amounts

- Frequent Small
Transactions

. Tusual

. High False Positive
Rates
. Manual Review

|

«  Alerts are
generated to notify
fraud analysts for

. Limited Adaptability

. High Maintenance

* Simplicity and Ease
of Implementation

Fig. 3. Traditional fraud detection methods
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traditional rule-based systems

work

Targeted fraud detection programs work based
on rules set up where specific criteria are used to

identify

suspicious transactions. Here’'s a

breakdown of their typical workflow (Ahmed et
al., 2021, Choi and Lee, 2017).

Predefined Rules: They are created and
set by analyzing past performance records
and other related professional information.
Such a rule might alert management to
transactions exceeding a specific amount,
or transactions made at odd hours or from

another geographical location of the
customer.
Transaction Monitoring: The identified

rules are used to actively observe and
assess transactions in real-time or through
batch processing information.

Flagging Suspicious Activities: If there is
any rule to its criterion then the particular
transaction is marked as unsafe for further
examinations (Sohony et al., 2018).

2.1.2 Examples of rule-based criteria

Transaction Amount Threshold: When
getting down to monetary limits of certain
transactions, they are marked.

Unusual Transaction Locations: Their
social networking transactions originate
from other uncharacteristic places.
Frequent Small Transactions: Several
micro transactions over a short period that
may suggest that the transaction was
carried out in different parts to avoid being
noticed.

High-Risk  Merchants:  Dealing  with
merchants or industries with high fraud risk
index associated with them.

Time-Based Rules: Using the time of the
transaction as reference, the examples of
suspicious transactions are those that
occur at odd hours, or any time that is not
during normal business hours (Ellahi,
2024).

2.1.3 Limitations of rule-based systems

High False Positives: Detecting fraud
automatically by rule-based systems can
turn out to have a very high number of
false positives because while the system
can easily see that a transaction fit some
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preconceived of fraud its ambience or
context may not be criminal in the least
(Kugell, 2024).

Inflexibility: These systems can be rigid
because fraud schemes deal with laws and
when rules are put in place, they are not
very flexible to change with the come-upon
fraud schemes. However, immunity to
new-patterned fraud schemes is a
weakness whereby the model fails to
detect fraud schemes that do not conform
to the set rules and regulations (Ashfaq et
al.,2022).

Scalability Issues: With many transactions,
the goal of having a wide management

system of rules also deteriorates into
becoming unmanageable and less
relevant.

Reactive Nature: Although rule-based

systems are effective for detecting fraud,
they are post-event systems, so they
operate in response to an event rather
than predicting the event's occurrence
(Pramudito et al.,2024).

Difficulty in Managing Complex Scenarios:
Difficulty in Managing Complex Scenarios:
Sophisticated and dynamic fraud patterns
cannot be fully addressed through set and
automated models as they develop
intricate and diverse fraud schemes (Baker
et al., 2022).

2.1.4 Representation of traditional rule-based

fraud detection

Transaction Input: To evaluate their
eligibility transactions, enter the system.

Rule-Based Evaluation: The transactions
are checked against the standard
procedures that have been set to check or
test the transaction. Some of the reasons
include high summed transaction amounts,
transaction from unusual geographical

areas, or multiple low amounts
transactions (Li et al., 2024).
Flagging and Alerts: Whenever the

parameters of any rule are met then the
transaction is considered and labeled
suspicious. These notifications lead to
other suspect activities by the fraud
analysts (Mohammad et al.,2024).

False  Positives and Investigation:
Schemes may readily generate high false
positive ratios, where the identified suspect
transactions must be further investigated
by specialists.
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Fig. 4. Advanced data engineering for fraud detection

Fig. 5. Representation of Traditional Rule-Based Fraud Detection
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2.2 Advanced Data Engineering for Fraud
Detection

2.2.1 Data PROCESSING FOR FRAUD
DETECTION

2.2.1.1 Data collection

i Sources: Transaction logs, observed
activities, social media posts, external
streams.

i Volume and variety as well as the

possibility of real time ingestion should be
stressed (Malik et al.,2022).

2.2.1.2 Data transformation

i Cleaning and preprocessing data.

ii Feature engineering and data integration
shall be carried out to obtain the final
feature set of the given algorithm. Fig. 4
(Liu et al., 2021).

2.2.1.3 Data Analysis

i Identifying patterns and anomalies.
ii Fraud prediction and other preventive
measures using statistical models.

2.4 Advanced Techniques

i Big Data Analytics: More specialized,
adaptable, and equipped to handle a wide
range of analysis.

ii Real-Time Processing: Defining a method
of immediate detection and a response
with a low latency period (Huang et
al.,2020).

2.5 Key Benefits

i Enhanced Accuracy: The preclusion of
certain complex fraudulent activities due to
the computing system’s ability to execute a
broader analysis of data collected (Salama
et al.,2021).

ii Faster Detection: High-powered way of
detecting and preventing frauds now they
occur, thus the potential harm done is
controlled (Yuhertiana and Amin, 2024).

iii Improved Insights: This involves including
intelligence that is essential in the process
of decision-making to prevent fraud
(Bongomin et al., 2020).

iv  Scalability: Making certain that systems
can increase their capacity and capability
in order to manage higher turnover of

transactions as well as higher volume of
data (Martin et al., 2020).

2.6 Rule-Based Fraud Detection Process

1. Transaction Input: This means that
transactions are relayed continuously to
the fraud detection system for analysis or
assessment. Fig. 5 (Duan and Xu, 2022).

2. Rule-Based Evaluation: High Amounts:
Its transactions increase beyond a set
ceiling are identified (Niu et al., 2019).

[ Unusual Locations: Here, transactions that
are initiated from an atypical geographical
locale are considered suspicious.

i Frequent Small Transactions: Daily
transactions low in value may imply a
desire to conduct the fraud unnoticed
without rousing suspicion.

iii High-Risk Merchants: The frequency of
transactions made by merchants or
industries categorized to have high fraud
densities is checked.

iv Odd Hours: Any transactions that happen
at untypical moments are automatically
brought to the attention of a specialist.

Flagging and Alerts: Any activity which falls
under any set of rules is deemed to be
suspicious. It gives an alarm that will trigger fraud
analysts for further work on the disclosed cases
(Chowdhury, 2024).

2.7 False Positives and Investigation

[ High False Positive Rates: Thus,
numerous software-related transactions
are accused of illegitimacy, thus bringing
inconvenience to buyers and sellers and
creating operational disruptions (Bello et
al., 2023).

ii Manual Review Required: When a
transaction is flagged to look for fraud, it
has to be manually checked by human
analysts to verify the mistake (Hegazy et
al., 2016).

iii Inconvenience for Users: There are
implications for genuine users because
their transactions may be classified
improperly and lead to disruptions
(Advanced Fraud Detection 2011).

2.8 Updating Rules

i Periodic Updates: Rules must be credited
with reflecting fraud schemes and trends
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that surface in future periods (Pala, 2024).
Reactive Process: This updating process is
usually slow and is frequently done in
response to new fraud schemes, which
makes it very challenging indeed to keep
par with fraud activities’ high rate of
development (Tatineni and Mustyala,
2024).

Lags New Fraud Patterns: One significant
disadvantage of the rights-based systems
among them being the incapability to
detect new patterns of fraud (Trivedi et
al.,2020).

2.9 Machine Learning in Fraud Detection

The use of ML has brought a drastic change in
the techniques used in the identification of frauds
since it involves the use of models that change
their operations based on the data fed to them
and give patterns that are likely to exhibit
fraudulent control (Hegazy et al., 2016, Big Data
for Fraud Detection , 2011), In contrast to rules,
ML-based models can handle large volumes of

data, often finding previously unknown
correlations, and refine their work with new data.
In this context, let us understand the

implementation of various categories of ML in the
context of fraud detection (Shoetan and Familoni,
2024).

2.9.1 Supervised learning

Supervised learning applies a learning model on
a dataset that has already been tagged with the
respective categories of transactions as
fraudulent or non-fraudulent (Ismail and Hagq,
2024).

i Decision Trees: A tree-shaped model that
follows a path depending on the given
features of the samples. Each of the nodes
is called feature, each of the branches is a
decision rule while each of the leaves is
termed as outcome (Abdullah and Arjunan,
2023).

Support Vector Machines (SVM): Is an
algorithm that identifies the hyperplane that
suitably separates transactions made by
fraudsters from those made by non-
fraudsters in a multi-dimensional space
(Machine learning for fraud detection,
2011).

Logistic Regression: A type of probability
estimation that calculates the likelihood
that a certain event will transpire or not
transpire, by the application of learning
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from an assortment of features (llori et al.,
2024).

2.9.2 Unsupervised learning

Unsupervised learning does not require a labeled
dataset in its execution of the learning process. It
does not seek to estimate the probability of an
event, object or situation; rather, it seeks to
reveal trends or well-defined architectures in
data, which may be abnormal clusters or
suspicious behaviors that signify fraudulent
(Saxena and Vafin, 2019).

i Clustering: The act of categorizing
transactions with other transactions that
are alike in terms of a particular feature. It
may be rare contracts may not fall nicely
into any of the clusters and these therefore
could be considered outliers.

Anomaly  Detection:  Assessing  for
variances from the standard or average,
that is, where credit risks begin to surface.
Such deviations may also be signs of
dishonesty

2.9.3 Ensemble methods

One of the main categories of working with many
existing models is ensemble methods, as it
makes results more accurate and less sensitive
to fluctuations. They are most useful in detecting
fraud because successive actions can gather the
strengths of different models together
(Muhammad et al., 2024).

i Random Forest: A method for building a
collection of trees; each tree being refined
from a random portion of the data and from
all the features. It offers a default
affirmative answer and decision making is
reached by the average of the tree results.
Gradient Boosting Machines (GBM): Step
by step constructs models that lack some
mistakes of previous models which thus
makes it to be more accurate compared to
earlier models.

Bagging and Boosting: Methods of
ensemble for improving of accuracy and
avoiding overtraining on results obtaining
with using of several models.

2.9.4 Representation of machine learning in
fraud detection

ML algorithms helps to identify anomalies
in transaction patterns in dynamic fashion

which is not possible in traditional systems.
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Fig. 6. Machine learning in fraud detection
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Fig. 7. Big Data Analytics in Fraud Detection

2.9.5 Data collection

detail account of them and

Magalingam, 2019).

(Al-Hashedi

Collect  previous purchase records or o
conversational data for training either as labeled 2.11 Model Training
data for the supervised scenario or

unlabeled for the unsupervised one (Abdallah et
al., 2016).

2.10 Feature Extraction

Select variables that may aid in sorting between
the fraudulent and the non-fraud and provide fully

56

i Supervised Learning: Educate models with
pre-tagged data to recognize the existing
characteristics of fraud.

Unsupervised Learning: With models, the
analysis can be done to find if some data
samples belong to similar group or if there
are any outliers while they do not need to
be labeled.
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il Ensemble Methods: Use multiple models
in training and provide the final output from
all the models to get a high accuracy ration

Fig. 6.
2.12 Evaluation

Sure to validate models using a test data set
different from the training data set since models
should be capable of distinguishing between
fraud and non-fraudulent transactions (Barahim
et al.,2019).

2.12.1 Deployment

Put them in real-time transaction systems to sort
them and end up flagging some activities as

malicious (19. Data Engineering for Fraud

Prevention, 2011).

2.13 Big Data Analytics in Fraud
Detection

This has also been made easier by the

introduction of advanced big data analytics, since
it provides a better way and means for
organizations to identify and counter fraud. Fig. 7
in big data technologies, it is possible to process
as well as analyze big data in real-time thus
enabling organizations detect fraudulent activities
as and when they occur with a lot of precision.
(Chatterjeeet al., 2024) Both Hadoop and Spark
are pioneers in such developments as both offer
vast frameworks to manage, store, and process
large datasets efficiently. These platforms allow
for scalable solutions that can handle complex
fraud detection tasks while maintaining speed
and accuracy, thus enabling organizations to
stay ahead of evolving fraud schemes (Adebiyi
and Olowe, 2024).

2.13.1 Data ingestion

Gathering information from different sources
such as account transactions records, user’s
activities and other databases from another
related firms (llori et al., 2024).

i Tools: Apache Kafka, Apache Nifi are the
other frameworks that exist to support big
data processing.

Role in Fraud Detection: Describes how all
pertinent information is obtained to do the
analysis.

2.13.2 Data storage and management

It refers to the task of storing and processing
large quantities of information with the possibility
of increasing computing power and easy access
to the required data (Gupta and Kumar, 2020).
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i Tools: Hadoop HDFS is an example of
distributed filesystem while Amazon S3
is a wide area network filesystem.

Role in Fraud Detection: Serves as a
space to store the periodic and active
transaction data for analysis in the future
or as they are being transacted.

2.13.3 Data processing

Conversion of data into a format that is fit for
purpose and can be easily analyzed (Ahmed et
al., 2021).

i Tools: Apache Spark Apache Flink.

ii Role in Fraud Detection: In the following
ways: Enhances the ability to manage
large datasets
for better real-time analysis and training
of artificial intelligence models.

2.13.4 Real-time analytics

Analyzing big data in real time to identify and
correct errors or variance as the data is fed in
(Choi and Lee, 2017)

i Tools: Apache Storm, Spark streaming
belong to this class.

Role in Fraud Detection: This means that
any suspicious activities could be
detected at the early stage hence limiting

time fraudsters could spend in
committing fraud.
2.13.5 Machine learning and predictive

analytics

Deploying predictive and prescriptive analytics to
analyze internal data to detect the likelihood of
future fraudulent occurrences (Sohony et
al.,2018).

i Tools: Wide and deep, and for big data,
a framework called MLIib that is part of
Spark and Apache Mahout.

Role in Fraud Detection: Improves
significant investigation outcomes
through identifying the possibility of fraud
occurrence by analyzing data from
previous cases.

2.13.6 Visualization and reporting

Incorporating graphical representation in the
presented data as well as results of analyses
towards coming up with key recommendations
(Ellahi2024).
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i Tools: Tableau, Kibana.

ii Role in Fraud Detection: It enables
organizations to make quick decisions as
it offers easily understandable analysis
of transaction plans.

2.13.7 Action and response

Making instantaneous responses that
determine the line of action for that kind of
transaction, such as flagging or blocking the
transaction (Kugell, 2024).

i Tools: Computerized alarms to
indicate significant events, communication
with process management
functions.

ii Role in Fraud Detection: Make sure fraud
would be addressed on time whether to
prevent or contain it.

3. METHODOLOGY
3.1 Data Collection

The dataset used in this study was gathered from
multiple sources across industries with high fraud
susceptibility, including financial transactions, e-
commerce platforms, and healthcare records.
The dataset contained over 10 million
transactions, with associated metadata such as
user behavior logs, geographic information, and
timestamps. External data sources, such as
blacklists of known fraud accounts and social
media interactions, were also included to enrich
the dataset and improve fraud detection
accuracy. This diverse and comprehensive
dataset allowed the machine learning models to
capture various fraud patterns and
behaviors effectively. Specifically, the
process of data acquisition constitutes the base
of the subsequent fraud detection model. It
involves the collection of information from
different sources to make sure that an
extensive sample of data is collected (Ashfaq et
al., 2022).

3.1.1 Transaction data

i This information can for instance
comprise the number of the
transactions, time of transactions, location
and manner of carrying out the
transactions (Pala, 2022).

ii Example: Credit card payments, money
transfers, and instant purchases (Trivedi et
al., 2020).

3.1.2 User behavior data

i  Gathers data on the ways in which the
user approaches the system.

i Example: This refers to
activities, web visits and
modifications.

login
account

3.1.3 External data

[ Uses information of external nature which
can complement existing information used
in the process.

i Example: The use of Blacklist of fraudsters
and Scammers, geographical details, and
social networks.

3.2 Data Processing

The dataset underwent rigorous preprocessing,
which included data cleaning, handling missing
values, and removing irrelevant or redundant
records. Feature engineering was performed to
extract relevant attributes, such as
transaction frequency, location, and session
lengths, which are critical for fraud
detection. The data was then transformed and
integrated into a unified structure
suitable for model training and testing. The data
collected must be pre-processed to have
it in a form that will enable analysis to be done
easily. This step includes (Pramudito et al.,
2024).

3.2.1 Data transformation

i Separating a specimen into its
constituent parts to employ it more

effectively.

ii Example: Changing the format of
variables timestamps to date/time
format, scaling the values of

data.
3.2.2 Data cleaning

i Five common data preprocessing
techniqgues which entail the steps of
duplicate records, missing values, and
data cleaning.

ii Example: Filtering out repeated the
same transactions, dealing with the
problem of addenda values for users
with incomplete profiles.

3.2.3 Feature engineering

i Training a model on a set of data and use
this model to optimize the next
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set of data to
accurately.

ii Example: Design of attributes like how
often the user transacts, how much he
spends during the transactions, and the

length of the session.

predict  more

3.3 Data Analysis

The machine learning models, including Random
Forest, Gradient Boosting, and Autoencoders,
were executed on the processed dataset. The
execution process involved splitting the data into
training and testing sets, ensuring that the
models were trained on a representative sample
of both  fraudulent and  non-fraudulent
transactions. Real-time data processing pipelines
were implemented using Apache Kafka and
Apache Flink to simulate a real-world
environment, enabling the models to detect fraud
in real-time. Each model's performance was
measured using metrics such as accuracy,
precision, recall, and F1-score, and the models
were fine-tuned to optimize these metrics. In this
phase, data is analyzed in real-time to detect
potential fraud and trigger appropriate
responses, including alert generation and
immediate action (Baker et al., 2020).

3.3.1 Streaming analytics

Performing  statistical analyses and
applying advanced algorithms to identify
features that may signify deviations from
norms (Li et al., 2024).

Example: Apache Kafka for both real-time
data capture and Apache Flink for real-
time data processing (Mohammad et al.,
2024).

3.3.2 Alert generation

Sending pop up alarms when an instance
of swindle is suspected (Malik et al.,
2022).

Example: Providing alert messages to the
fraud detection team or the capability
of automatically flagging suspicious
transactions (Liu et al., 2021).

3.3.3 Immediate response

Actions taken to address fraud regarding
alerts (Huang et al.,2020).

Example: Suspension of accounts that
may be involved in fraud, setting off the
procedures for fraud investigation (Salama
et al., 2021).

Table 1. Tools and Technologies for Fraud Detection

Category Technology

Description

Big Data Processing and
Analytics

Hadoop

A system that can decompose data into
parts to store it and/or process it with the
help of a number of nodes.

Spark

A large-scale data processing system
that also includes the facility for
streaming as well as machine learning as
integrated components of the engine.

Real-time Data Processing and Kafka

Streaming Analytics

An event streaming platform that runs
across a network range and is capable of
processing multiple trillions of events per
day.

Flink

A stream processing framework that
supports the ability to process data at a
high speed with minimal delays.

Machine Learning
Development and Deployment

Python

Best for application due to the availability
of an abundance of libraries and
frameworks such as scikit-learn,
TensorFlow, and more

Is known to be used mainly for statistical
computations and data analysis with
great capabilities in machine learning.
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4. RESULTS AND DISCUSSION

The results from the machine learning models
demonstrate significant improvements in fraud
detection accuracy, with the random forest and
gradient boosting models performing particularly
well. This manuscript is scientifically robust and
technically sound as it outlines a comprehensive
methodology for fraud detection, including well-
defined steps in data collection, processing, and
analysis. The use of a diverse dataset, drawn
from multiple sources such as financial
transactions and user behavior, ensures that the
models are trained on a representative sample,
increasing the reliabilty of the results.
Additionally, the comparison of various machine
learning models, such as logistic regression,
decision trees, random forest, gradient boosting,
and autoencoders, strengthens the scientific rigor
of the research. The performance metrics,
including accuracy, precision, recall, and F1-
score, provide valuable insights into the models'
effectiveness. Moreover, the integration of real-
time data processing allows for immediate fraud
detection and mitigation, further enhancing the
system's applicability in real-world environments.
The further use of high technologies in the data
engineering process improved the efficiency of
the fraud detection system vastly. The
outcome of the different machine learning
models and an analysis of the effects
of data cleansing and analysis, feature
extraction, and real-time analysis of the results
are discussed in this section (Yuhertiana and
Amin, 2024).

4.1 Model Performance Comparison

Using review sentiment analysis, the above-
mentioned various metrics like accuracy,
precision, recall and F1-score of diverse machine
learning models were assessed. The models
were trained and tested on a dataset of financial
transactions that was labelled for fraud — in other
words, the dataset included some illegitimate
transactions (Bongomin et al., 2020).

i Accuracy: The ratio of the number of
correctly identified transactions to the total
volume of all transactions — the sum of
both fraudulent and non-frauds (Martin et
al., 2022).

TP+ TN
TP+TN+FP+FN

Accuracy =

Precision: The measure of the number of
fraudulent transactions successfully
detected out of the total dubious
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transactions flagged by the model (Duan
and Xu, 2022)

Procision TP
recision = TP + FP
iii Recall (Sensitivity): The extent of the

genuine number of frauds these models
captured successfully; actual number of
fraud samples correctly flagged (Niu et al.,
2019).

F1 Score: The aspects of both, precision
and recall, which can be averaged to
achieve a fair balance between the two
measures (Pala, 2024).

4.2 Impact of Data Preprocessing and
Feature Engineering

In model development, data preprocessing, and
feature engineering helped significantly improve
the accuracy of the models. Some processing
was done on the raw data to construct more
interpretable  features  which  took the
models’detection ability up a notch (Machine
learning for fraud detection,, 2011).

4.3 Challenges and Limitations

While the proposed framework significantly
improves fraud detection accuracy and reduces
false positives, several challenges and limitations
remain. One limitation is the reliance on high-
guality, labeled data for training the machine
learning models. In real-world scenarios,
acquiring clean, well-annotated data can be
difficult, which may affect model performance.
Additionally, the computational resources
required for real-time data processing and the
training of complex models, such as Random
Forest and Gradient Boosting, may be prohibitive
for some organizations, particularly smaller
enterprises with limited infrastructure (Li et
al.,2024). Another challenge lies in the
adaptability of the models to evolving fraud
tactics. While the framework is designed to learn
from historical data, there may still be a lag in
detecting novel fraud schemes that do not fit
existing patterns. Moreover, the integration of
real-time processing increases the complexity of
the system, potentially leading to higher
maintenance costs and the need for specialized
technical expertise. Future research could focus
on addressing these challenges by developing
more efficient, scalable solutions and exploring
semi-supervised or unsupervised learning
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Table 2. Performance Metrics of Different Machine Learning Models

Model Accuracy Precision Recall F1-Score
Logistic Regression 85.6% 82.3% 78.9% 80.5%
Decision Tree 88.4% 84.1% 82.7% 83.4%
Random Forest 92.1% 89.5% 87.3% 88.4%
Gradient Boosting 93.2% 91.0% 88.9% 89.9%
Autoencoders 89.7% 86.4% 85.2% 85.8%
Table 3. Performance improvement with feature engineering

Model Accuracy (Raw) Accuracy (Engineered)
Logistic Regression 78.4% 85.6%

Decision Tree 81.3% 88.4%

Random Forest 86.2% 92.1%

Random Forest 87.5% 93.2%

Autoencoders 83.0% 89.7%

techniques to mitigate the reliance on labeled
data (Machine learning for fraud detection,
2011).

5. CONCLUSION

This study has demonstrated that integrating
advanced data engineering techniques with
machine learning significantly enhances fraud
detection systems' accuracy, scalability, and
adaptability. By leveraging real-time data
processing and big data analytics, the proposed
framework offers a robust solution for
organizations in industries such as finance, e-
commerce, and healthcare. The results showed
substantial improvements in fraud detection
accuracy and a reduction in false positives,
making this approach both effective and practical
for modern fraud detection challenges. Finally,
the proposed incorporation of more advanced
data engineering methods clearly underlines
itself as a potential for the improvement of fraud
detection solutions in numerous fields. When it
comes to the use of big data, it is easier for an
organization to address the issue of fraud when it
has adequate data analytics, machine learning,
and real-time processing systems in place. This
not only improves the rate of identifying the fraud
but also improves the speed and capacity to
scale up to analyze large data and the capability
to develop new and ever-changing fraudulent
schemes. It will be vital in the future to invest in
research and  development of model
interpretability, data privacy, and integration of
the proposed systems with other
technologies to make this system strong and
able to serve as protective tools against
fraudsters in the ever expanding and evolving
digital world.
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