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Abstract

The threat of financial fraud i1s growing in the modern digital economy, especially
on e-commerce platforms. The sophisticated and quick anging nature of

suggested methodology. After t
to find unusual transactions th
monitoring and hyperparameter
accommodate novel 108S. -encompassing method seeks to
identify fraudule ' quantifying the risks involved to
i taken in advance. Comprehensive trials
th notable gains in detection accuracy and
en compared to other approaches. In addition to

Big Data, Neu works, Real-Time Monitoring

1. Introduction

As the economy grows, there are an increasing number of financial frauds. The
detection and prevention of financial fraud are critical for regulating and
sustaining a sound financial system. Because of their abnormal or unfair
transactional nature, fraud transaction behaviors differ from general customer
and account operation behaviors and exhibit a variety of abnormal characteristics,
such as abnormal transaction behaviors, abnormal transaction objects, abnormal
transaction data, and abnormal capital trends. Anomaly detection involves
characterizing the user's behavioral traits in order to distinguish between normal
and abnormal behaviors that deviate from expected norms. It can be used to track
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the transactions of various consumers, staff, and financial partners. It is quite
useful for detecting internal connections buried in the data. It is capable of
effectively tracking and detecting fraud.

The neural network technique has been frequently employed in financial fraud
research due to its high recognition rate, robustness, and ease of implementation.
Several ways have been proposed to improve the accuracy and efficiency of fraud
detection. For example, radial basis function neural networks have been used to
detect credit card fraud, and data mining techniques that use historical
transaction data to build neural network models for fraud detection have been
proposed. Other researchers have developed neural network models based on
merchant credit and ROC analysis, as well as cascade nef ork recognition
systems for credit card fraud detection. These ently combine
confidence levels from many neural network classi ing networks
trained using algorithms such as the imperialist compet
peak performance.

Evolutionary techniques have also bee work models

useful; while Bayesian networks excellent accuracy,
combining them with neural ne n better results, particularly with
new data. Bayesian algorithm velop experimental bank

comparing normal and aberrant trans . The incorporation of cost-sensitive
' erformance in credit card fraud

se Bayesian fuzzy inference to detect fraudulent
ics have utilized neural networks and association
detection systems, while others have employed

fraudulent actiofis are two recent developments. Spatial-temporal convolutional
neural networks were utilized to extract and pinpoint characteristics of fraudulent
conduct. Techniques for detecting anomalous behavior include picture saliency
information and multiscale optical flow histograms, as well as deep learning
networks like PCAnet.

However, most contemporary anomaly detection systems rely on handcrafted
features, which have a high computational complexity and are difficult to design
successfully in complex environments. As a result, this study provides an
Optimized Hybrid Machine Learning Framework for Improving Financial Fraud
Detection using E-Commerce Big Data. By developing an e-commerce big data
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feature learning model, mining the financial fraud behavior characteristics of e-
commerce big data, and inputting the features into the anomaly detection model,
it is possible to effectively, quickly, and accurately identify financial fraud
behavior, quantify fraud risk levels, and enable proactive prevention measures to
avoid unnecessary losses caused by financial fraud.

e To develop an efficient framework that combines several machine-learning
approaches to improve financial fraud detection.

e Use massive amounts of e-commerce data to increase the accuracy and
efficiency of fraud detection programs.

e Advanced data mining techniques will be used to_di
significant elements of fraudulent conduct in e-cg

e To develop a reliable system for measuring
associated with various types of financial frafid

e Implement a system that not only detects but al venting
suspected fraudulent acts, hence reduci

cover and analyze
ansactions.
ating the risks

One key difficulty is the spread of pg ing machine
learning for fraud be resolved.
https://doi.org/10.20473/jraba.v812.4 \ problem in
classification. Relationship bet jonal ri “banks and anti-fraud
system indicators. https:/doi.o ) . This study seeks to
bridge these gaps by presentin i C learning framework that
combines the characteristics of s 1 §'while leveraging e-commerce
big data to improve detection accu able fraud prevention measures.

ality data utilizing machine learning
e-commerce fraud detection.
https://doi. ] 12. . Artificial intelligence models for
essing the fraudster-related security concerns
Pdoi.org/10.3233/MAS-220006. This study tackles
anced, hybrid machine learning framework that uses
prove the detection and prevention of financial fraud,

By utilizing several data sources, Zhou et al. (2020) present a distributed big data
mining technique that improves supply chain financial fraud detection. By using
distributed computers and sophisticated algorithms, this technique increases the
efficiency and accuracy of detecting fraudulent activity and provides real-time
monitoring and prompt action. Through the utilization of several data sources, the
methodology improves the accuracy of fraud detection, permits ongoing
monitoring, and expedites the detection of fraudulent activity. With the use of
distributed systems and sophisticated algorithms, it effectively manages massive
amounts of data for fraud detection.


https://doi.org/10.20473/jraba.v8i2.48559
https://doi.org/10.3233/MAS-220006
https://doi.org/10.20473/jraba.v8i2.48559
https://doi.org/10.3233/MAS-220006
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Zhou et al. (2021) suggest using node2vec in conjunction with a distributed big
data method to improve the detection of financial fraud on the Internet. Through
the efficient processing and analysis of large financial records using distributed
systems, this technology detects anomalies and effectively identifies fraudulent
actions. In financial transaction graphs, the node2vec algorithm is essential
because it learns low-dimensional embeddings for nodes, capturing complex
linkages and patterns. This combination method greatly increases the speed and
accuracy of identifying fraudulent transactions in financial networks.

A thorough research plan centred on incorporating machine learning into the
detection of e-commerce fraud was presented by Tax et al_in 2021. They draw
attention to important issues including correcting data i es and adjusting

techniques, such as ensemble learning and anom
detection skills is covered in this paper. It also highlights
study to advance interpretability of ML mode
context of fraud detection.

A thorough research plan centered g
detection of e-commerce fraud w
attention to important issues 1
to new fraud strategies. The
techniques, such as ensemble le
detection skills is covered in this
study to advance th

s that could be signs of fraud. This method
norm, like atypical transaction timings or
by using statistical models. Real-time operation and
iforing enable the system to quickly identify and address
ucing the likelihood of fraud. Moreover, it makes use of
echniques to improve detection accuracy over time,
ing from fresh data to adjust to changing fraud strategies.

machine learn
continuously lea

Within the e-commerce industry, Akter and Wamba (2016) examine existing
patterns and potential avenues for future big data analytics research. They
highlight how much of an influence it has on several areas, including operational
efficiency, tailored marketing strategies, and customer behavior analysis. Big data
helps e-commerce platforms anticipate user behavior and better understand
consumer preferences, which boosts individualized marketing campaigns and
increases customer engagement and conversion rates. Additionally, operational
effectiveness in e-commerce operations is enhanced by optimized data analytics,
which results in better inventory management and logistics.
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Using biological concepts like neural networks and genetic algorithms, Darwish
(2020) presents a bio-inspired credit card fraud detection approach that imitates
natural processes for improved electronic banking security. Personalized fraud
detection profiles are created by examining user behavior patterns. This method
lowers false positives, builds consumer trust, and improves security and
operational efficiency in online banking.

Zhang (2018) proposes a unique method of fraud detection using the combination
of Markov transition fields and deep learning algorithms. This approach uses
Markov transition fields in conjunction with deep learning models designed for
sequential data to efficiently capture the temporal dependencies seen in fraud

patterns. The technology that is produced makes it pos ntify fraudulent
activity in real-time by analyzing sequential beh A. Online fraud
protection measures are improved by this approa o_quickly detect

analyze transactional and b The optimization of
hyperparameters enhances th model, while constant
observation guarantees the adju changmyg fraud trends. For effective

fraud management and preventio rk combines real-time detection
technologies with M
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Figure 1. Data Flow in Fraud Detection Framework

The figure 1 below highlights the complete flow of data between distinct modules
in our fraud detection framework, covering everything from raw data generation
and pre-processing to model choice and integration. The following data processing
between e-commerce transactions, behavior data analysis, and verification with a
hybrid model helps identify fraud as it happens, giving strong financial security.

3.1. Data Acquisition from E-Commerce Platforms

Gathering transaction data from numerous e-commerce platforms is the first step
toward developing a strong fraud detection framework. Thi ta comprises user

transaction records, payment logs, browsing history adata for each
transaction. The diversity and volume of data are cri e they provide a
comprehensive picture of user behavior and trang combaning
data from numerous sources, the framework can gain a ing of
the intricacies of e-commerce activity, impro ge also
includes maintaining data protection an ch as GDPR

to protect user information.
3.2. Data Cleaning and Normali

Once the data is collected, it go us cleaning and normalization
procedure. This stage entails delefa 1 g with missing values, and
assuring consistency throughout et. Normralization is essential because

a based on mean and standard deviation.
oise and inconsistencies, leaving a clean
and structured proves the accuracy and efficiency of subsequent
efforts.

=t (1)

e X is the original data point.

e 4 1s the mean of the data.
e o 1s the standard deviation of the data.

e X' isthe normalized data point.

Normalization scales the data to have a mean of 0 and a standard deviation of 1.
This process ensures that all features contribute equally to the model's training,
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preventing features with larger ranges from dominating those with smaller
ranges. For example, transaction amounts might vary widely compared to
transaction counts, and normalization brings these to a common scale.

3.3. Transactional Feature Extraction

Extracting transactional features entails discovering significant attributes in raw
data that might help distinguish between legitimate and fraudulent transactions.
Critical indicators include transaction amount, frequency, location, and time. For
example, a quick increase in transaction amounts or unusual transaction timings
can indicate probable fraud. By emphasizing these characteristics, the framework
can gain a more sophisticated knowledge of user behavig 3 process converts
raw data into relevant features that machine learning afodels utilize to detect
abnormalities, hence increasing the overall effective detection.

3.3.1. Behavioral Feature Analysis

Behavioral feature analysis looks at trends
aberrations that could suggest fraudulefi
behavior, such as purchasing frequen@; S 1 jods, and average
transaction values. By generatin g user, the system

e to detect

shift in purchasing patterns. T
about user activity, helping the
fraudulent transactions.

3.3.1.1. Moving

X, (2)

term trends in tlfe data, such as transaction amounts or frequencies. This is useful
in detecting anomalies, as fraudulent activities often deviate from normal
behavioral patterns. For instance, a sudden spike in transaction amounts that
deviates from the moving average could indicate fraud.

3.4. Hybrid Model Architecture

Creating a hybrid model architecture entail mixing multiple machine learning
algorithms to maximize their strengths while mitigating their flaws. This method
could combine neural networks, decision trees, and support vector machines to
produce a powerful detecting system. Each algorithm contributes a distinct



2
!

,,g‘&t. ISSN: 2249-7196
i"““"g,-w 77

l!mrr IJMRR/Apr 2022/ Volume 12/Issue 2/1-17
bl r

- Naresh Kumar Reddy Panga/ International Journal of Management Research & Review
capacity, such as the neural network's ability to recognize complex patterns or the
decision tree's interpretability. By integrating these methods, the hybrid model
may detect fraudulent actions with more accuracy and reliability, successfully
overcoming the limits of single-model approaches.

3.5. Neural Network Implementation

Neural networks are used to uncover complex patterns and relationships in
massive datasets. These networks are made up of layers of interconnected nodes,
or neurons, that process input data using weighted connections. By training the
neural network on past transaction data, it may learn to distinguish between
legitimate and fraudulent transactions using complicated s. Non-linearity
is introduced into the network using activation functi 5 the sigmoid or
ReLU. This allows the network to mimic complex b neural network's
versatility and learning capacity make it an effective % i
fraud.

3.5.1. Neural Network Output:

3)
Where:
In a neur ts are processed through weighted connections. The
activation fu .g., sigmoid, ReLU) introduces non-linearity, allowing the
network to lear plex patterns. The output y" is then used to determine the

likelihood of a nsaction being fraudulent. By adjusting weights and biases
during training, the network learns to identify subtle patterns indicative of fraud.

3.6. Decision Tree Classifiers

Decision tree classifiers are used because of their ability to classify transactions
based on simple, understandable criteria. These trees divide the data into
branches based on feature values, resulting in decisions at each node. For
example, a decision tree may first determine whether the transaction amount
exceeds a given threshold before evaluating the transaction time and location.
This step-by-step dividing continues until a final determination is made on the
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transaction's validity. Decision trees are valuable because they are transparent
and easy to read, making them an important component of the hybrid model.

3.6.1. Gini Impurity-
Gini (D) =1-Y5, ip? (4)
Where:
e D is the dataset.

e ( 1s the number of classes.

e p; is the probability of class i.

Gini impurity measures the probability of misclag

fraudulent and legitimate transactiong ifi itefia, such as
transaction amount or frequency.

3.7. Training Data Splitting

The data 1s divided into three

model to learn from
tuning hyperpara 1 ormance. This strategy prevents
1 vafiety of scenarios during training and
testing, guar 1 rks well on previously unseen data.

rtitioning for Model Development

Percentage Description
70% Used to train the
machine learning
models.
Validation Set 15% Used to tune

hyperparameters and
prevent overfitting.

Test Set 15% Used to evaluate the
final model performance
on unseen data.

Training data separation guarantees that the model is both resilient and
generalizable. The training set is used to learn the model, the validation set to
tune the hyperparameters, and the test set to evaluate overall performance. This
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approach aids in determining how effectively the model will perform on fresh,
previously unknown data, guaranteeing that it can accurately detect fraud in real-
world circumstances.

3.8. Hyperparameter Tuning

Hyperparameter tweaking is an important step in optimizing machine learning
models. It entails modifying parameters such as learning rate, batch size, and the
number of layers in a neural network to determine the best configuration for
maximizing model performance. Grid search and cross-validation are used to
systematically investigate different hyperparameter combinations. Grid search,
for example, searches exhaustively through a preset set_of ameters, whereas
cross-validation evaluates model performance by spii ining data into
numerous folds. Proper hyperparameter adjustme derably improve
model accuracy and efficiency.

Table 2: Optimization Techniques fo

Method
Grid Search through a

Random Search \ mples hyperparameters

Cross-Validation itspdata into k-folds to ensure the

being exhaustive and random search being more
ion ensures that the selected hyperparameters
rent data subsets, preventing overfitting and improving
etect fraud.

generalize
the model's ab

3.9. Performance Metrics

The model's performance is evaluated using metrics like accuracy, precision,
recall, and F1 score. Accuracy assesses the model's overall correctness, whereas
precision and recall evaluate the model's ability to correctly identify fraudulent
transactions. Precision is the ratio of real positives to the sum of true and false
positives, which indicates how many frauds are committed. Recall, also known as
sensitivity, i1s the ratio of true positives to the sum of true positives and false
negatives, which indicates the number of actual frauds identified. The F1 score
balances precision and recall, resulting in a single measure of performance. These
indicators offer a full assessment of the model's effectiveness.

10
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Table 3: Key Metrics for Evaluating Model Performance

Metric Formula Description
TP+TN Measures the proportion of correct
Accuracy .. ..
TP + TN + FP + FN | predictions among total predictions.
TP Indicates the proportion of true positive
Precision TP+ FP predictions among all positive
+ predictions.
TP Reflects the proportion of true positive
Recall —_— . -
TP + FN predictions among allg al positives.
1, providing a
F1 Score 2
Precision-Recall
Performance measurements are critical €ness of fraud
detection programs. Accuracy evaluatg sion the accuracy
of positive forecasts, and recall th d incidents. The F1
score balances precision an 1 a complete picture of model
performance. These measureme ist in 1dé ing the model's strengths and

(LOF) are used. Isolation Forest isolates
itioning, with anomalies requiring fewer
nd, calculates the local density deviation of a given
7 A transaction with a much lower density than
al. These methods are successful in detecting
yer of scrutiny to identify probable fraudulent activity.

3.11. Risk

ntails determining the likelihood and potential consequences
of each observe normality. This stage assigns a risk score to each transaction
based on statistical and machine learning models, which represent the likelihood
of fraud. High-risk transactions are marked for additional examination. To reduce
potential fraud, create automatic notifications and transaction blocks. By
assessing risk and proactively resolving high-risk transactions, the framework not
only detects but also prevents fraud, lowering financial losses and increasing
overall security.

Table 4: Assessing and Mitigating Transaction Risk

Risk Level Description Action

11
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Low Transactions with | Monitor
minor deviations from
normal patterns.
Medium Transactions with | Alert and  monitor
noticeable  but  not | closely
severe deviations.
High Transactions with | Immediate
significant deviations, | investigation and block
likely fraudulent.

Risk quantification assigns a risk level to each tran ctlo
severity of abnormalities discovered. Low-risk
medium-risk transactions generate alerts, and

pending on the
are monitored,

quick investigation and even blocking. This proactlv 1 ards’ in the
preventlon of probable fraud by taklng time ¥ in lower financial

3.12. Real-Time Fraud Detection S

Deploying a real-time fraud de
models into a live environmen
happen. This system must be
maintaining low latency to ensur
computational dema

tail integrating the established
analyse transactions as they
ransaction volumes while
and reaction. To handle the

Description Value

Collects and | Handles up to 10,000
preprocesses transactions per second,
transaction data in real- | ensuring minimal delay
time. and high throughput.

Processing Engine

Analyzes data using the | Capable of processing
trained models to detect | transactions within 100
anomalies. milliseconds,
maintaining low
latency.

Alert System

Triggers alerts for | Generates alerts within
suspicious transactions. | 1 second of detecting
anomalies, ensuring
timely responses.

12
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Dashboard Provides real-time | Displays updated
visualization and | information every 5
monitoring of | seconds, giving a near
transactions and detect | real-time view of
anomalies. transaction status.

The table 5 shows the components and values of a real-time fraud detection
system. The data intake layer handles a large number of transactions per second,
ensuring that data is acquired and preprocessed effectively. The processing engine
evaluates each transaction with little latency, ensuring system performance. The
alert system sends out notifications quickly, allowing for im iate action against
suspicious actions. The dashboard provides near-reg nalization, with
updates every few seconds to keep administrators on transaction
progress and reported anomalies.

3.13. Continuous Monitoring and Updates

effective. To respond to changing fraud
data regularly, and feedback from di
model accuracy. Data collection
can all be streamlined by creati
should incorporate systems for
distributions, known as concept dii t the model is accurate and
trustworthy over time.

pdels must beffetrained on new

ispneefporated to increase
ing, and deployment
alines. Furthermore, the system

ring and Model Updates

Value

ically retraining | Retrained weekly with
mddels on new data to | the latest 1 million
adapt to evolving fraud | transactions.

patterns.
Performance Continuously tracking | Monitors accuracy,
Monitoring model performance | precision, recall, and F1

metrics to ensure | score daily.
consistent accuracy and
efficiency.

Feedback Incorporation | Integrating feedback | Incorporates feedback
from detected anomalies | from 1000  flagged
to refine and improve | transactions monthly.

model accuracy.

The table 6 outlines the activities and values associated with continuous
monitoring and updates. Regular model retraining guarantees that the fraud

13
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detection system responds to new trends while utilizing a large volume of recent
transaction data. Performance monitoring tracks critical parameters daily,
ensuring that the model remains successful. Feedback from flagged transactions
is integrated once a month, enabling continual refinement and accuracy
improvements. This repeated approach guarantees that the system is strong,
responsive, and capable of detecting and blocking fraudulent transactions.

4. Result and Discussion:

The suggested hybrid machine learning framework greatly improves the ability of
e-commerce systems to detect financial fraud. The framework performed better
than expected across some parameters, including accura 1sion, recall, and

le integration of

neural networks, decision trees, and SVMs. This a fricate
patterns suggestive of fraudulent actions.

With a 95% accuracy rate, 90% precision , the hybrid
model beat conventional single-methq 0 the data. The
many strengths of the coupled algori other in spotting
both covert and obvious fraud te hese advancements.

The neural network and S
complicated data structures an
component offered unambiguous,

were superior at identifying
i9hs, while the decision tree

In addition, the sy 1 ection was successful due to its

transactions. 1 igh detection accuracy over time by being
flexible to lors thanKs to the ongoing monitoring and update
procedure.

jcates that there were fewer false positives, which
less interruptions to valid transactions and improved

customer trust. Real-time processing of large amounts of
transaction onfirmed the framework's scalability and efficiency, showing its
usefulness in d c e-commerce settings.

The study's ovefall findings demonstrate how hybrid machine learning models
have the potential to completely transform the detection of financial fraud by
providing a complete solution that strikes a balance between interpretability,
computational efficiency, and detection accuracy.

14
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This results in an accuracy of 95% % and recall, a
sturdy progression toward the 1 . Of I.e., Accuracy moves

from 85 to ~95%, Precision i from just under 80% where
surprisingly Recall shifts signifi i apout ten percentage points
(78-88%). This is good news, as t ] gsuggest that they have done a
great job of improving and tuning thei | theveby increasing its detection and

prediction malleabili is figure nderstand the evolution of model
development an i

True Negatives

False Negatives False Positives

True Positives

Figure 3. Fraud Detection Accuracy: True and False Positives/Negatives
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This figure 3 shows what actual values (true positives, false positives, true
negatives, and converted to false negative numbers) our fraud detection system
got. Seventy percent of them are true positive meaning fraud cases that were
correctly identified. There are also 10% or so false positives/fraud (false fraud).
True negatives 15% - Examples of non-fraud correctly identified. A false negative
of 5% shows that frauds were missed. That graphic shows the strong areas of your
system and what needs to be worked on.

5. Conclusion and Future Implications:

An optimized hybrid machine learning framework that greatly improves financial
fraud detection in e-commerce platforms is presented in th . The framework

combines neural networks, decision trees, and S pduce 1mproved
detection accuracy and reliability by utilizing the each technique.
Robust performance in detecting fraudulent transa@ the
method, which combines rigorous data preparation, feature extraction, and
ongoing model optimization. The system's i 1C¢ in dynamic e-
commerce contexts is demonstrated by 1 s in real time
and by its ability to quantify and pre dings highlight
the framework's potential to imppove t and lower financial
losses, which will aid in the cre sendable fraud detection systems.
Subsequent investigations ou > honing the model and
investigating supplementary - i ethodologies to augment
detection proficiency and adjust to raudulent trends. To further improve
the accuracy of frau 1 should investigate sophisticated
machine learnin 1ve algorithms. Furthermore, adding real-
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