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Abstract: Fraudulent activities in e-commerce have grown substantially, with significant losses
to both businesses and consumers. Traditional fraud detection methods are often reactive and
insufficient to detect complex and sophisticated fraudulent behaviors. This article explores the
application of machine learning (ML) algorithms in detecting fraud in e-commerce transactions.
It highlights various approaches, including supervised, unsupervised, and semi-supervised
learning, to enhance fraud detection models. Furthermore, the paper evaluates the effectiveness
of different ML techniques in identifying patterns in transaction data, focusing on their ability to
adapt to evolving fraud strategies. The study also presents a case study of real-world
implementation in an e-commerce setting, demonstrating the potential of machine learning to
significantly reduce fraudulent activities.
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Introduction:

E-commerce platforms have revolutionized the way consumers interact with businesses,
providing a convenient and efficient shopping experience. However, the increasing reliance on
digital transactions has also led to a rise n fraudulent activities, causing financial losses and
reputational damage to businesses. Traditional fraud detection systems, which typically rely on
rule-based approaches and manual intervention, are often not capable of handling the complexity
and volume of modern e-commerce transactions. As fraudsters continuously evolve their
techniques, there is a growing need for more sophisticated and adaptive systems.

Machine learning (ML), a branch of artificial intelligence (AI), has emerged as a promising
solution for automating fraud detection. By leveraging large datasets, ML algorithms can identify
patterns and anomalies that may indicate fraudulent behavior. Unlike traditional systems, ML
models can contmuously learn from new data, improving their detection capabilities over time.
This article provides an overview of how ML can be applied to fraud detection in e-commerce,
discussing various techniques, challenges, and real-world applications.

1.0verview of Fraud in E-commerce Transactions:

E-commerce platforms, while providing unparalleled convenience for both busmesses and
consumers, have become increasingly attractive targets for fraudsters. The anonymity, speed, and
ease of online transactions make it difficult for traditional fraud detection methods to keep up
with the evolving and sophisticated tactics employed by criminals. Below, we explore the
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various types of fraud encountered in e-commerce, the significant economic impact they have,
and the Limitations of traditional fraud detection systems.

Types of Fraud in E-commerce:

Payment Fraud:

Payment fraud is one of the most common forms of fraud in e-commerce transactions. This type
of fraud involves unauthorized transactions made using stolen credit card information, fake or
compromised payment methods, or fraudulent chargebacks. Fraudsters may use stolen card
details to make purchases or initiate payment reversals to defraud the merchant after receiving
goods or services.

Account Takeover:

Account takeover (ATO) occurs when fraudsters gain unauthorized access to a customer's
account, typically through methods like phishing, credential stuffing, or data breaches. Once
inside the account, fraudsters can make unauthorized purchases, change account details, and steal
sensitive personal information. ATO can be particularly damaging as it allows fraudsters to
bypass authentication systems and directly access stored payment information.

Phishing:

Phishing refers to fraudulent attempts to obtain sensitive information by masquerading as a
legitimate entity, such as an e-commerce platform, through emails, fake websites, or messages.
Fraudsters trick users into revealing their login credentials, credit card information, or other
sensitive data. Phishing attacks often target consumers who may be unaware of the risks of
entering personal information mto fraudulent forms.

Return Fraud:

Return fraud involves individuals purchasing goods online and then returning them after using or
damaging them, often with false or manipulated receipts. Alternatively, fraudsters may use stolen
payment methods to buy items and later return them for a refund, effectively obtaining goods
without paying for them.

Friendly Fraud:

Friendly fraud, also known as chargeback fraud, occurs when a legitimate customer makes an
online purchase but later disputes the charge with therr credit card issuer, claiming the
transaction was unauthorized or that they did not receive the goods or services. This results in a
chargeback, which is difficult for merchants to contest, leading to losses.

The Economic Impact of Fraud on Businesses and Consumers:

The economic impact of fraud in e-commerce is substantial Businesses face direct financial
losses due to fraudulent transactions, as well as indirect costs such as increased chargebacks,
refunds, and the need for heightened fraud prevention measures. For example, payment fraud can
result in a business losing revenue from the fraudulent sale itself and mcurring costs from
reversing the transaction or dealing with chargebacks.

Moreover, businesses must invest heavily in fraud detection systems, customer service to handle
disputes, and legal fees to address fraudulent activity. These costs can be a significant burden,
particularly for small and medium-sized enterprises (SMEs) that lack the resources to implement
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sophisticated fraud prevention solutions. According to industry estimates, fraud costs the global
e-commerce sector billions of dollars annually, and these numbers continue to grow as the
volume of online transactions increases.

Consumers also bear a heavy cost from e-commerce fraud. In addition to direct financial losses,
victims of fraud may experience identity theft, financial instability, and a loss of trust in online
shopping platforms. This can erode consumer confidence and reduce spending, further impacting
e-commerce businesses. Furthermore, account takeovers and phishing attacks can result in long-
term damage to a consumer's credit score and financial reputation.

The Limitations of Traditional Fraud Detection Systems:

Traditional fraud detection systems often rely on rule-based mechanisms, manual reviews, and
static algorithms to flag suspicious transactions. While these methods have been effective to
some extent, they have several limitations:

Reactive Nature:

Traditional systems are typically reactive, meaning they only detect fraudulent activity after it
has occurred. Once a fraud pattern is identified, it may take time for the system to adapt and
prevent future incidents, giving fraudsters an advantage in the interim.

Inability to Detect New or Evolving Fraud Tactics:

As fraud tactics evolve, traditional systems may struggle to keep up. Fraudsters constantly find
new ways to bypass existing security measures, and rule-based systems are often not flexible
enough to recognize novel fraud patterns. This is particularly problematic in the case of advanced
fraud types like account takeover or sophisticated phishing attacks.

High Rate of False Positives:

Many traditional systems flag legitimate transactions as suspicious, leading to false positives.
This results in unnecessary delays, customer frustration, and lost sales. For example, legitimate
customers may be forced to go through additional verification steps, leading to abandoned
shopping carts and a poor user experience.

Scalability Issues:

As e-commerce grows, the volume of transactions increases exponentially. Traditional fraud
detection systems often struggle to scale efficiently to handle large volumes of data. This can
lead to slower processing times and the potential for fraud slipping through the cracks.

Limited Contextual Understanding:

Traditional systems typically rely on a narrow set of data points, such as transaction amounts or
locations, to detect fraud. However, these systems often lack the ability to understand the broader
context of a transaction, such as user behavior, historical patterns, and external factors. This
limited scope can hinder their ability to identify subtle fraud signals that may not align with
predefined rules.

In summary, fraud in e-commerce is a significant and growing concern that has both immediate
financial consequences and long-term impacts on trust and customer loyalty. Traditional fraud
detection methods, while useful, often fall short in addressing the complexities and evolving
nature of online fraud. As fraud tactics become more sophisticated, there is an increasing need
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for advanced technologies, such as machine learning, to enhance fraud detection capabilities and
provide more effective protection for businesses and consumers alike.

2.Machine Learning Techniques for Fraud Detection:

Machine learning (ML) has become an essential tool in combating e-commerce fraud by offering
more adaptive, scalable, and accurate solutions than traditional methods. The core strength of
ML lies in its ability to learn from historical data and identify patterns that may indicate
fraudulent activities. The following discusses the main types of machine learning techniques
applied to fraud detection: supervised learning, unsupervised learning, and semi-supervised
learning.

Supervised Learning:

Supervised learning is one of the most widely used machine learning techniques m fraud
detection. In this approach, models are trained on a labeled dataset where each data point is
associated with a known outcome (fraudulent or non-fraudulent). The algorithm learns the
relationship between the mput features (such as transaction details, user information, and
payment method) and the output label (fraud or no fraud).

Decision Trees:

Decision trees are a popular choice in supervised learning for fraud detection. These models
recursively split the data based on feature values to create a tree-like structure that helps classify
transactions as either legitimate or fraudulent. Decision trees are easy to interpret and provide
clear decision rules, which is important in fraud detection. However, they can overfit the data if
not pruned properly.

Random Forests:

Random forests are an ensemble method that builds multiple decision trees and aggregates their
predictions to improve accuracy and reduce overfitting. Each tree is trained on a random subset
of the data and a random subset of features, which helps in generalizing the model and increasing
its robustness against fraudulent activitiess. Random forests are highly effective mn fraud
detection, as they can handle large datasets with high dimensionality and capture complex
patterns in the data.

Logistic Regression:

Logistic regression is another common technique used in supervised learning for fraud detection.
It models the relationship between independent variables (such as user behavior or transaction
details) and the probability of a transaction being fraudulent. Logistic regression is often used in
scenarios where fraud detection needs to be probabilistic rather than binary (fraud or not fraud).
It provides a straightforward interpretation of the results, making it easier to understand the
impact of each feature on the likelihood of fraud.

Unsupervised Learning:

Unsupervised learning is used when labeled data is not available, or when it is difficult to obtain
large amounts of labeled fraud data. In these cases, unsupervised learning methods can still
identify anomalous patterns or clusters in transaction data that may indicate fraudulent activities.
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Clustering:

Clustering is a method that groups similar transactions together based on shared characteristics
without requiring labeled outcomes. One common clustering algorithm is K-means clustering,
which divides the data into a predefined number of clusters. Transactions that deviate
significantly from these clusters (outliers) may be flagged as suspicious. Clustering techniques
are valuable in fraud detection because they can reveal hidden patterns of fraudulent activity that
are not apparent through simple rule-based systems.

Anomaly Detection:

Anomaly detection techniques identify transactions that significantly differ from typical user
behavior. These methods are effective for fraud detection, as fraudsters often exhibit unusual
behavior that is different from the norm. For example, a sudden spike i transaction frequency or
a large transaction in a geographic location where the user doesn't typically shop can be flagged
as an anomaly. Common anomaly detection algorithms include Isolation Forests, One-Class
SVM, and Autoencoders. These algorithms help detect subtle, previously unknown fraud
schemes by identifying outliers in the data.

Semi-Supervised Learning:

Semi-supervised learning is a hybrid approach that combines the strengths of both supervised
and unsupervised learning. This method is particularly useful when a large amount of unlabeled
data is available but only a small portion of it is labeled (ie., a few examples of fraud and many
more legitimate transactions). Semi-supervised learning leverages the labeled data to guide the
learning process and improves the model's ability to classify unlabeled data.

Combining Labeled and Unlabeled Data:

In semi-supervised learning, the labeled data helps the model understand the characteristics of
fraudulent transactions, while the unlabeled data enables the model to generalize better and
detect fraud across a wider range of transactions. By mcorporating unlabeled data, the model can
mprove its ability to identify new fraud patterns that were not present in the labeled dataset. This
approach is particularly valuable in fraud detection, where acquiring labeled fraud data is often
time-consuming and costly.

Self-Training Algorithms:

One common semi-supervised technique is self-training, where an initial supervised model is
trained on the labeled data, and the model then predicts labels for the unlabeled data. The most
confidently predicted labels are added to the traming set, and the model is retrained. This
iterative process helps the model learn from the vast amounts of unlabeled data while improving
its fraud detection capabilities over time.

Graph-Based Approaches:

Semi-supervised learning can also involve graph-based methods, where entities (such as users or
transactions) are represented as nodes in a graph, and relationships between them are modeled as
edges. These approaches help capture the structure of fraud networks, such as the relationships
between different accounts mvolved in a scam or fraudulent group. By leveraging both labeled
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and unlabeled data, graph-based algorithms can detect fraud across a network of nterconnected
transactions, improving the overall accuracy of fraud detection.

Each machine learning technique—supervised, unsupervised, and semi-supervised—oflers
distinct advantages and challenges for fraud detection in e-commerce transactions. Supervised
learning excels when labeled data is available, providing highly accurate predictions based on
known fraud patterns. Unsupervised learning is valuable in identifying new or unknown fraud
patterns without the need for labeled data, while semi-supervised learning strikes a balance by
leveraging both labeled and unlabeled data to enhance model performance. By combining these
techniques, e-commerce platforms can build robust fraud detection systems that contmnuously
evolve to counter the ever-changing tactics of fraudsters.

3.Data Preprocessing and Feature Engineering:

Data preprocessing and feature engineering are crucial steps in building effective machine
learning models for fraud detection in e-commerce. The quality of the nput data significantly
mfluences the performance of machine learning models. By carefully preparing the data and
selecting meaningful features, fraud detection systems can achieve higher accuracy and better
generalization. Below, we explore the importance of data cleaning and normalization, the process
of extracting meaningful features, and the role of time-series data in detecting fraudulent
activities.

Importance of Data Cleaning and Normalization:

Before machine learning models can be trained, it is essential to clean and normalize the data.
Raw transaction data often contains noise, inconsistencies, missing values, and outliers that can
negatively mmpact model performance. Data cleaning involves addressing these issues to ensure
the data is accurate, complete, and ready for analysis.

Handling Missing Data:

Missing values are common in e-commerce transaction datasets and can arise from various
sources, such as system errors or incomplete user mformation. Incomplete data can hinder the
model's ability to learn accurately. Missing values can be handled through techniques such as
imputation (replacing missing values with the mean, median, or mode of the feature) or by
removing instances with missing values, depending on the amount of missing data.

Outlier Detection:

Outliers are extreme values that deviate significantly from the rest of the data and can distort the
learning process. In fraud detection, however, outliers may also represent fraudulent transactions
(e.g, unusually large purchases or transactions made i suspicious locations). While outlers
should be carefully examined, they are often retained to help identify potential fraud. Statistical
methods like Z-score or IQR (Interquartile Range) can be used to detect and handle outliers.
Normalization and Scaling:

Normalization refers to the process of adjusting data to a common scale, which ensures that
features with different units (e.g., transaction amount, time, and geographical location) are
treated equally by the machine learning model Without normalization, features with larger
numerical ranges could dominate the learning process, skewmng the model's predictions.
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Techniques such as Min-Max Scaling (scaling data between 0 and 1) or Standardization
(scaling data to have a mean of 0 and a standard deviation of 1) are commonly used to normalize
features in fraud detection systems.

Normalization also helps with the convergence speed of traning algorithms, particularly for
distance-based models such as k-Nearest Neighbors (k-NN) and clustering algorithms.

Extracting Meaningful Features from Transaction Data:

Feature engineering involves selecting and transforming raw data into meaningful features that
will enhance the performance of machine learning models. Well-engineered features enable
models to better capture the underlying patterns and relationships in the data, improving fraud
detection accuracy.

Transaction Amount and Frequency:

The transaction amount is one of the most critical features in detecting fraud. Fraudulent
transactions often involve unusually large or small amounts, especially when compared to the
user’s typical purchasing behavior. Additionally, the frequency of transactions (e.g., multiple
purchases in a short time frame) can be indicative of fraud. Calculating rolling averages or ratios,
such as the average transaction amount over a specific period, can help highlight these patterns.
User Behavior Features:

User behavior features capture the history of a customer's interactions with the platform. These
may include:

Average time spent on the platform

Frequency of login attempts

Changes in purchasing patterns (e.g., sudden shift mn product categories or geographical
locations)

Device and IP address used for login

By analyzing these features, the model can identify deviations from a user's usual behavior,
which could signal fraudulent activity, such as account takeover or suspicious purchasing
patterns.

Geographical Features:

The location of a transaction can play an important role in fraud detection. If a user’s account is
regularly used to make purchases from a specific country or region, but suddenly there is a
transaction from an unusual or high-risk location, it could be flagged as potentially fraudulent.
Geographical features can include the distance between the user's last known location and the
current transaction location, as well as the use of proxies or VPNs that mask the true origin of the
transaction.

Merchant and Product Features:

The merchant involved i the transaction and the specific products being purchased can also
provide valuable information. Certain merchants or product categories may be more susceptible
to fraud. For example, digital goods, luxury items, or high-demand products may attract more
fraudulent activity. By categorizing merchants and products and analyzing transaction patterns
for each, the model can improve its ability to predict fraud.
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The Role of Time-Series Data in Detecting Fraudulent

Activities:

Time-series data, which mnvolves a sequence of data points indexed by time, plays a significant
role in detecting fraud in e-commerce transactions. Fraudulent behavior often exhibits temporal
patterns that can be detected by analyzing the time-based nature of the data.

Transaction Trends Over Time:

Fraudulent transactions may follow unusual trends over time, such as spikes in transaction
frequency, unusual times of purchase (e.g., late-night transactions from previously inactive
accounts), or bursts of activity after periods of mactivity. Time-series analysis can help identify
sudden deviations from expected behavior, such as multiple failed login attempts followed by a
successful but fraudulent transaction.

Seasonality and Temporal Patterns:

E-commerce transactions often exhibit seasonal patterns (e.g, higher transaction volumes during
holidays or promotional events). By incorporating time-based features such as day of the week,
month, or season, fraud detection models can account for natural fluctuations in activity and
focus on identifying anomalous behavior outside of these typical patterns.

Time-based Clustering and Segmentation:

Time-series clustering methods, such as k-means clustering applied to time-stamped data, can
be used to segment users based on their transactional behaviors over time. Users whose behavior
deviates from their cluster's typical pattern (e.g., sudden high transaction volumes at odd hours)
can be flagged for further mnvestigation.

Lag Features and Temporal Dependencies:

Lag features are previous values in a time series that can provide predictive signals for future
behavior. For example, the frequency of recent transactions or the interval between transactions
can help predict whether the current transaction is fraudulent. Machine learning models like
Recurrent Neural Networks (RNNs) or Long Short-Term Memory (LSTM) networks are
particularly well-suited for capturing temporal dependencies in data and detecting fraud based on
historical transaction patterns.

Incorporating time-series data allows fraud detection models to become more context-aware and
sensitive to changes in transaction behavior over time. This is particularly useful for detecting
evolving fraud schemes that adapt to patterns in user behavior.

4.Evaluation Metrics for Fraud Detection Models:

In fraud detection, the goal is to identify fraudulent activities while minimizing the impact of
false positives (legitimate transactions flagged as fraudulent) and false negatives (fraudulent
transactions not detected). The effectiveness of fraud detection models depends heavily on the
evaluation metrics used to measure therr performance. Understanding these metrics and their
trade-offs is crucial for building a reliable and efficient fraud detection system.

Precision, Recall, F1-Score, and ROC-AUC:

Precision:

Precision is the ratio of true positive predictions (fraudulent transactions correctly identified as
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fraud) to the total number of predicted positive cases (all transactions flagged as fraud). It tells us
how accurate the fraud detection system is when it classifies a transaction as fraudulent.
Precision=True PositivesTrue Positives + False Positives\text{Precision} = \frac {\text{True
Positives} } {\text{True Positives + False
Positives} } Precision=True Positives + False PositivesTrue Positives

A higher precision means that the system is less likely to falsely flag legitimate transactions as
fraud, which is crucial in e-commerce where false positives can lead to a poor customer
experience (e.g., legitimate customers being blocked or inconvenienced).

Recall (Sensitivity):

Recall measures the ability of the model to correctly identify all fraudulent transactions. It is the
ratio of true positives to the total number of actual fraudulent transactions (true positives + false
negatives). Recall is essential when the cost of missing fraudulent transactions (false negatives)
is high, as it ensures that the model captures as many fraud cases as possible.

Recall=True PositivesTrue Positives + False Negatives\text{Recall} = \frac {\text{True
Positives} } {\text{True Positives + False
Negatives} } Recall=True Positives + False NegativesTrue Positives

In fraud detection, high recall is critical because undetected fraud can have severe financial and
reputational consequences.

F1-Score:

The Fl-score is the harmonic mean of precision and recall, providing a single metric that
balances both. It is particularly useful when you need to find a balance between precision and
recall, as it accounts for the trade-off between minimizing false positives and false negatives.
F1-Score=2xPrecisionxRecallPrecision + Recall\text{F 1-Score} = 2 \times
\frac {\text{Precision} \times \text{Recall} } {\text{Precision + Recall} } F1-
Score=2%Precision + RecallPrecisionxRecall

The Fl-score is especially helpful in scenarios where both false positives and false negatives are
undesirable, and you need to ensure that the model performs well across both dimensions.
ROC-AUC (Receiver Operating Characteristic - Area Under Curve):

ROC-AUC is a performance metric used to evaluate the overall ability of a model to distinguish
between fraudulent and non-fraudulent transactions. The ROC curve plots the true positive rate
(recall) against the false positive rate (1 - specificity) at various threshold settings. The AUC
(Area Under the Curve) measures the area under this curve, with a higher AUC indicating better
model performance.

ROC-AUC=/True Positive Rate d(False Positive Rate)\text{ROC-AUC} = \int \text{True
Positive Rate} \, d(\text{False Positive Rate})ROC-
AUC=|True Positive Rated(False Positive Rate)

AUC values range from 0 to 1, with 1 indicating perfect discrimination between the two classes
(fraudulent and non-fraudulent) and 0.5 indicating random guessing. A high ROC-AUC indicates
that the model is effective at differentiating between legitimate and fraudulent transactions,
regardless of the chosen threshold.
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Balancing False Positives and False Negatives:

In fraud detection, there is often a trade-off between false positives and false negatives.
Adjusting the threshold at which a transaction is classified as fraudulent can change the balance
between these two types of errors:

False Positives (Type I Error):

False positives occur when a legitimate transaction is incorrectly flagged as fraudulent. In an e-
commerce setting, this could lead to customer dissatisfaction, canceled orders, or account
lockouts. Minimizing false positives is critical to ensure that genuine customers have a seamless
shopping experience.

False Negatives (Type II Error):

False negatives occur when a fraudulent transaction is not detected. This is especially
problematic as it allows fraudsters to complete unauthorized transactions, leading to financial
losses and reputational damage. Ensuring that the model catches as many fraudulent transactions
as possible is essential for maintaining security and trust on the platform.

Balancing these two errors is challenging because minimizing one typically leads to an increase
in the other. For instance, if the fraud detection model is set to be very strict (lowering the
threshold for fraud detection), it may catch more fraudulent transactions (increasing recall) but
also flag more legitimate transactions as fraudulent (decreasing precision). Conversely, setting a
higher threshold reduces false positives but increases false negatives, potentially allowing more
fraud to go undetected.

A common approach to balancing false positives and false negatives is to use precision-recall
curves or cost-sensitive learning, which weigh the importance of each error type based on the
business's specific goals and costs associated with each.

Model Performance in Real-World E-Commerce Settings:

Evaluatng model performance in real-world e-commerce settings mnvolves considering factors
beyond just the accuracy and theoretical metrics. Fraud detection systems must be adaptable,
scalable, and efficient in practice. Some of the key considerations include:

Real-Time Processing:

Fraud detection systems need to process transactions in real time, especially for high-value or
high-risk purchases. Models that perform well in offline tests may struggle to handle the volume
and speed of transactions in live environments. Performance should be evaluated based on how
quickly the model can classify transactions without introducing significant delays or bottlenecks.

Handling Imbalanced Data:

E-commerce fraud datasets are often highly imbalanced, with legitimate transactions vastly
outnumbering fraudulent ones. In such cases, traditional performance metrics like accuracy can
be misleading. Instead, metrics such as Fl-score, precision, recall, and ROC-AUC are more
informative because they focus on the model's performance on the minority class (fraudulent
transactions).

Scalability:

As e-commerce platforms grow, the volume of transactions increases significantly. Fraud
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detection models must scale efficiently to handle large amounts of data without compromising on
accuracy or speed. Evaluating a model’s scalability is essential, especially for large platforms
with millions of transactions.

Adaptability to New Fraud Tactics:

Fraudsters continuously evolve their tactics to bypass detection systems. A models ability to
adapt to new fraud patterns without significant retraining is essential for maintaining its
effectiveness. Models that incorporate online learning, incremental training, or ensemble
methods may perform better over time, as they can adjust to new data and emerging fraud
strategies.

Business Impact:

In addition to technical performance metrics, the business impact of the model is a crucial
consideration. This includes evaluating the operational costs of fraud detection (e.g., false
positives leading to manual reviews) and the impact on customer experience. A model that
performs well in terms of metrics but creates too many false positives may not be suitable for
deployment in a production environment.

Choosing the right evaluation metrics is critical for assessing the effectiveness of fraud detection
models in e-commerce. Precision, recall, Fl-score, and ROC-AUC provide a comprehensive
understanding of model performance, helpng to balance the trade-off between false positives
and false negatives. In real-world settings, factors like scalability, real-time processing, and
adaptability to new fraud tactics must also be considered. By carefully selecting and optimizing
evaluation metrics, businesses can build fraud detection systems that effectively protect both
their revenue and customer trust while minimizing disruptions to legitimate users.
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Summary:

Machine learning provides a powerful and dynamic approach to fraud detection in e-commerce.

By using advanced algorithms such as supervised and unsupervised learning, businesses can

identify patterns and detect fraudulent activities in real-time. The ability to continuously learn

and adapt to new fraud strategies makes ML an ideal tool for combating the evolving nature of e-

commerce fraud. However, challenges remamn, including data privacy issues, the need for large

labeled datasets, and the complexity of mntegrating ML models mto existing systems. Future

advancements n ML, coupled with the growing availability of transaction data, hold great

promise for improving the effectiveness of fraud detection systems and reducing the financial

mmpact of fraud on e-commerce platforms.
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