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ABSTRACT
Fraud detection in banking is a critical concern as fi-
nancial institutions face increasing challenges in iden-
tifying and preventing fraudulent activities. With the 
rise of sophisticated fraud schemes, traditional detec-
tion methods have proven inadequate, prompting the 
adoption of machine learning (ML) and deep learning 
(DL) techniques. This review explores the application 
of ML and DL methods in banking fraud detection, ex-
amining their strengths, limitations, and potential for 
future improvements. We provide an overview of com-
monly used ML algorithms such as logistic regression, 
decision trees, random forests, and support vector ma-
chines, as well as advanced DL architectures, includ-
ing feedforward neural networks (FNNs), convolutional 
neural networks (CNNs), and recurrent neural networks 
(RNNs). In this review, key issues are discussed in data 
preprocessing, such as handling imbalanced datasets, 
feature engineering, and ensuring data privacy. Emerg-
ing trends in fraud detection, including explainable AI, 
real-time and edge computing solutions, blockchain 
integration, and synthetic data generation, are high-
lighted as promising avenues for enhancing detection 
systems. Despite the significant progress, challenges 
such as computational complexity, model interpret-
ability, and adversarial attacks remain. This review con-
cludes by emphasizing the need for continued research 
and collaboration between academia and industry to 
develop more effective, transparent, and secure fraud 
detection systems for the banking sector.
Keywords: Banking fraud detection, Machine learning, 
Deep learning, Imbalanced datasets, Explainable AI

Introduction
Fraud detection is essential for modern banking oper-
ations due to the complexity of fraudulent activities. 
With digital banking, online transactions, and global 
financial networks becoming more popular than ever 
before, banks are more exposed to fraud than they’ve 
ever been in the past.1 Fraudulent activities like unau-
thorized transactions, identity theft, and money laun-
dering lead to massive financial loss and chip away at 
customer trust and financial institutions’ reputation. 
Industry reports suggest that the global financial in-
dustry loses billions of dollars to deception annually, 
emphasizing the necessity for actual fraud-finding 
mechanisms. Fraud detection systems effectively pre-
serve the integrity of banking operations, protect the 
integrity of financial assets, and boost customer confi-
dence in highly competitive markets.2

This study explores the application of machine learn-
ing (ML) and deep learning (DL) techniques in bank-
ing fraud detection, assessing their effectiveness in 
identifying fraudulent activities such as unauthorized 

transactions, identity theft, and money laundering. It 
examines commonly used fraud detection models, pre-
processing strategies, and key challenges, including 
imbalanced data, privacy concerns, and adversarial 
threats. Additionally, the study highlights emerging 
trends like explainable AI, blockchain integration, and 
real-time detection to enhance fraud prevention.

Challenges in Detecting Banking Fraud
Detecting banking fraud is a complex and constantly 
evolving challenge because fraudulent schemes are 
dynamic. Fraudsters keep up with the changing tech-
nologies and find new ways to attack vulnerabilities 
in banking systems, which are hard to prevent and 
detect.3 The primary challenges include the substan-
tial daily transaction volume, the disproportionate 
datasets with genuine transactions significantly out-
numbering fraudulent ones, and the imperative for 
real-time detection to mitigate losses by identifying 
fraud proactively. Furthermore, false positives (where 
legitimate transactions are reported as fraudulent) can 
result in losing the customer’s trust and operational 
inefficiencies. The variations in fraud, from credit card 
fraud to elaborate money laundering schemes, make 
it problematic to create a one scope fits all solution.4 
These problems require adaptive tools and techniques 
for changing fraud patterns.

The rest of the paper is structured as follows: Sec-
tion Background outlines the evolution of detection 
techniques from manual inspection to rule-based 
systems and the recent shift towards ML and DL appli-
cations. This section also covers the types of banking 
fraud and the need for advanced detection methods. 
Section Common Fraud Detection Methods covers key 
ML and DL models. Section Preprocessing Techniques 
discusses handling imbalanced data, feature engi-
neering, and privacy concerns. Section Challenges and 
Limitations highlights computational complexity, in-
terpretability, and adversarial attacks. Section Future 
Trends explores explainable AI, real-time computing, 
blockchain, and synthetic data. The paper concludes 
by stressing the need for further research and industry 
collaboration.

Role of ML and DL in Enhancing Fraud Detection 
Systems
In the battle against banking fraud, ML and DL have 
become transformative technologies. While traditional 
rule-based systems must be supplied with pre-defined 
rule and thresholds, ML and DL models can study from 
the facts and alter to new fraud patterns.5,6 Random 
Forest and Gradient Boosting ML algorithms are good 
at finding anomalies and classifying transactions as 
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fraudulent or legitimate using historical data. Howev-
er, DL models like convolutional neural network (CNN) 
and recurrent neural network (RNN) are powerful in 
analyzing complex patterns, sequential data, and 
high-volume datasets. These technologies allow banks 
to detect frauds with higher accuracy, lower false pos-
itives, and spot emerging fraud patterns in tangible 
time.7 Furthermore, the combination of ML, DL, and 
big data analytics coupled with cloud computing has 
amplified the size and competence of fraud detection 
systems, which are essential in today’s banking.

Objectives and Scope of the Review
This review is not just a summary but a comprehensive 
analysis of the application of ML and DL techniques in 
banking fraud detection. We delve into the strengths 
and limitations of different algorithms, outline the 
challenges of implementing them, and highlight future 
trends in this area. The review synthesizes recent stud-
ies and practical applications to deeply understand 
how ML and DL are revolutionizing fraud detection. 
We have covered all possible aspects of the subject, 
including supervised and unsupervised learning, hy-
brid models, and advancements in explainable AI. Our 
aim is not just to provide information but to empow-
er scholars, practitioners, and policymakers with the 
knowledge they need to design and develop more ef-
fective and efficient fraud detection systems.

Background
Fraud detection in banking has evolved significantly with 
the rise of digital transactions and sophisticated financial 
crimes. Traditional rule-based systems have proven in-
sufficient against rapidly changing fraud tactics, leading 
to the adoption of ML and DL techniques. These technol-
ogies enable banks to detect anomalies, predict fraudu-
lent behavior, and enhance security in real-time.

Overview of Fraud Types in Banking
Banking fraud is more than one type of fraud activity 
that attempts to deceive banks, financial institutions, 
and their customers for financial advantage; it also 
does not have one category.8 Credit card fraud is one 
of the most common types of fraud, in which someone 
uses stolen or counterfeit credit card information to 
make unauthorized transactions. With the expansion 
of e-commerce and contactless payments, this fraud is 
quickly becoming rampant. The other significant type 
of fraud is loan fraud, where people or others make 
false statements to get loans but not repay them, caus-
ing huge losses to the banks.9 Another common prob-
lem is identity theft, in which fraudsters steal personal 
information to impersonate someone else, using their 
stolen identities to open new accounts or to expand 
unauthorized admittance to their accounts. Finally, 
banking institutes face the challenge of money laun-
dering, which is concealing illegal proceeds obtained 
by moving them through legitimate financial chan-
nels.10. Detection of each of these fraud types requires 
specific methods tailored for the mechanism of each 
and the impact they have.

Traditional Fraud Detection Methods and Their 
Limitations
Banks have used rule-based systems to sense fraudu-
lent activities. These systems work on fixed rules and 
thresholds, for example, marking off transactions 
above a certain value or coming from high-risk loca-
tions. Although these methods are easy to instrument 
and interpret, they are fundamentally reactive and 
do not possess the adaptivity to keep up with the ev-
er-changing fraud tactics.9 Moreover, rule-based sys-
tems are prone to producing many false positives, 
which can stop legitimate transactions and make cus-
tomers unhappy. A traditional method is manual au-
dits, in which experts check flagged transactions for 
potential fraud. However, this approach is laborious, 
resource-demanding, and infeasible to apply to the 
very large number of transactions that banks handle 
daily in the present day. Traditional methods cannot 
effectively detect sophisticated and dynamic fraud pat-
terns, suggesting that other methods are necessary.8

Advantages of ML and DL Approaches in Fraud 
Detection
Traditional approaches for fraud recognition do not 
cover a wide spectrum of frauds. Unlike rule-based sys-
tems, ML algorithms can learn from past data and find 
patterns to identify fraud without predefined rules. 
Random Forest, Support Vector Machines (SVM), and 
Gradient Boosting are techniques that can procedure 
large datasets and can familiarize to novel fraud pat-
terns over time.11 CNN and Long Short-term Memory 
(LSTM) networks combine ML with DL models to en-
hance detection capabilities using complex relation-
ships and sequential data, e.g., transaction histories.

ML and DL approaches provide one of the key advan-
tages of handling imbalanced datasets, in which fraudu-
lent transactions are dwarfed by legitimate ones. These 
models are made possible with advanced techniques, 
including synthetic data generation and anomaly de-
tection, to concentrate on rare but critical fraud cases.12 
Further, these approaches can run in real-time, allowing 
for immediate alerts of potentially suspicious activities, 
which are key in preventing losses in the financial sec-
tor and protecting customer assets. ML and DL systems 
offer a proactive and scalable solution to continuously 
changing banking fraud problems.

Common Fraud Detection Techniques and Methods
ML and DL have transformed fraud detection in banking 
by allowing automated, data-driven decision-making, 
as shown in Figure 1. ML techniques, such as logistic 
regression, decision trees, random forests, and gradient 
boosting, excel in structured data analysis and pattern 
recognition, offering efficient fraud detection with inter-
pretability. On the other hand, DL methods, including 
feedforward neural networks (FNN), CNN, RNN, and 
graph neural networks (GNN), leverage hierarchical fea-
ture learning to detect intricate fraud patterns in complex 
and unstructured data. While ML models are computa-
tionally efficient and interpretable, DL techniques better 
capture hidden correlations and evolving fraud patterns.

https://doi.org/10.70389/PJAI.100014
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ML Techniques for Fraud Detection
ML has transformed fraud detection in banking by al-
lowing automated, data-driven decision-making, as 
shown in Table 1. Various ML algorithms, counting 
logistic regression, decision trees, random forests, 
support vector machines (SVM), K-nearest neighbors 
(KNN), and gradient boosting methods like XGBoost 
and LightGBM have been widely applied to identi-
fy fraudulent transactions. These techniques lever-
age past transaction data to notice irregularities and 

outlines related to fraudulent activities. ML models 
enhance fraud detection by refining accuracy, reduc-
ing false positives, and enabling real-time monitoring 
of banking transactions. The general process of ML 
techniques implementation in credit fraud detection is 
revealed in Figure 2.

Logistic Regression
We use logistic Regression in fraud detection because 
it is easy to interpret. A logistic function is used to 
model the probability of a binary outcome (e.g., 
fraudulent or legitimate).13 The equation for Logistic 
Regression is:

( ) ( )0 1 1 2 2

11 |
1 n nX X X

P y X
e β β β β− + + +…+

= =
+

� (1)

Where P (y = 1|X) is the probability of a transaction 
being fraudulent; X1 + X2 +…+ Xn are the input features; 
β0 + β1 + β2 +…+ βn are the coefficients learned during 
training. Logistic regression is a perfect fit for linear re-
lationships; it outputs a probabilistic value that can be 
used for making threshold-based decisions in case of 
fraud detection.14 However, imbalanced datasets can be 
handled by a proposed reliable logistic regression model 
for credit card fraud detection, as proposed by Hmidy and 
Ben Mabrouk.15 Worth mentioning is that Mohammed 
and Maram16 also used logistic regression to discover 
credit card fraud, showcasing its simplicity of implemen-
tation and ease of interpretation. Further, Cheng17 has 
compared logistic regression with other ML algorithms 
for credit card fraud detection, where logistic regression 
balances simplicity and predictive performance.

Decision Trees
Non-parametric supervised learning methods for clas-
sification and regression tasks are decision trees. They 
are recursive since they create a tree-like structure, 
splitting the data at each feature value.18 For splitting 
criterion, we use metrics such as Gini Impurity or Infor-
mation Gain. For Gini Impurity, the formula is:

2

1
1

C

i
i

Gini P
=

= −∑ � (2)

Where 2
iP  is the proportion of samples belonging 

to class i; C is the entire quantity of classes. Moreover, 
Sahin and Duman19 projected a cost-sensitive decision 
tree approach for detecting frauds whose performance 
was shown on imbalanced datasets. Moreover, Mar-
tins et al.,20 present RIFF, a method to induce rules for 
fraud detection from decision trees, improving perfor-
mance and interpretability. Decision Trees are an intu-
itive technique for identifying fraudulent transactions 
based on complex feature interactions and can capture 
nonlinear patterns.

Random forest
Random forest is an ensemble learning technique as-
sociating multiple decision trees to increase evolution 

Fig 1 | Common techniques and methods in credit fraud detection

Fig 2 | General architecture of ML practices in credit fraud detection
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accuracy and reduce overfitting. The forest is trained 
by training each tree on some randomly particular sub-
set of the data and then aggregating the outputs of all 
the trees (for example, by taking the average or using 
majority voting).21 The formula for the aggregation is:

1

1ˆ ( )
T

t
t

y h X
T =

= ∑ � (3)

Where T is the number of trees; ht(X) is the predic-
tion of the t tree; ŷ is the aggregated output. Xuan 
and Liu22 showed the effectiveness of Random Forest 
applied to credit card fraud detection, differentiating 
fraudulent transactions from normal ones. Liu et al.,23 
built a financial fraud detection model using Random 
Forest, outperforming other methods to detect fraud-
ulent activities. Random Forest is a popular choice for 
fraud detection since it is robust to noisy data and can 
operate on high-dimensional datasets.

Support Vector Machines (SVM)
Since SVM is a powerful algorithm for classification 
tasks, it works best in cases where data points are not 
linearly separable. It finds a hyperplane that has a 
maximum margin between the two classes.24 The opti-
mization problem for SVM is:

( )
,

1min 1,
2

T
i iw b

w y w x b i∨ + ≥ ∀  � (4)

Where 
2

w
∨
∨
 

 
 is the weight vector; bb is the bias; (wT 

xi + b) are the input features; yi are the labels. SVM 
uses the kernel trick to map the data into an advanced 
dimension, from which it can pick out these complex 
fraud patterns. Sahin and Duman19 showed how SVMs 
apply to credit card fraud detection, showing that 
SVMs are very good at separating fraudulent transac-
tions. Second, Bhattacharyya et al.25 applied SVMs to 
credit card fraud detection, founded on the advantages 
of SVMs in dealing with imbalanced data and noticing 
complex patterns present in the transaction data.

K-nearest Neighbors (KNN)
KNN is a simple instance-based learning algorithm 
that classifies a sample by a majority vote of its kk 
nearest neighbors in the feature space.26 The distance 
between points is typically calculated using metrics 
such as Euclidean distance:

( ) 2

1
, ( )

n

i j ik jk
k

d x x x x
=

= −∑ � (5)

Where d(xi, xj) refers to the Euclidean distance be-
tween two points. xik: kth feature of point xi . xjk: kth 

feature of point xj . n: Total number of features. 
1

n

k=
Σ : 

Summation over all features from 1 to n.
Saeed and Abdulazeez27 have compared KNN, Ran-

dom Forest, and Logistic Regression in credit card 

fraud detection, and it has been found that KNN is 
more effective in identifying fraudulent transactions. 
Rzayeva and Malekzadeh28 proposed a hybrid ap-
proach that uses a combination of deep neural net-
works and KNN, which is very accurate in detecting 
fraudulent activities. It is a simple, instance-based 
learning algorithm that categorizes a sample with the 
common of a sample’s kk nearest neighbors in the 
feature space.

Gradient Boosting
Gradient boosting is an ensemble method that con-
structs models sequentially, and each of these models 
tries to improve the error of the previous model. It iter-
atively builds up the weak learners (normally Decision 
Trees) until a loss function is minimized.29 The general 
formula for the model is:

1  ( ) ( ) ( ).m m mF x F x h xη−= + � (6)

Where Fm(x) is the updated model; Fm−1(x) is the previ-
ous model; η is the learning rate; hm(x) is the new weak 
learner. In the problem of credit card fraud detection, 
Ding et  al.,30 suggested an AutoEncoder-enhanced 
LightGBM method, in which DL is combined with 
gradient boosting, which is more accurate than the 
state-of-the-art. For instance, Xu et  al. 31 combined 
the neural networks and gradient boosting to recov-
er representation learning and interpretability and 
named their approach Deep Boosting Decision Trees 
to detect fraud. XGBoost and LightGBM, popular im-
plementations of Gradient Boosting, offer scalability 
and efficiency, making them ideal for large-scale fraud 
detection tasks.32

ML techniques for banking fraud detection vary 
in complexity, interpretability, and computational 
efficiency. Logistic Regression is simple and fast but 
struggles with non-linear data. Decision Trees and 
Random Forests handle non-linearity well, though 
trees overfit easily, while forests are more robust 
but computationally expensive. Support Vector 
Machines (SVMs) are effective in high-dimension-
al spaces but require careful tuning and are re-
source-intensive. K-Nearest Neighbors (KNN) is easy 
to implement but inefficient for large datasets. Gra-
dient Boosting methods (e.g., XGBoost, LightGBM) 
achieve high accuracy and handle imbalanced data 
well but require careful hyperparameter tuning. 
Each method has trade-offs, making model selec-
tion crucial based on dataset size, complexity, and 
real-time processing needs.

Applications of ML in Various Banking Fraud 
Scenarios
ML techniques have been successful applications in 
fraud detection scenarios across banking. Simple and 
fast: Logistic regression and decision trees are often 
used for real-time transaction monitoring. Random 
Forest and Gradient Boosting are used to detect cred-
it card fraud (the last column is a feature indicating 
whether the transaction is fraudulent) and loan fraud 
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(features are ratios of the size of the loan to the busi-
ness’s credit limit, area of business, etc.) based on 
patterns in historical data.12 Identity theft detection 
is applied using SVM and KNN, which consists of rec-
ognizing the anomalies in customer behavior.33 The 
ability of these ML techniques to accurately adapt 
and address the multitude of ever-changing banking 
frauds makes these techniques extremely valuable in 
the round in contradiction of banking fraud.

DL Techniques for Fraud Detection
DL has become a powerful tool for fraud detection in 
banking, offering the capability to detonate complex 
patterns in vast and high-dimensional datasets, as 
shown in Table 2. Unlike traditional ML models, DL 
architectures such as FNN, CNN, RNN, LSTM networks, 
Autoencoders, and Graph Neural Networks (GNN) can 
more effectively process sequential, unstructured, and 
graph-based data. These models enhance fraud detec-
tion by identifying intricate transaction relationships, 
reducing false positives, and adapting to evolving 
fraud tactics. The general process of DL techniques 
implementation in credit fraud detection is exposed in 
Figure 3.

Introduction to DL and Its Relevance to Fraud 
Detection
ML, in particular a subset called DL, uses artificial 
neural networks (with multiple layers, hence “deep”) 
to study complex patterns from data. Fraud detection 
is a typical use case for these models since they can 
contract with large-scale, high-dimensional data and 
capture complicated relationships in data.34 Tradition-
al ML models, which are based on feature engineering, 
cannot pick up sophisticated fraud patterns like DL 
algorithms, which can automatically extract relevant 
features from raw data. As the volume and complexity 
of financial transactions grow, DL provides a powerful 
means to enhance the accuracy and efficiency of fraud 
detection systems by providing real-time monitoring 
and dynamic fraud tactic adaptation.32

Feedforward Neural Networks (FNN)
The simplest and most commonly used styles of DL are 
FNN. FNNs are where data runs only in one way from 
an input to an output without any cycles or loops. It 
has an input layer, one or multiple hidden layer(s), and 
an output layer.35 Applying the activation function like 
the sigmoid or ReLU function to the weighted sum of 
inputs determines its output. Moreover, Jameel and 
George36 used an FNN to detect phishing emails based 

Table 1 | Comparison of ML techniques in fraud detection
Technique Key Features Strengths Limitations Typical Applications References

Logistic 
Regression

The probabilistic model assumes a 
linear relationship between features 
and output.

Simple, interpretable, fast to train 
and deploy.

Assumes linear separability; limited 
performance on complex, non-
linear data.

Real-time transaction 
monitoring.

13–16

Decision Trees Tree-like structure; uses metrics like 
Gini or Information Gain for splits.

Easy to interpret; handles non-linear 
data; no need for feature scaling.

Prone to overfitting; sensitive to 
noisy data.

Fraud pattern detection, 
small datasets.

18–20

Random 
Forest

Ensemble of decision trees; 
aggregate predictions via voting or 
averaging.

Robust to overfitting; handles 
high-dimensional data; good 
generalization.

Computationally expensive; less 
interpretable than single Decision 
Trees.

Credit card fraud, loan 
fraud detection.

21–23

Support Vector 
Machines 
(SVM)

Finds optimal hyperplane for 
classification; uses kernel functions 
for non-linearity.

Effective for high-dimensional 
spaces; robust to overfitting with 
proper kernel selection.

Computationally intensive for large 
data sets; requires careful tuning of 
hyperparameters.

Identity theft detection, 
anomaly detection.

19,24,25

K-Nearest 
Neighbors 
(KNN)

Instance-based: classifies based 
on a majority vote of nearest 
neighbors.

Simple to implement; works well for 
small datasets.

Computationally expensive for large 
datasets, performance degrades 
with high-dimensional data.

Fraud detection in small 
datasets.

26–28

Gradient 
Boosting (e.g., 
XGBoost, 
LightGBM)

The sequential ensemble method 
minimizes loss function iteratively.

High accuracy; handles imbalanced 
datasets; scalable and efficient 
implementations available.

Sensitive to hyperparameter tuning; 
risk of overfitting without proper 
regularization.

Large-scale fraud 
detection, real-time 
analysis.

29–32

Fig 3 | General architecture of DL techniques in credit fraud detection
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on features extracted from the email headers and 
HTML bodies. The results show that FNNs are a good 
approach for detecting fraudulent communications, 
with a high accuracy rate of 98.72%. The general 
equation for an FNN is:

1

n

i i
i

y f w x b
=

 = + 
 
∑ � (7)

Where xi are the input features; wi are the consistent 
weights; b is the bias term; f is the activation function. 
In the application of fraud detection, FNNs are used to 
categorize transactions as either legitimate or fraud-
ulent based on patterns learned. It is very effective if 
the relations between features are complex but not 
sequential. Quah and Sriganesh37 trained a neural net-
work system on a large database of labeled credit card 
transactions to tell legitimate from fraudulent credit 
card activities. The results of these studies indicate the 
capability of FNNs to capture complex connections be-
tween features for fraud detection.

Convolutional Neural Networks (CNN) for Image-
Based Fraud Detection
Primarily used for image processing, CNN can also be 
used on fraud detection tasks where data can be repre-
sented as a grid. Convolutional layers are used to learn 
spatial hierarchies of features automatically in CNNs.38 
It applies filters to the input data, which enables it to 
detect local patterns like edges, textures, and shapes. 
The equation for a convolution operation is:

( ), ( * )( , ) ( , ) ( , )
m n

y i j x w i j x m n w i m j n= = − −∑∑ �(8)

Where x is the input; w is the filter (or kernel); y is the 
output feature map. In particular, CNNs are well suited 
for image-based tasks for fraud detection, such as coun-
terfeit documents, forged signatures, and fraudulent 
checks. Furthermore, transaction patterns can be ana-
lyzed as time series images or matrices using the CNNs. 
For example, Fu et al.,39 presented a framework based 
on CNNs for credit card fraud detection that exploits 
inherent features to elevate sophisticated fraudulent 
transaction detection. Zhang et al.,40 designed a CNN-
based model to detect online transaction fraud and 
showed that the model can capture complex patterns 
typical for fraudulent activities. The versatility of CNNs 
in working with structured data representations to per-
form fraud detection is highlighted in these studies.

Recurrent Neural Networks (RNN) and Long Short-
Term Memory (LSTM) for Sequential Data
RNNs are designed to handle sequential data that 
is suitable for fraud detection as both the trans-
action histories and the fraud detection itself are 
time-dependent. RNNs keep a hidden state that re-
tains info from previous time steps to model temporal 
dependencies. However, traditional RNNs suffer from 
vanishing gradient problems, making it hard to learn 
over long sequences.41 This problem is addressed by 
LSTM networks, which introduce memory cells that 

store information over longer periods. The equation 
for an LSTM cell is:

( ) 1[ ],t f t t ff W h x bσ −= + � (9)

( ) 1 ],[t i t t ii W h x bσ −= + � (10)

[ ]( ) 1
ˆ  tanh ,t C t t CC W h x b−= + � (11)

1
ˆ

t t t t tC f C i C−= ∗ + ∗ � (12)

[ ]( )1,t o t t oo W h x bσ −= + � (13)

( )tanht t th o C= ∗ � (14)

Where ft, it, and ot are the forget, input, and output 
gates, respectively; Ct is the cell state; ht is the hidden 
state. It covers the usage of LSTMs for fraud detection 
in sequential data, such as time series of transaction 
sequences or detection of unusual patterns in custom-
er behavior over time. Benchaji and Douzi42 presented 
a credit card fraud detection system using LSTM net-
works as sequence learners to instantiate transaction 
sequences to capture the historical obtaining behav-
ior of credit card holders and improve fraud detection 
accuracy. A similar work was proposed by Jurgovsky 
et al.,43 that used LSTM networks to model long-term 
dependencies within a transaction sequence, which 
can help detect fraudulent activity by considering the 
temporal dynamics of user behavior.

Autoencoders for Anomaly Detection
In an unsupervised neural network, autoencoders 
learn to compress data into a lower dimensional rep-
resentation (encoding) and recreate it to the original 
data (decoding) for anomaly detection.44 The network 
is trained to minimize the reconstruction error, and 
outliers are detected by their high reconstruction error. 
When labeled data is scarce, Autoencoders are partic-
ularly successful in fraud detection. An anomalous 
transaction refers to those transactions that deviate 
significantly from the normal transaction patterns, a 
common characteristic of fraudulent activities, and 
can be used to identify such transactions.45 The gen-
eral objective of an autoencoder is to minimize the loss 
function:

2

ˆ ˆ),(L x x x x
∨
= ∨ −
 

 
� (15)

Where x is the input; x̂ is the reconstructed output. 
For example, Pumsirirat and Yan46 used an autoencod-
er and a Restricted Boltzmann Machine to detect credit 
card fraud, proving the model effectively detects un-
usual transactions. Moreover, Yılmaz Çakır and Şirin47 
also proposed an enhanced autoencoder-based fraud 
detection method that uses noise factor encoding and 
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Synthetic Minority Over-sampling Technique (SMOTE) 
to further improve the detection performance.

Graph Neural Networks (GNN) for Transaction 
Network Analysis
Graph neural networks (GNN) are DL models for 
graph-structured data where nodes correspond to en-
tities (e.g., customers, accounts) and edges indicate 
relations between different entities (e.g., transactions, 
interactions).34 In these scenarios where fraudsters act 
together across multiple accounts or transactions and 
form a dense web of fraudulent activities, GNNs are 
good at fraud detection. The graph convolution oper-
ation in a GNN is defined as:

( ) ( ) ( ) ( )

( )

1k k k k
v n

u N v
h W h bσ+

∈

 
= ⋅ +  

 
∑ � (16)

Where ( )1k
vh +  is the updated node feature; W(k) is the 

weight matrix at layer k; ( )u N v∈  represents the neigh-
bors of node v. Dou et  al.48 introduced a GNN-based 
model, which enhances fraud detection by leveraging 
label information inside the graph structure and helps 
predict fraud nodes more accurately. Furthermore, Lou 
et al.6 developed a GNN solution that leverages context 
encoding and adaptive aggregation while detecting 
fraudulent activities regarding the overall transaction-
al context. The result is that these studies show that 
GNNs are effective for modeling complex relational 
data for fraud detection. GNNs excel in fraud detection, 
where the problem is capturing fraudulent transaction 
patterns across multiple entities, e.g., money launder-
ing schemes or coordinated fraud rings.49

DL techniques offer powerful solutions for fraud de-
tection but come with computational challenges. FNNs 
effectively model complex non-linear relationships 
but are limited to non-sequential data. CNNs excel in 
image-based fraud detection but require large datasets 
and high computational resources. RNNs and long short-
term memory (LSTMs) capture temporal dependencies, 
making them ideal for transaction sequence analysis, 

though they demand careful tuning. Autoencoders are 
effective for anomaly detection in unsupervised settings 
but require precise reconstruction error thresholds. 
Graph neural networks (GNNs) leverage network struc-
tures to detect complex fraud patterns, such as money 
laundering but are computationally intensive. Model se-
lection depends on data structure, computational con-
straints, and fraud detection objectives.

Preprocessing Techniques
The quality and quantity of data are very important 
for ML and DL models on fraud detection. Whether the 
datasets are relevant and the preprocessing applied 
to them is available or not greatly influences the effi-
ciency of fraud detection systems.5 For this, we explore 
common data preprocessing issues that manifest and 
their mitigation, data privacy, and the development of 
appropriate ethical considerations.

Data Preprocessing Challenges and Solutions
Data preprocessing plays a huge part in the fraud de-
tection pipeline. The raw data usually needs massive 
cleaning and transformation before it can go into mod-
el training. Fraud detection involves some common 
preprocessing challenges like imbalanced dataset 
handling, feature engineering & selection, and missing 
and noisy data handling, as shown in Table 3.10

Zahra et al. 50 studied preprocessing techniques on a 
credit card fraud dataset using four collective classifiers, 
pointing out that feature extraction and data sampling 
are essential for improving detection performance. 
Moreover, Zainab et al.,51 mentioned data preprocessing 
steps like cleaning, integration, feature selection, and 
data transformation, which are important to dealing 
with imbalanced datasets for fraud detection.

Handling Imbalanced Datasets
A problem with fraud detection datasets is that they are 
typically highly imbalanced: fraudulent transactions 
are a small percentage of the total. Because legitimate 
transactions dominate it during training, this im-
balance can result in biased models that tend to pre-
dict all transactions are legitimate. To deal with this, 

Table 2 | Comparison of DL techniques in fraud detection
Technique Key Features Strengths Limitations Typical Applications References
Feedforward Neural 
Networks (FNN)

Simple architecture, fully 
connected layers, no 
temporal dependencies.

Easy to implement; effective for 
complex non-linear relationships.

Limited to non-sequential 
data; may struggle with large 
datasets or intricate patterns.

Transaction classification; 
general fraud detection.

35–37

Convolutional Neural 
Networks (CNN)

It uses convolutional 
layers to detect spatial 
patterns, primarily for 
image data.

Excellent for image-based tasks; 
automated feature extraction.

Computationally intensive; 
requires large datasets.

Image-based fraud detection 
(e.g., forged documents).

38–40

Recurrent Neural 
Networks (RNN) and 
Long Short-term 
Memory (LSTM)

Designed for sequential 
data, LSTMs handle long-
term dependencies.

Effective for time-series and 
sequential data; captures temporal 
dependencies.

Computationally expensive, 
LSTMs require careful tuning.

Time-series fraud detection; 
transaction sequence analysis.

41–43

Autoencoders Unsupervised learning: 
learns data compression 
and reconstruction.

Effective for anomaly detection; 
works well with unsupervised data.

High reconstruction error 
threshold tuning is required 
but limited to complex fraud 
patterns.

Anomaly detection in 
transaction data.

44–47

Graph Neural 
Networks (GNN)

Processes graph-
structured data; learns 
from nodes and edges.

Ideal for fraud detection in 
networks; captures complex 
relationships between entities.

It requires graph-structured 
data and is computationally 
intensive for large graphs.

Network-based fraud detection; 
Money laundering.

6,34,48,49
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resampling techniques are used; for example, sample 
the majority class (e.g., legitimate transactions) or 
oversample the minority class (e.g., fraudulent trans-
actions). SMOTE is a good example of oversampling 
by creating synthetic examples of the minority class to 
balance a dataset.52

A second method of addressing this issue is cost-sen-
sitive learning, wherein different costs for the mis-
classification of classes are given, along with heavier 
penalties for the model attempting to label legitimate 
transactions as fraudulent. Further, since activities 
are usually considered anomalies for fraud, anomaly 
detection techniques are also employed.53 To over-
come the class imbalance in datasets, Chawla et al.,54 
introduced a technique called SMOTE, which creates 
synthetic minority class examples. Their method is 
currently seen in many fraud detection applications to 
improve model performance in imbalanced data. Fur-
thermore, Baloch et al.,55 propose the Focused Anchors 
Loss, a cost-sensitive learning approach to enhance 
the discriminative power of classifiers in imbalanced 
settings with applications to fraud detection.

Feature Engineering and Selection
Feature engineering is where you generate new fea-
tures or transform existing ones to make a model that 
can better spot fraud. Interactions between features 
are created, data is normalized and scaled, and cat-
egorical variables are encoded.1 In credit card fraud 
detection, these features indicate fraudulent activity, 
such as transaction frequency, average transaction 
amount, and time of day. Feature collection is a signifi-
cant step in this process, and it eliminates irrelevant or 
redundant features to decrease dataset dimensionality 
and improve model performance.

Recursive feature elimination (RFE) and random 
forest feature importance are popular feature selec-
tion techniques,21 allowing to spot the key features 
the model can focus on to pick out the most significant 
fraud indicators. In this direction, Bahnsen et  al.,56 
provide credit card fraud detection feature engineer-
ing strategies, focusing on manually creating features 
that represent the behavior of fraudulent transactions. 
Their study showed that the performance of fraud de-
tection models can be enhanced through engineered 
features. In the credit card fraud detection problem, 
Lucas et  al.,57 introduced an automated feature engi-
neering approach through multi-perspective hidden 
Markov models (HMMs). Their method views sequenc-
es of transactions from multiple angles and provides 
more features that increase the potential of classifica-
tion tasks in fraud detection.

Dealing with Missing and Noisy Data
Learning from real-world financial transaction datasets 
and missing and noisy data are common challenges. 
Data may be missing because of incomplete records or 
errors in data collection. One of the most used tech-
niques for this issue is imputing missing data, where 
missing values are substituted by estimated values 
based on the observed data. Some simple methods are to 

fill the missing values with the mean, median, or mode 
of the feature, and more elaborate approaches like the 
k nearest neighbors (KNN) imputation predict values 
based on the similarities of the neighboring points.33 
Erroneous or outlier data points that generally do not 
reflect underlying patterns are called noisy data.18 Un-
addressed anomalies, including fraudulent data, can 
lead to model training on such data, which renders the 
model incapable of effectively detecting fraud.

Moreover, using outlier detection methods, such 
as the Z-score method or isolation forest, will help to 
detect and reduce the effect of such anomalies, ensur-
ing that models are trained on spotlessly clean and 
dependable data.58 However, Lukui et  al.,59 examine 
how missing value imputation impacts fraud detection 
models and find that appropriate imputation methods 
can positively impact model performance. Further-
more, Kulatilleke and Samarakoon60 performed an em-
pirical study on ML classifier evaluation metrics in the 
setting of massively imbalanced and noisy data, con-
cluding how to deal with noisy data in fraud detection 
problems.

Importance of Data Privacy and Ethical 
Considerations
Data privacy and ethical considerations are paramount 
in the growth and deployment of fraud detection sys-
tems, especially in the banking and financial sectors. 
Typically, fraud detection models rely on sensitive 
customer data, such as transaction history, personal 
information, and financial behavior.61 Therefore, it is 
important to guarantee that the data used for training 
and evaluation complies with privacy regulations such 
as the General Data Protection Regulation (GDPR) in 
the European Union and the California Consumer Pri-
vacy Act (CCPA) in the United States.62 To maintain 
data privacy, data anonymization, and encryption are 
commonly used. Anonymization includes removing 
personally identifiable information (PII) from the data-
set, while encryption ensures that sensitive data is pro-
tected during transmission and storage.63

Furthermore, ethical considerations should be 
considered when designing fraud detection systems, 
particularly in avoiding biases that could lead to un-
fair treatment of certain customers. A key requirement 
is to ensure the models do not leak discrimination 
against specific demographics or cause unintended 
harm. Pombal et al.64 research proves the significance 
of understanding and combating unfairness in fraud 
detection models. They caution that biased models 
can restrict whole groups from accessing financial ser-
vices. They argue for developing fair machine learning 
(Fair ML) principles to examine, quantify, and reduce 
unfairness in algorithmic predictions. Additionally, a 
study suggested by Kamalaruban et al.,65 of evaluating 
fairness within transaction fraud models highlights the 
need to develop fairness because of the likely harms 
and legal repercussions of unfair decision-making. 
The research characterizes unique challenges in fraud 
detection, including fairness metrics that account for 
the imbalance of fraud data and the tradeoff between 
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providing fraud protection and maintaining service 
quality.

Effective preprocessing is crucial for fraud detec-
tion but comes with trade-offs. Imbalanced datasets 
are addressed with resampling and cost-sensitive 
learning, improving minority class performance but 
risking overfitting. Feature engineering and selection 
enhance model accuracy but require domain expertise 
and time. Missing data is handled through imputation, 
though improper methods can introduce bias. Noisy 
data is mitigated with outlier detection, but rare yet 
valid transactions may be mistakenly removed. Data 
privacy and ethics are ensured via anonymization and 
encryption, though these methods can complicate 
model training. Balancing these solutions is key to op-
timizing fraud detection systems.

Challenges and Limitations
These methods of fraud detection in banking using ML 
and DL have abundant challenges and limitations, as 
shown in Table 4. These pose challenges of computa-
tional and resource demands, interpretability of the 
model, real-time fraud detection as a necessity, and 
vulnerability of fraud detection systems to adversari-
al attacks.66 These challenges are further discussed in 
more detail in this section, and their implications for 
the effectiveness and deployment of fraud detection 
systems are also described.

Computational and Resource Challenges
ML and DL techniques for fraud detection pose a se-
rious challenge of high computational and resource 
requirements. For instance, DL fraud detection models 
are computationally intensive and memory-intensive 
models. Processing such a huge volume of transac-
tional data is time-consuming and resource-expensive 
for training DL models.32 For instance, in the case of 
special DL architecture like RNNs or LSTM networks, 
we have to train them faster, which requires special 
hardware, such as Graphics Processing Units (GPUs).44 
This can be a barrier for organizations with limited ac-
cess to high-performance computing resources.

Additionally, DL models are complex, which, in 
turn, increases the storage and memory requirement. If 
the models get bigger, the parameters and intermediate 
computation need to be stored in memory, eventually 
leading to inefficiencies and slowing down real-time 
processing environments.67 Furthermore, cloud-based 
solutions can also help to reduce some of those re-
source problems, but there come other problems like 
data privacy concerns and latency in getting data from 
remote servers.

Interpretability of ML/DL Models
Understanding how a model operates is a big challenge 
for both ML and DL models, particularly regarding high-
stakes fields such as banking fraud detection. ML models 
such as decision trees and random forests can usually be 
explained more due to a transparent decision-making 
process; however, DL models, especially neural networks, 
are often considered a ‘black box.’68 The lack of interpret-
ability of the two systems bears a problem in fraud detec-
tion systems, where stakeholders (e.g., bank employees 
and regulators) need to understand why a model decides 
to flag a transaction as fraudulent.

Trust in the system requires the system to be inter-
pretable, i.e., the decisions made by the fraud detection 
system cannot be arbitrary or biased. In certain cases, 
regulators may ask for explanations as to why a specific 
transaction was deemed fraudulent, e.g., when the com-
plaint was raised to a specific transaction that turned out 
to be legitimate. LIME (Local Interpretable Model-agnos-
tic Explanations) and SHAP (Shapley Additive Explana-
tions) are being developed to enable us to understand 
which features led to a model’s prediction in the case of 
complex models.69 Nevertheless, these methods are still 
being refined, and their application to huge-scale fraud 
detection systems is still being researched.

Real-Time Fraud Detection Requirements
Banking fraud detection systems have to work in real time 
to prevent any financial losses. Meeting this requirement 
poses a significant challenge as fraud detection models 
must be able to process large volumes of transactions in 
real time without creating latency on approval or custom-
er experience.1 RNNs and LSTMs, which are both very 
useful DL models for sequential data, can be very slow 
to process and might not satisfy the strict latency require-
ments necessary for real-time fraud detection.70

Besides model latency, fraud detection systems need 
to take care of high throughput data streams from dif-
ferent sources like transaction logs, customer behavior, 
and external fraud indicators. Efficient data pipelines 
and parallel processing frameworks are necessary for 
ingesting large volumes of high-velocity data streams.2 
Some of these issues can be mitigated with edge com-
puting and streaming analytics, which process data 
closer to the source and thus shorten the time to detect 
and respond to fraudulent activities.

Adversarial Attacks on Fraud Detection Systems
Fraud detection systems are increasingly under threat 
from adversarial attacks. So, they’re attacks that 

Table 3 | Overview of preprocessing challenges in fraud detection
Preprocessing 
Challenge

Solution Advantages Limitations References

Imbalanced 
Datasets

Resampling 
(SMOTE, under-
sampling), cost-
sensitive learning

Balances class 
distribution, improves 
model performance on 
the minority class

This can lead 
to overfitting, 
especially with 
oversampling

52–55

Feature 
Engineering 
and Selection

Recursive feature 
elimination (RFE), 
Random forest 
feature importance

Improves model 
accuracy by focusing on 
relevant features

Requires domain 
knowledge and 
time-consuming

1,21,56,57

Missing Data Imputation (mean, 
median, KNN)

Fills in missing values, 
prevents data loss

Imputation can 
introduce bias if 
not done carefully

33,59

Noisy Data Outlier detection 
(Z-score, Isolation 
Forest)

Removes erroneous 
data points, improves 
model accuracy

May remove valid 
but rare transactions 
as outliers

18,58,60

Data Privacy 
and Ethics

Data 
anonymization, 
encryption

Protects sensitive 
customer information, 
ensures compliance 
with regulations

It can complicate 
data processing 
and model training

61–65
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manipulate the input data in such a way that causes 
an ML or DL model to predict incorrectly. Adversarial 
attacks in the context of fraud detection could be per-
formed by changing transaction details or customer 
data to mislead the model to detect legitimate transac-
tions as fraudulent or fraudulent transactions as legit-
imate, respectively.71 Banking especially worries about 
adversarial attacks since they could be associated with 
significant financial loss when fraud is not detected.

Particularly, DL models are vulnerable to adversar-
ial attacks because of their inherent complexity and 
high dimensional feature space. Unlike the more obvi-
ous money laundering attacks, these can be subtle and 
hard to catch by traditional fraud detection systems.72 
Researchers have been exploring techniques to de-
fend against adversarial attacks, including adversarial 
training (training on adversarial examples to progress 
the robustness of the model) and defensive distillation 
(simplifying the model so that small changes in input 
data have less effect on the model).

Future Trends and Directions
The future of banks’ anti-fraud systems is evolving 
rapidly as emerging technologies and methodologies 
shape the banking fraud detection landscape.10 With 
the sophistication of the fraud techniques phishing to 
an increasing level, financial institutions have to adopt 
innovative approaches like Explainable AI (XAI), re-
al-time and edge computing solutions, blockchain 
integration, utilization of Synthetic data, and collabo-
ration between academic and industrial to build more 
effective and secure fraud detection system.69 This sec-
tion delves into these future trends and their potential 
impact on fraud prevention.

Explainable AI (XAI) for Fraud Detection
One of the most challenging aspects of deploying 
ML and DL models for fraud detection is the Lack of 
Transparency and Interpretability. With fraud de-
tection systems growing more complex, explainable 
AI (XAI) is becoming more necessary. In high-stakes 
environments like banking, the idea behind XAI is to 
help humans recognize the decision-making process of 
the AI model and make it more transparent.69

Financial organizations can use explainable AI 
techniques to understand why a transaction was 
flagged as fraudulent, helping to take action appro-
priately and allow for an audit trail for regulatory 
compliance. For ML and DL models, one can use 
LIME (Local Interpretable Model-agnostic Explana-
tions) and SHAP (Shapley additive explanations) 
to understand features that affected the model’s 
decision.4 These particular techniques are useful to 
improve trust and confidence in the AI system and 
provide the stakeholders with a clear explanation of 
the behavior of the model. With the further evolu-
tion of XAI, it will probably become key to beating 
the interpretability problems of sophisticated fraud 
detection models.

Real-Time and Edge Ccomputing Solutions
To prevent financial losses, banking institution re-
quirements include the necessity for real-time fraud 
detection. The challenges of large volumes of trans-
actions and the need for rapid decision-making make 
traditional fraud detection systems ineffective for re-
al-time processing. Through real-time and edge com-
puting solutions, this is being addressed.

Edge computing refers to processing data at the 
edge of a network, close to the source of the data 
(where it’s generated), instead of sending it to a 
central server. This cuts latency and allows for fast-
er fraud detection systems decisions.66 For example, 
edge devices can process real-time transactional data 
and flag potentially fraudulent activities before they 
are done. Streaming analytics can also be leveraged 
by real-time fraud detection systems to detect fraud 
patterns with data streamed in real-time. Real-time 
processing with edge computing is set to drastically 
increase speed and efficacy in fraud detection sys-
tems, so banks can now react to fraud attempts in 
almost real-time.

Integration of Blockchain with ML/DL for Fraud 
Prevention
As known for its ability to offer secure, transparent, 
and immutable records, blockchain technology pairs 
with ML and DL models to improve fraud prevention. 
So, blockchain is perfect for ensuring the openness 
and security of financial processes because it is decen-
tralized, which makes it tamper-proof. 73

Using blockchain and ML/DL, financial institutions 
could bring a much safer and more efficient fraud de-
tection system to the market. The blockchain could 
store this data, creating an organized transaction his-
tory and a secure ledger for transaction data. ML/dl 
methods could be run on this data to identify fraud. 
Blockchain can be used to trace the origin and flow 
of funds, and ML/DL models can be used to classify 
unusual patterns or actions that indicate potential 
fraud.74 However, it is now possible to integrate these 
technologies to provide a more robust and trustworthy 
system for detecting and preventing fraudulent trans-
actions, ensuring the integrity of financial transac-
tions worldwide.

Table 4 | Overview of challenges in implementing ML and DL techniques in fraud 
detection
Challenge/ 
Limitations

Impact on Fraud Detec-
tion

Solutions/ 
Approaches

Limitations

Computational 
and Resource 
Challenges

High resource and 
computational demands 
for training models

Use of GPUs, cloud 
computing, and parallel 
processing

Expensive hardware 
requirements, latency in 
cloud solutions

Interpretability of 
ML/DL Models

Difficulty in 
understanding model 
decisions, especially for 
DL models

Use of LIME, SHAP, and 
model simplification 
techniques

Limited application 
for large-scale fraud 
detection systems

Real-time Fraud 
Detection

Latency in processing 
large volumes of 
transactions

Stream processing, 
edge computing, and 
real-time data pipelines

May not meet real-time 
requirements for large-
scale systems

Adversarial Attacks Vulnerability to subtle 
attacks that deceive the 
model

Adversarial training, 
defensive distillation, 
and robust models

It may require 
continuous monitoring 
and adaptation to new 
attack methods
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Use of Synthetic Data and Generative Models for 
Training
It is hard to collect labeled data for fraud detection. The 
number of fraudulent transactions is very small, which 
is related to the number of legitimate transactions, re-
sulting in imbalanced datasets that can hurt the pre-
sentation of the fraud detection model. However, the 
use of synthetic data and generative models is becom-
ing a promising approach to solving this problem.75

Generative models such as GANs can generate real-
istic synthetic data that follow the distribution of real 
fraudulent transaction data. These synthetic data can 
supplement the training datasets to help compensate 
for the data and improve the fraud detection model 
training performance.70 Training models on a more 
diverse data set, including legitimate and fraudulent 
transactions, allows models to learn better to detect 
fraud. Furthermore, synthetic data can replicate rare 
fraud situations absent in the historical data, which 
allows fraud detection systems to address new and 
emerging fraud methods.32

Collaboration Between Academia and Industry for 
Better Models
The field of fraud detection is evolving, and research 
collaboration between academia and industry is more 
important than ever. Industry practitioners contribute 
their practical insights into the challenges of financial 
institutions in the real-world environment, and aca-
demic researchers add their theoretical knowledge and 
bring innovative ideas.76 Similar to any other problem, 
academia, and industry can work together and build 
more robust fraud detection models that use the latest 
technologies, including ML and DL.

Collaborative efforts can also fill the gap between 
research and application to see if the bleeding edge 
techniques work and one hopes in practice. For ex-
ample, academia will develop novel algorithms and 
frameworks for fraud detection, and industry will pro-
vide access to large-scale datasets and operational ex-
pertise.61 These are synergies that potentially allow us 
to build more resilient, more scalable fraud detection 
systems that can deal with the kind of complexity that 
modern financial fraud has become.

Conclusion
This review highlighted the growing complexity of 
fraud detection in banking and the evolving role of ML 
and DL in addressing these challenges. Traditional ML 
techniques such as logistic regression, decision trees, 
random forests, and support vector machines have 
been widely used for fraud classification, offering scal-
ability and interpretability. However, their ability to 
handle high-dimensional and complex fraud patterns 
remains limited. Conversely, DL techniques, including 
FNNs, CNNs, and RNNs, demonstrate superior perfor-
mance in capturing intricate patterns and temporal de-
pendencies. Despite their effectiveness, these models 
introduce challenges related to complexity, interpret-
ability, and large-scale deployment.

This study underscores the importance of data pre-
processing, including handling imbalanced datasets, 
feature engineering, and addressing missing or noisy 
data, as these steps significantly impact model perfor-
mance. Furthermore, emerging trends such as explain-
able AI, real-time and edge computing, blockchain 
integration, and synthetic data generation are poised 
to shape the future of fraud detection. The next gen-
eration of fraud detection systems will likely leverage 
these advancements to enhance speed, accuracy, and 
security. Overall, this review emphasizes the need 
for continuous research, industry collaboration, and 
the adoption of advanced AI-driven approaches to 
strengthen fraud prevention mechanisms in banking.

While fraud detection has come a long way, many 
challenges still do not seem to go away. Continued re-
search and development are required to address the 
computationally and resource-intensive nature of DL 
models, the necessity for real-time decision-making, 
and the vulnerability of fraud detection systems to ad-
versarial attacks. Furthermore, fraud detection systems 
of the future must be interpretable, given the complexi-
ty of many modern models, and tackle issues of an eth-
ical nature, such as data privacy.

Integrating ML and DL techniques into fraud detec-
tion systems is a huge step forward in helping to fight fi-
nancial fraud. However, more work is needed on model 
transparency, real-time processing, and collaboration 
between research and industry to fully take advantage 
of these technologies. With the solution of these chal-
lenges, the effectiveness of financial institutions’ fraud 
detection systems can be improved, thereby ensuring 
the safety and security of these institutions’ operations 
and fostering the trust of their customers.
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