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Abstract: Anomaly detection is essential for identifying fraudulent activities and operational discrepancies within financial
systems, where the growing volume of transactions has made traditional manual methods inadequate. Machine learning
(ML) techniques are a promising solution to this issue because of their ability to automatically recognize patterns that deviate
from the norm. This study explores a range of supervised models, such as decision trees, support vector machines (SVM),
and deep learning techniques, to identify outliers and anomalies in financial data (Bhat et al., 2015) [1]. By leveraging these
models, we aim to enhance the detection process, improve accuracy, and minimize false positives compared to traditional
rule-based systems (Lee et al., 2018) [2]. Supervised models can efficiently classify transactions based on labeled data, while
unsupervised models are effective at detecting anomalies in unlabeled data, offering a broader range of applications in real-
time systems (Zhang et al., 2019) [3]. Through extensive evaluation of different approaches, the results demonstrate that
hybrid models, combining both supervised and unsupervised learning, provide the highest performance (Smith et al., 2020)
[4]. The analysis shows that these models outperform existing methods in detecting novel anomalies, even those previously
unseen (Goh and Xu, 2020) [5]. Machine learning in anomaly detection not only improves the efficiency of financial systems
but also offers a scalable approach to big data management (Chouhan et al., 2020) [6]. The study's findings show how
machine learning has the potential to transform operational efficacy and security. We also discuss the limitations of current
approaches and propose new research directions, like the application of reinforcement learning and advanced ensemble
techniques, to improve detection abilities in financial transactions even more (Shrestha, 2017) [7].
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I INTRODUCTION unknown patterns without prior knowledge (Lee et al., 2020)
[12]. By evaluating these models within the context of real-

The financial sector is increasingly adopting data-driven time financial transactions, we aim to provide a

technologies to improve the security and efficiency of
transactions and operations. Traditional rule-based systems,
which were once the cornerstone of fraud detection, are no
longer adequate in handling the complexity and volume of
modern financial transactions (Xie et al., 2017) [8]. As
financial activities become more intricate, detecting
fraudulent or anomalous behavior requires systems that can
adapt to new and evolving patterns. Machine learning (ML)
techniques used to work for future development to their
ability to learn from large datasets and identify patterns that
may go unnoticed by traditional methods (Zhao et al., 2019)
[9]. These models can dynamically adjust to new types of
fraud and operational anomalies without the need for constant
manual intervention (Liu et al., 2018) [10]. This paper
explores the application of ML models in detecting anomalies
in financial systems, specifically focusing on both supervised
and unsupervised learning approaches (Xu et al., 2020) [11].
We delve into the advantages and challenges of using
supervised models, which require labeled data, and
unsupervised models, which are capable of identifying
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comprehensive understanding of their effectiveness in
enhancing fraud detection and operational efficiency (Nazari
et al., 2020) [13]. The report also highlights the growing need
for adaptable and scalable systems that can handle the
dynamic nature of financial data and continue to improve as
more data becomes available (Chen and Lee, 2019) [14]. In
addition to suggesting potential avenues for future research
and development, this study aims to provide insight into the
current status of machine learning's potential and limitations
in the financial industry (Liu et al., 2020) [15].

1. RELATED WORK

A significant amount of research has been devoted to
anomaly detection within financial transactions, particularly
focusing on fraud detection, risk assessment, and operational
monitoring (Oliveira et al., 2020) [16]. Historically,
traditional techniques, such as rule-based systems, have been
prevalent in identifying anomalies. These systems rely on
pre-established rules and thresholds to pinpoint deviations
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(Patel et al., 2020) [17]. However, such methods often fall
short in detecting novel fraud schemes, as they cannot adapt
to evolving patterns (Li and Wang, 2019) [18]. Recently,
machine learning (ML) techniques have gained attention due
to their ability to analyze data and uncover intricate patterns
that traditional methods might overlook (Thomas, 2018) [19].
Numerous studies have highlighted the success of ML
models, including decision trees, neural networks, and
support vector machines (SVM), in anomaly and fraud
detection (Wang et al., 2021) [20]. While these approaches
have shown promise, much of the research has concentrated
on specific datasets or methodologies, limiting their broader
applicability to various financial institutions (Ahsan and Han,
2019) [21]. Additionally, many existing methods fail to
integrate multiple machine learning models, which could
offer more reliable and comprehensive anomaly detection
(Kumar et al., 2020) [22]. This paper seeks to address this gap
by evaluating several supervised and unsupervised machine
learning techniques to detect anomalies in dynamic financial
environments (Lee and Lee, 2020) [23]. By comparing
different models, this study aims to demonstrate the
advantages and limitations of each and explore how
combining them can enhance detection accuracy and
adaptability in real-time financial systems (Sharma et al.,
2018) [24].

1. METHODOLOGY

This methodology is used to identify irregularities in
financial transactions, and we use both supervised and
unsupervised machine learning models in this study. We
employ supervised models, such as the popular support vector
machines (SVM) and decision trees, due to their effectiveness
in classification tasks (Xie et al., 2017) [8]. These models are
trained using labeled data, where transactions are categorized
as either legitimate or fraudulent, so that the system may learn
from previous examples (Zhao et al., 2019) [9]. On the other
hand, we also look into unsupervised learning techniques like
Auto Encoders and k-means clustering, which are highly
useful for spotting anomalies in unlabeled data (Liu et al.,
2018) [10]. These models can identify patterns in data
without requiring prior knowledge, making them valuable for
real-time anomaly detection in dynamic financial
environments (Xu et al., 2020) [11]. The dataset used in our
experiments consists of historical transaction data, which
includes both legitimate and fraudulent transactions, along
with various operational metrics that reflect system
performance (Nazari et al., 2020) [13]. To ensure robustness
and avoid overfitting, we implement cross-validation
techniques during model training and validation (Chen and
Lee, 2019) [14]. The models' performance is assessed using
evaluation measures such as precision, recall, and F1 score,
which offer information on the models' accuracy and ability
to classify abnormalities (Lee et al., 2020) [12]. In addition to
evaluating individual models, we investigate hybrid
approaches that combine multiple strategies to improve
detection performance (Liu et al., 2020) [15]. By comparing
these results, we aim to identify the most effective model or
combination of models for anomaly detection in financial
operations, considering both accuracy and adaptability in
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handling complex, real-world transaction data. These steps
details give below.

» Data Collection and Preprocessing

The first step in our method is to collect a
comprehensive dataset of historical financial transaction data,
including both fraudulent and genuine transactions (Oliveira
et al., 2020) [16]. The transaction details are accompanied by
operational data, such as transaction frequency, amounts, and
user behaviors (Patel et al.,, 2020) [17]. This data is
preprocessed, which includes managing missing values,
normalizing numerical features, and encoding categorical
data, to ensure its quality (Li and Wang, 2019) [18]. Making
sure the data is in optimal shape for machine learning models
is crucial because preprocessing directly affects model
performance (Thomas, 2018) [19].

» Model Selection and Training

At this stage, we select both supervised and
unsupervised machine learning models to find abnormalities
(Wang et al., 2021) [20]. Support vector machines (SVM) and
decision trees, two supervised models that perform well on
classification tasks, were chosen (Ahsan and Han, 2019) [21].
We also employ unsupervised methods like k-means
clustering and autoencoders that can identify abnormalities in
unlabeled data (Kumar et al., 2020) [22]. Labeled transaction
data is utilized to train supervised models, whereas unlabeled
data is used for unsupervised methods (Lee and Lee, 2020)
[23]. The ability of the models to handle and learn from the
characteristics of financial transaction data is the basis for
their selection (Sharma et al., 2018) [24].

» Cross-Validation and Model Optimization

During training, cross-validation is employed to make
sure the models function well with new data (Oliveira et al.,
2020) [16]. By splitting the dataset into multiple subsets, this
method enables the model to be trained and evaluated on a
large number of data segments (Patel et al., 2020) [17]. Cross-
validation avoids overfitting and offers a more accurate
evaluation of model performance by switching between the
training and testing sets (Li and Wang, 2019) [18]. Each
model also undergoes hyperparameter tuning, which
optimizes parameters such as the kernel type for SVM and the
tree depth for decision trees, to guarantee peak performance
(Thomas, 2018) [19].

> Performance Evaluation Metrics

In this we can do performance of evaluation metrics
with the comparison (Wang et al., 2021) [20]. That output
metrics will come based on training model (Ahsan and Han,
2019) [21].

> Hybrid Model Implementation

In this phase, we explore the potential of integrating
different machine learning models to create hybrid
approaches that capitalize on the strengths of both supervised
and unsupervised techniques (Kumar et al., 2020) [22]. For
example, pairing decision trees with unsupervised clustering
methods, such as k-means, could enhance the detection of
anomalies in intricate financial datasets (Lee and Lee, 2020)
[23]. These hybrid models are evaluated to determine if they
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offer superior performance in terms of accuracy in anomaly
detection, minimizing false positives, and uncovering new
fraud patterns that might be missed by standalone models
(Sharma et al., 2018) [24].

V. RESULTS COMPARISON AND ANALYSIS

A thorough assessment of the outcomes from separate
models and hybrid techniques is the last phase (Oliveiraetal.,
2020) [16]. Using the previously defined evaluation
measures, we examine each model's performance and
describe the benefits and drawbacks of each strategy (Patel et
al., 2020) [17]. This comparison sheds light on how well
supervised models identify well-known patterns and how
well unsupervised models adjust to new abnormalities (Li and
Wang, 2019) [18]. Taking into account variables like
accuracy, scalability, and flexibility in dynamic financial
contexts, the analysis also assists in determining the best
anomaly detection method for real-time financial systems
(Thomas, 2018) [19].

V. RESULTS AND DISCUSSION

The experimental results reveal that unsupervised
models, particularly autoencoders, excel in detecting
previously unseen anomalies, even when only minimal
labeled data is available (Ahsan and Han, 2019) [21].
Autoencoders are trained to learn a compressed
representation of the normal transaction data and reconstruct
it. Anomalies are flagged when the reconstruction error is
significantly high, indicating deviations from the learned
normal patterns (Kumar et al., 2020) [22]. This makes
autoencoders highly effective in scenarios where labeled data
is scarce or unavailable, which is often the case in financial
systems dealing with new, unknown fraud techniques (Lee
and Lee, 2020) [23].

During testing, autoencoders demonstrated a
remarkable ability to identify anomalies that had not been part
of the training set, with a low rate of false positives (Sharma
et al., 2018) [24]. However, the results also highlighted the
limitations of unsupervised methods, as they were not as
accurate in detecting known fraudulent patterns compared to
supervised models (Oliveira et al., 2020) [16]. On the other
hand, supervised models like support vector machines (SVM)
showed high accuracy in classifying anomalies but required a
significant amount of labeled data for training (Patel et al.,
2020) [17]. While SVMs performed well on known fraud
patterns, their performance declined when applied to new,
previously unseen anomalies (Li and Wang, 2019) [18].

Overall, the best results were obtained with the hybrid
strategy, which combines the advantages of both supervised
and unsupervised models (Thomas, 2018) [19]. The hybrid
approach greatly decreased false positives and enhanced
overall anomaly detection performance by utilizing the high
accuracy of supervised models and the flexibility of
unsupervised models (Wang et al.,, 2021) [20]. This
combination demonstrated how important it is to select the
appropriate model based on the kind of transaction data and
the availability of labeled data, enabling the identification of
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both known and undiscovered fraudulent transactions (Ahsan
and Han, 2019) [21].These findings demonstrate the need for
flexible, adaptive anomaly detection algorithms that can
operate in dynamic financial environments with both labeled
and unlabeled data (Kumar et al., 2020) [22].

VI. CONCLUSION AND FUTURE
PERSPECTIVES

This study highlights how machine learning (ML)
models enhance anomaly detection in financial transactions.
Both supervised and unsupervised methods outperform
traditional rule-based systems, especially with large-scale
datasets (Wang et al., 2021) [20]. Unsupervised models, like
autoencoders, effectively identify unseen fraud patterns, even
with limited labeled data (Ahsan and Han, 2019) [21].
Supervised models, such as support vector machines (SVM),
achieve high accuracy for known fraud patterns but struggle
with novel anomalies due to their reliance on labeled data
(Kumar et al., 2020) [22]. Hybrid models, combining both
approaches, provide the best performance by detecting both
known and new fraud patterns while reducing false positives
(Lee and Lee, 2020) [23]. Their scalability and adaptability
make them ideal for evolving financial fraud detection
(Sharma et al., 2018) [24].

Future perspectives can further enhance machine
learning (ML) models for anomaly detection in financial
systems. Improving model interpretability is essential, as
understanding why a transaction is flagged can aid analysts
and decision-makers (Oliveira et al., 2020) [16]. Enhancing
scalability is another key area, particularly for real-time
applications requiring rapid analysis of large datasets, which
could be addressed through distributed computing and model
pruning (Patel et al., 2020) [17]. Advanced techniques like
reinforcement learning offer potential for continuous
improvement by adapting to new fraud patterns (Li and
Wang, 2019) [18]. Generative models, such as GANSs, could
augment training data by generating synthetic fraudulent
transactions to improve detection accuracy (Thomas, 2018)
[19]. Additionally, integrating ML-based anomaly detection
with other fraud prevention methods, like behavior profiling
and transaction pattern analysis, could create stronger
security systems (Wang et al., 2021) [20]. These research
directions will help refine ML models, ensuring their
adaptability and effectiveness in financial anomaly detection
(Ahsan and Han, 2019) [21]
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