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ABSTRACT:

Combining Al with predictive analytics is changing the way fraud detection and risk assessment are
done in the ever-changing world of financial services. Identifying complex fraudulent activities and
evaluating financial risks can be challenging using traditional methods since they are reactive and
based on past data. On the other hand, Al-powered predictive analytics provides a preventative
measure by analysing massive volumes of data in real-time using sophisticated algorithms and ML
approaches. Financial institutions can quickly and accurately identify patterns of suspicious activity
that could be caused by fraud using this method. Artificial intelligence models can anticipate dangers
before they happen by analysing past transactions, user habits, and external variables. Adaptive
learning allows machine learning algorithms to continuously improve their predictions, making them
better able to spot new forms of fraud and evaluate risk indicators on the go. In addition, financial
services may now personalize their risk assessment tactics for each client and transaction with the use
of Al's predictive analytics. Operational efficiency and customer happiness are both enhanced by this
personalization, which enables more accurate risk management and decreases the probability of false
positives. Insights generated by Al also help with decision-making because they give useful
information for things like strategic planning and allocating resources. A more robust and secure
financial ecosystem is the end result of incorporating Al and predictive analytics into the financial
services industry, which also improves the capacity to detect fraud and evaluate risk.
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1. Introduction

The e-commerce business has reached unprecedented heights in recent years, thanks to the ubiquitous
availability of mobile devices and the ever-expanding internet. The digital revolution has changed
consumer behavior in a profound way, ushering in a new culture that values accessibility and ease of
use. Traditional, brick-and-mortar retailers no longer dictate how customers shop. These days,
consumers may choose from an almost endless variety of things while shopping online, all from the
comfort of their own homes. Using trusted online payment gateways, making a purchase is as simple
as clicking a button. Companies and customers alike have undoubtedly benefited from the arrival of
this era of unprecedented development in e-commerce. Companies benefit from a global marketplace
with few territorial limits, and customers enjoy unparalleled convenience, affordable costs, and a
significantly larger variety of items. The growing online marketplace is a fertile ground for bad actors
who are adept at exploiting its vulnerabilities[1]. Electronic commerce fraud, which encompasses a
broad range of unethical practices aimed at obtaining goods or funds without appropriate payment,
poses a significant threat to the financial security and reputation of online businesses. The financial
and insurance sectors are feeling the full force of the technological revolution brought about by
artificial intelligence and predictive analytics. The way institutions handle fraud detection and risk
assessment is being transformed by new technologies, which overcome the flaws of conventional
approaches. Conventional systems often rely on static rules and prior data. As the intricacy and
complexity of financial processes increase, so does the need for state-of-the-art methods to reduce
risk and combat fraud. The foundation of fraud detection systems in the financial sector has always
been predefined criteria and historical trends[2]. Although these technologies are useful to a certain
extent, they may struggle to keep up with the constantly evolving tactics used by fraudsters. The fast
development of new types of fraud means that conventional methods often fall behind. Similarly, if
risk assessment methodologies rely on static data and don't properly predict potential financial
hazards, organizations could be exposed to unanticipated dangers. In order to detect potential
instances of fraud, these algorithms search for unusual or suspicious patterns. Because of their ability
to learn and adapt in real-time, Al models outperform more traditional methods when it comes to
detecting sophisticated fraud schemes. Because fraudulent conduct in e-commerce platforms poses
major challenges to transaction security systems, strong detection and prevention strategies are
necessary. Experts in the field and those in academia have been working together to fortify online
payment systems against fraudulent transactions[3]. The intrinsic complexity and ever-changing
nature of e-commerce operations make successful fraud prevention a considerable issue. The
obfuscation tactics employed by malicious actors make it difficult to identify and prevent fraudulent
operations based solely on past order data. In the past, rule-based systems and analysis of previous
transactions have been the mainstays of online retail fraud prevention and detection efforts[4].
Although these methods have shown some promise, they often fall short when it comes to capturing
the dynamic behaviors exhibited by online buyers. Due to the diverse user behaviors and rapid
evolution of online commerce, a more advanced and adaptable technique is needed to detect fraud.
This study presents a novel technique to fraud detection that makes use of several viewpoints, which
aims to circumvent the shortcomings of traditional methods. By integrating process mining and
machine learning to analyze user actions in real-time from different angles, the proposed method
aims to enhance the effectiveness of fraud detection.

2. Literature Survey

The use of Machine Learning (ML) models has revolutionized fraud detection by making it more
accurate and scalable [5]. Banking, financial services, and online shopping rely heavily on these
models due to the enormous transaction volumes that necessitate ongoing monitoring for fraud. ML
techniques include Supervised Learning frameworks, unsupervised learning methodologies, and
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hybrid models have helped solve many fraud detection challenges. E-commerce algorithms' novel
ML-based financial transactions and application are examined [6] with accuracy of 99.89%. The
winning Back Propagation Neural Network (BPNN) model detected financial fraud. This work [7]
suggests real-time online fraud detection with Support Vector Machine (SVM). Supervised learning
models are the backbone of many anti-fraud solutions. Using tagged training data, these models can
differentiate between real and suspected fraudulent transactions [8]. To distinguish between
legitimate and fraudulently labeled transaction histories, the model requires a dataset including both
types of data. Many popular supervised learning methods include Logistic Regression (LR), Gradient
Boosting Machines (GBM), Decision Trees (DT), and Random Forests (RF) [9]. LR is commonly
used when a detailed description of the model is required because it is easy to understand and use.
Using the amount, type of merchant, and time of transaction as input features[10], this model can
estimate the likelihood of a fraudulent transaction. This study [11] demonstrated ML and Deep
Learning (DL) algorithms can detect internet fraud. Sequential Convolutional Neural Network
(CNN), Naive Bayes (NB), LR, K-nearest Neighbor (KNN), and Random Forest (RF) learning
algorithms use regular and exceptional transaction characteristics. We test the model with public
data. Many algorithms had visual accuracy: NB 96.2%, LR 94.7%, KNN 95.88%, RF 97.55%, and
Series CNN 92.4%. Kaggle's Fraud Detection dataset can detect fraudulent transactions [12][13].
Due to its linear decision boundary, LR could miss intricate fraud patterns involving features with
non-linear relationships. DT have long been a part of it; they make greater use of decision rules learnt
from the dataset to repeatedly partition the feature space into distinct areas [14]. ML algorithms are
becoming crucial for the detection of fraudulent activities in e-commerce supply chains. The majority
of models are either DT, Neural Networks (NNs), or SVMs[15]. Each of these models has its own set
of pros and cons, particularly when used for transaction-level analysis [16]. When DT are too huge,
they become less interpretable and more complicated, which can reduce their efficiency in large-scale
applications. Kaggle detected and prevented financial transaction fraud. Big data is used to evaluate
online banking dangers and user behavior. Internet banking and large data concerns start this risk
management article. These algorithms were evaluated for accuracy (96.38%), recall (70.97%),
precision (88.15%), and F-Score (16.37). The lowest error detection method was 7.18%. One type of
powerful classifier that works well with high-dimensional data is the SVM, which can distinguish
between classes with a considerable margin of separation [17]. Because they may use kernel
functions to handle both linear and non-linear decision boundaries, they are adaptable to complex
fraud detection scenarios. DL models, which are a subset of NNs, have shown remarkable
performance in challenging fraud detection tests. Data architectures with connected nodes might help
them make sense of complicated patterns and correlations [18]. They stand out from simpler models
due to their extraordinary ability to identify complex and subtle patterns of deception. Because of
their adaptability, neural networks can handle large datasets and keep up with changing fraud trends.
Many authors have proposed [19]. We are expanding our marketing efforts beyond first-time buyers
by leveraging the Fraud detection framework to raise the profile and credibility of emerging online
services and goods. The proposed SVM model beats state-of-the-art simulation methods with 97.7%
recall, 96.8% accuracy, 96.7% fl1-score ratio, and 20.9 percent error rate. We employ BiGRUs and
BiLSTMs in our BiLSTM-MaxPooling model. Also employed were six ML classifiers: NB, Ada
boosting, Voting, RF, LR, and DT. Compared to ML classifiers, our model was 91.38% efficient. LR
is a leading tool for detecting fraudulent transactions when outcomes are categorized. Fitting the data
to a logical function can anticipate many events, including fraud, by correcting for known variables
and historical data. DT, adaptable algorithms, were examined because they may produce intelligible
rules depending on transaction features [20]. For fraud detection, decision trees sort or partition data
by transaction factors like amount, location, and frequency. Fraud probability can be predicted. Rule-
based systems' intelligence lets them detect questionable transactions and alert authorities. RF used
ensemble learning to reduce overfitting and improve fraud detection [21][22]. By integrating several
decision trees, random forests improve fraud detection. Its better capacity to analyze massive data
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sets and complicated patterns makes it adept in detecting fraudulent conduct across a variety of
trading scenarios, benefiting the financial industry's risk mitigation efforts. Engineered to mimic the
brain's architecture, NNs can understand complicated data patterns and relationships. NNs excel in
detecting fraudulent tendencies, abnormalities, and misclassified transactions in huge transaction
data.

3. Methodology

The essay delves into the changing function of Al in classrooms, highlighting the revolutionary
changes it has brought about in the ways students learn and teachers present information. It explores
the ways in which Al technologies, including ChatGPT and other machine learning algorithms,
remodel classroom instruction. It focusses mainly with two areas: first, how students use new tools to
their advantage in the classroom, and second, how educators might incorporate them into their own
educational practices.

A. Preprocessing

The process of extracting useful features from raw data, is an essential part of data preparation. The
Al model's capacity to learn and detect fraudulent behaviours is heavily influenced by these qualities,
which serve as its foundation. A thorough familiarity with the data and the particulars of the fraud
detection job at hand is necessary for feature engineering[23]. For example, characteristics like the
amount of time that elapses between an order's placement and the delivery attempt, or the frequency
with which a user's account is linked to changes in location, can be particularly helpful in detecting
fraudulent behavior. Online retailers may take their fraud detection to the next level by making good
use of artificial intelligence technology and carefully maintaining their data. Through data pre-
processing, raw data can be transformed into a clean dataset. In other words, when data is gathered
from multiple sources, it is unfair to use unprocessed data for evaluation. Preprocessing refers to the
steps taken with a dataset before feeding it into an algorithm. Here are the main steps of the
preprocessing:

1) Missing and Null Values

Essential to data preparation is the management of null values. To deal with missing data correctly,
imputation and removal methods are employed. As a result, investigators can be assured that their
dataset is accurate and of high quality before diving into analysis and modeling.

2)  Encoding Categorical Variables:
The possible values of a variable are usually described by a set of predefined categories.

3) Data Scaling:
The Data noise can be effectively reduced through scaling. Here, a regular scalar is used to perform
data scaling. By applying z-score normalization, standard scalar ensures that all values fall inside a
predetermined range. A popular technique for
R(T)
=1+ e (1)

Z-score normalization (Equ.1), where is the input variable and is the base of the natural logarithm,
can be defined as:
7
_(T-p)

T

(2)

where z represents the value that has been standardized, T represents the value that was originally set,
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p represents the mean of the feature, and t represents its standard deviation.

B. Feature Selection:
Data mining and knowledge-based authentication rely on feature selection. Machine learning, pattern
recognition, and statistics are just a few of the fields that have done extensive research on the feature
selection problem. It created a new feature selection method based on Hausdorff distance for
evaluating online traffic data, and he noted that most data mining programs spend 80% of their
efforts on cleaning and prepping the data. Any learning algorithm relies on feature selection, which,
if done incorrectly, can cause issues including inadequate information, irrelevant or noisy features,
not using the best set of features, and many more[24]. It used the simplest statistical technique in the
characteristic’s selection phase of this investigation. One of the effective methods for selecting
features is the t-statistic. The features are ranked using the formula shown below. In fact, it pioneered
the use of the t-statistic in bioinformatics for feature selection.
t — statistic

_ |p12 p22| (3)
1, T
nlm
The standard deviation of the samples of non-fraudulent companies for a given feature is denoted by
v2, whereas the means of the samples of fraudulent companies are represented by pl and p2,
respectively. In this case, n1 and n2 are the sample sizes of fraudulent and non-fraudulent companies,
respectively, for the specified feature. Consideration is given to the top 18 features in the first case
and the top 10 features in the second case based on the t-statistic values that were computed for each
feature. If the feature's t-statistic is large, it means it can distinguish between samples of fraudulent
and non-fraudulent organizations with surprising accuracy.

C. Model Training

1) LR:

When the results are categorical, like in deciding if a transaction is fraudulent or not, logistic
regression—a baseline approach in fraud detection—is especially helpful. Through the process of
fitting the data to a logical function, it is possible to predict the probabilities of various events. This
tool can shed light on the possibility of fraud depending on certain parameters and past data.
Analyzing transaction data and identifying possibly fraudulent activity is made easier with its
straightforward and understandable design. Because of its ability to forecast binary outcomes using
numerous predictor variables, logistic regression is generally acknowledged as a crucial method in
the domain of binary classification[25]. To estimate the likelihood that an input is connected with a
specific category, logistic regression uses the logistic function, also called the sigmoid function,

™(n) = : A linear combination of features denoted as n = oy + a;t; + oty + -+ o, t, IS
1+q-n 0 1%1 242 ZVZ

typically used as an input to the function, which is designed to provide a value between 0 and 1. The
given value indicates the likelihood that the dependent variable will equal 1. Methods like maximum
likelihood estimation are used to estimate the model coefficients oy, oy, ..., a,, with the goal of
maximizing the probability of observing the provided sample data. Logistic regression's
simplification and ease of interpretation have made it a popular choice as a methodology in many
different industries, including healthcare, business, and finance. The fact that this occurrence can
shed light on the likelihood of different events makes its probabilistic component very esteemed[26].
When it comes to making decisions and evaluating risks, this quality is crucial. The ability to adjust
the classification threshold, which is often set at 0.6, provides flexibility in different scenarios,
allowing for the optimization of the false positive/false negative trade-off based on the specific
context. Despite its apparent simplicity, logistic regression demonstrates an impressive degree of
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accuracy, especially when the relationship between the variables and the result is linear. Overfitting
is less likely to occur with this model compared to more complex ones. A further advantage is that it
is easy to understand and use because the coefficients are directly related to the odds ratios, which
provides clear information about how each predictor variable is influencing the outcome.

2) RF:

Because of its ease of use, little computing requirements, and straightforward design, random forest
is frequently considered a technologically integrated solution. When applied to a variety of real-
world scenarios, the Random Forest algorithm has proven to be very effective. Training decision
trees using bagging integration, the random forest method employs a random selection of attributes.
Learners who rely on decision trees often use this tactic. In a perfect world, we could divide the
current sample evenly in half and use the resulting decision tree model to accurately forecast what's
to come. There are never any situations that are this simple in reality[27]. An overflow of data and
overfitting occur when the division level is too exact, and a substantial difference between the
expected and actual values makes it difficult to accurately complete the prediction task. Researchers
have come up with new ways to measure the necessity of more segregation, like the Gini index and
knowledge gain.

The information entropy of A is defined as the fraction of class k samples in the current sample set A,
where r;(i = 1,2, ..., |6]).

Ent(a)
M|

== Z rjlog, (4)

i=1
The discrete attribute an is assumed to have H potential values. The information gained from
partitioning sample set A with attribute an is, where a! denotes the samples in set A whose value is
a'l when divided according to discrete attribute c.
Gain(a, c)

ot
= Ent(c) ). 7 Ent(a®) 5)

H=1

la

Partitioning using attribute a usually results in a purity boost that increases in direct proportion to the
information obtained. Therefore, the data collected can be used to determine if this attribute is
divided up in the subsequent step of decision tree creation.

3) NN:

Neural networks are strong algorithms that can understand intricate data patterns and correlations by
modelling themselves after the architecture of the human brain. Neural networks stand out in the field
of fraud detection for their exceptional ability to efficiently handle massive volumes of transaction
data in order to spot irregularities, categorize transactions, and uncover patterns of fraud. In the
never-ending battle against financial fraud, their adaptability and detection of complex fraud schemes
make them an essential instrument. This allows organizations to safeguard their assets by staying
ahead of developing risks. When it comes to protecting online transactions and boosting confidence
in online interactions, the use of Al for fraud detection is a huge leap forward. Artificial intelligence
systems are able to anticipate and prevent fraud because they use data analytics and machine learning
to adapt to new fraud strategies. More effective and efficient fraud detection is on the horizon as Al
technology develops further, which will bolster security measures in all kinds of businesses[22].
However, in order to keep trust and accountability in Al-driven fraud detection systems, it is
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necessary to address ethical issues and ensure transparency. Enhancing security and encouraging trust
in the digital environment will remain a top priority for Al researchers and industry stakeholders.

4  DT:

As a multi-purpose algorithm, decision trees are great at using transactional details to
generate rules that are easy to understand and apply. For the purpose of fraud detection, decision
trees are employed to categorize or divide data in order to forecast the probability of fraud according
to attributes of transactions including number, place, and frequency. Their natural intelligence paves
the way for rule-based systems to discreetly detect questionable transactions and alert authorities.

Il. RESULTS AND DISCUSSION

To make use of and analyse the vast quantities of data produced by online transactions, advanced
cyber-infrastructure and information technology approaches are required. This research presents an e-
commerce industry-specific big data platform for online merchants to use in responding to a range of
challenges. As a global issue, fraud affects both individuals and companies. Machine learning (ML)
and artificial intelligence (Al) have been tremendous allies in the fight against fraud in today's tech-
driven world. This essay examines the common knowledge of fraud prevention and demonstrates
how it is out of date in comparison to contemporary fraud tactics. Learn more about how ML and Al
are facilitating rapid digitization and how it is changing the game when it comes to preventing fraud.
Businesses can now sift through mountains of data in search of irregularities that may indicate
fraudulent behaviour thanks to Al and machine learning technologies.

TABLE I. PERFORMANCE PREDICTION(%)
Model Accuracy Precision Recall
DT 93.44 90.15 91.05
NN 91.60 89.54 90.34
LR 95.86 93.44 94.80
RF 89.21 87.60 88.43

Table 1 shows a comparison of four ML models for e-commerce fraud prevention: DT, NN, LR, and
RF. The models are evaluated according to recall, precision, and accuracy. Accuracy (95.66%),
precision (93.44%), and recall (94.8%) are all best achieved by LR. This demonstrates how well LR
works for accurate and trustworthy predictions in the field of e-commerce fraud prevention.
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Fig. 1. Training and Validation Accuracy of ML Models
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Figure 1 shows the growth in accuracy for both the training and validation datasets over the course of
an epoch, demonstrating the effectiveness of Al-powered fraud prevention models in online
purchases. The model's capacity to generalize and successfully detect fraud is demonstrated by the
continual rise in validation accuracy. These systems are able to adapt to new fraud patterns because
they use strategic machine learning techniques like neural networks. This improves confidence in
online transactions, protects e-commerce platforms, and guarantees strong fraud detection.

TABLE . AUC PERFORMANCE PREDICTION (%)
Model ROC
DT 95.62
NN 97.04
LR 97.48
RF 96.29

The AUC-ROC performance of various models for e-commerce transaction fraud detection is
evaluated in table 2. The greatest area under the curve is achieved by LR, suggesting that it is better
at differentiating between fraudulent transactions.

train
validation

\\\\
o.3 1'.fJIIll W,

N \%%
o] VYA A AN A AN

) =2s s0 7= o s

Fig.2. Training and Validation Loss of the Models
Fig. 3.
In a system that uses artificial intelligence to detect online shopping fraud, the training and testing
loss converges, as shown in figure 2. Both curves are trending downward, which means the machine
learning algorithm is picking up trends to identify fraud. The model appears to avoid overfitting, as
evidenced by the near alignment of the train and test losses, which indicates strong generalization.
For accurate fraud detection across different types of transactions.
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Fig. 4. Accuracy Comparison of Various Models
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Figure 3 is a bar chart comparing the accuracy rates of four different models used for e-commerce
fraud detection: DT, LR, NN, and RF. When compared to other models, the suggested one (LR)
achieves the best accuracy, showing how well it can detect fraudulent actions. With the help of Al
models, e-commerce platforms can conduct transactions reliably and securely.

Receiver Operating Characteristic (ROC)

True Positive Rate

— ROC curve

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

rig. 5. ROC Curve for Fraud Prevention Strategic Machine Learning in E-Commerce Transactions

The ROC curve in Figure 4 shows how well an e-commerce fraud detection model driven by Al
performs. The curve shows the compromise between the two rates, one representing the detection of
fraud and the other the flagging of legitimate transactions as fraudulent. High fraud detection
accuracy with minimum false alarms is shown by the curve nearing the top-left corner, indicating the
model's effectiveness.

1.0 A
0.8
— 0.6 1
R=
oL
L
Q)
& 0.4
RF
0.2 1 —— LR
NN
0.0 DT
T T T T T T
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Fig.6. Precision-Recall Curve for Fraud Prevention in E-Commerce Transactions
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Figure 5 shows a comparison of four machine learning models used for e-commerce fraud detection:
RF, LR, NN, and DT. It reveals how well any model finds a happy medium between recall (the
number of actual fraud cases found) and accuracy (the number of fraud cases correctly identified).
Model performance is better indicated by curves close to the top-right corner. By comparing different
models, we can choose the one that best detects fraudulent actions with the fewest false positives.

I11. ConcLUSION AND FUTURE DIRECTIONS

With its unrivaled accessibility and ease, e-commerce has completely transformed the retail industry,
thanks to its meteoric rise. On the flip side, fraud has flourished in this digitally transformed world.
Online firms are particularly vulnerable to e-commerce fraud, which includes misleading transactions
with the intent to steal money or items without proper payment. It causes huge financial losses,
customer trust, and messes with operational efficiency. Enhancing e-commerce fraud detection skills
through the deployment of Al techniques is the focus of this proposed. A formidable weapon against
fraudulent operations is Al, thanks to its capacity to sift through enormous datasets, spot intricate
patterns, and adjust to new dangers. Anomaly detection, transaction monitoring, and risk reduction
are the three essential components of Al-driven fraud detection that are examined in this study. An
LR model was used for training. At its peak, the suggested model achieves an accuracy of 95.86
percent.
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