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Abstract: In this study, we propose a predictive
cybersecurity framework for the banking sector by
integrating ensemble-based machine learning models.
Our approach leverages heterogeneous datasets—
including internal firewall and intrusion detection
system logs, banking transaction records, user behavior
data, and external threat intelligence—to capture a
comprehensive view of the cyber threat landscape.
Following rigorous data preprocessing, feature
selection, and feature engineering, we evaluated
multiple models, including Logistic Regression, Decision
Tree, Random Forest, Gradient Boosting, and Deep
Neural Networks. Comparative analysis revealed that
while advanced individual models demonstrated strong
predictive capabilities, the Ensemble Model consistently
outperformed all others, achieving an accuracy of 92%
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and a ROC-AUC of 94%. These results underscore the
model’s superior ability to minimize false negatives,
which is critical for safeguarding financial assets. Our
findings advocate for the adoption of ensemble
techniques in real-world banking cybersecurity
applications, providing a robust, scalable solution that
adapts to evolving threat patterns while significantly
enhancing detection performance.

Keywords: Cybersecurity, Banking, Predictive
Modeling, Ensemble Learning, Machine Learning, Data
Preprocessing, Feature Engineering, Threat Detection,
ROC-AUC, Intrusion Detection.

Introduction: In today’s digital era, the banking sector
faces an unprecedented level of cyber threats that can
compromise sensitive financial data and destabilize
trust in financial institutions. Cybersecurity breaches
have evolved from simple malware infections to
complex, coordinated attacks that exploit
vulnerabilities in network infrastructures and user
behaviors. In response, the integration of predictive
machine learning models has emerged as a promising
strategy to enhance the security posture of banks.
These models offer the ability to analyze vast amounts
of heterogeneous data—from network logs to user
transactions—in near real-time, thereby identifying
and mitigating potential threats before they
materialize into significant breaches.

Our work addresses the pressing need for advanced
predictive frameworks in cybersecurity by leveraging
state-of-the-art machine learning techniques. In the
banking industry, where the repercussions of security
breaches are both financially and reputationally
devastating, traditional rule-based systems are no
longer sufficient. Instead, predictive models capable of
learning from historical data and adapting to emerging
threat patterns are critical for proactive defense
mechanisms. This paper proposes an ensemble-based
approach that combines the strengths of multiple
machines learning algorithms, ultimately providing a
more robust, accurate, and adaptable system for
threat detection.

We focus on key challenges such as the integration of
diverse data sources, the handling of imbalanced
datasets, and the extraction of meaningful features
that accurately represent complex threat patterns. Our
methodology encompasses a comprehensive process
that begins with data collection and preprocessing,
followed by feature selection and engineering, model
development, and rigorous evaluation. The primary
goal is to develop a predictive system that not only
identifies known threat vectors but also uncovers
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novel patterns indicative of emerging cyber-attacks.
LITERATURE REVIEW

The application of machine learning in cybersecurity has
been a vibrant area of research over the past decade.
Early works in this domain primarily focused on anomaly
detection using statistical techniques and rule-based
systems. For instance, Patcha and Park [1] provided an
early framework for intrusion detection systems (IDS)
that relied on predefined rules and statistical anomalies.
However, as cyber threats became more sophisticated,
these traditional methods began to show limitations in
their ability to detect novel attack patterns and adapt to
the evolving threat landscape.

Subsequent research has shifted towards employing
machine learning algorithms that can learn from data,
thereby enhancing detection accuracy. Sommer and
Paxson [2] discussed the evolution of network intrusion
detection systems by integrating machine learning

techniques, highlighting how  supervised and
unsupervised learning can uncover previously
undetected patterns.  Various studies have

demonstrated the efficacy of classifiers such as Support
Vector Machines (SVMs), Decision Trees, and Neural
Networks in predicting cybersecurity threats [3][4]. In
particular, Random Forests and Gradient Boosting
Machines have been extensively used due to their
robustness in handling noisy and imbalanced data, as
evidenced by the work of Chen et al. [5].

Recent literature emphasizes the importance of
ensemble methods, where the combination of multiple
machine learning models leads to improved
performance compared to individual models. Lippmann
et al. [6] illustrated that ensemble approaches, such as
bagging and boosting, are capable of reducing
overfitting and enhancing generalization in IDS.
Similarly, a study by Javaid et al. [7] on advanced
persistent threats in  network environments
demonstrated that ensemble models significantly
outperform single classifier approaches in terms of
accuracy and robustness.

Moreover, the banking sector has specific challenges
that require tailored solutions. Studies by Kumar and
Chandrasekaran [8] have shown that the financial
domain, characterized by high-stakes transactions and
regulatory pressures, benefits immensely from
predictive analytics that can preemptively identify fraud
and cyber threats. The integration of diverse data
sources—including transaction records, network logs,
and user behavior—has been identified as a critical
factor in enhancing the accuracy of predictive models.
Researchers like Ahmed et al. [9] have developed
frameworks that fuse multiple data streams to capture
the complex interdependencies inherent in banking
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systems, further reinforcing the potential of ensemble
models.

While significant progress has been made, gaps remain
in developing systems that not only achieve high
detection accuracy but also offer operational
transparency and adaptability. The majority of existing
studies focus on either technical performance or
algorithmic innovation, often overlooking the
operational constraints and dynamic nature of cyber
threats in the financial sector. Our research aims to
bridge this gap by providing a comprehensive, real-
world applicable methodology that integrates
advanced machine learning techniques with a deep
understanding of the banking ecosystem's unique
security requirements.

METHODOLOGY

In our study, our primary objective is to enhance
cybersecurity within the banking sector by leveraging
predictive machine learning models. This objective has

required us to carefully consider every stage of our
methodology, from the initial data acquisition process
to the final evaluation of our models in a real-world
environment. The following sections elaborate on each
step in our process.

DATA COLLECTION

Our initial step in developing predictive machine
learning models for enhancing cybersecurity in banking
involved the meticulous collection of diverse and
representative datasets. These datasets serve as the
foundation for our analysis and were sourced from both
internal banking systems and external threat
intelligence feeds. To ensure comprehensive coverage
of potential cybersecurity threats, we collected data
from multiple sources, each capturing different aspects
of system behavior and network events. The following
table summarizes the key datasets used in our study:

Data Source | Description Data Type Time Approximate = Remarks
Range  Size
Internal Logs capturing firewall Text/Numeric = Jan ~10 thousands ' Includes IP addresses,
Firewall Logs access attempts, alerts, Logs 2019 - ofevents timestamps, and
and rule violations Dec details of access rules
2023 violated
Intrusion Alerts and records Text/Numeric @ Jan ~20 thousands = Critical for identifying
Detection generated by IDS, Logs 2019 - ofevents anomalies and early
System (IDS) ' identifying potential Dec signs of  network
Logs intrusions and 2023 compromise
suspicious network
activities
Banking Detailed records of Transactional Jan ~5 million Data anonymized to
Transaction banking  transactions, Data 2020 - transactions ensure customer
Records including deposits, Dec privacy; used for
withdrawals, and 2023 detecting fraud and
transfers unusual transactional
patterns
User Behavior Anonymized logs of Event Logs Jan ~5 thousands | Provides insights into
Data user activities on digital 2020 - of sessions typical Versus
banking platforms, Dec anomalous user
capturing login patterns, 2023 behavior, essential for
navigation, and detecting insider
interactions threats
Threat External feeds providing = Structured Jan Thousands of Updated daily; used to
Intelligence information on known Threat Intel 2019 - threat entries enrich internal datasets
Feeds malicious IP addresses, Dec with  current threat
domains, and malware 2023 indicators
signatures

Each dataset was chosen for its unique contribution to
building a robust picture of the banking cybersecurity
landscape. Internal logs (firewall and IDS) capture real-
time operational data that indicate immediate security
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events, while transaction and user behavior data offer
insights into the operational context in which these
events occur. External threat intelligence feeds provide
an additional layer of context, enabling our models to
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recognize and correlate internal anomalies with known
external threat patterns.

By integrating these diverse data sources, we ensured
that our dataset was both broad in scope and rich in
detail, capturing a wide range of indicators that could
signal potential  cybersecurity  threats.  This
comprehensive approach to data collection was critical
to the success of our subsequent data preprocessing,
feature engineering, and model development phases.

Throughout the data collection phase, we were diligent
in ensuring that the acquired data was comprehensive
and reflective of the real-world cybersecurity
challenges facing modern banks. By integrating these
diverse data sources, we laid a robust foundation upon
which the rest of our methodology was built.

Data Preprocessing

Following the acquisition of our datasets, our next focus
was on data preprocessing. This stage was critical in
transforming raw, heterogeneous data into a clean,
consistent, and analyzable format. Our preprocessing
pipeline began with data cleaning, where we
systematically removed duplicate entries and
addressed missing values. For missing data points, we
employed imputation techniques to preserve the
integrity of our datasets, ensuring that our analysis was
not compromised by gaps in the data.

Given the wide range of data types and sources,
normalization and scaling were imperative. We applied
normalization techniques to our numerical features so
that all data points were on a comparable scale. This
step was crucial in preventing any single feature from
disproportionately influencing the learning process of
our models. In addition, categorical variables such as
event types and user roles were transformed using
encoding methods. One-hot encoding and label
encoding were used as appropriate, converting
categorical data into a numerical format that could be
seamlessly integrated into our machine learning
pipelines.

Another significant aspect of our preprocessing efforts
was temporal alignment. Considering that
cybersecurity data is inherently time-sensitive, we
synchronized the timestamps across different data
sources. This ensured that events from various logs
could be correlated accurately, which is particularly
important when identifying the sequence of events that
might lead up to a cybersecurity incident.

The preprocessing phase was a time-intensive yet
essential process, as it directly influenced the quality
and reliability of our subsequent analyses. By investing
significant effort in this phase, we ensured that our
dataset was both clean and representative, setting the
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stage for effective feature selection and model
development.

Feature Selection

Feature selection played a pivotal role in our
methodology, enabling us to isolate the most
informative variables from the vast dataset we had
compiled. Our approach to feature selection was
guided by both domain knowledge and empirical
analysis. We leveraged our understanding of
cybersecurity and banking operations to identify
features that have historically been strong predictors of
security breaches. Characteristics such as unusual login
times, frequent failed authentication attempts, and
abrupt changes in transaction volumes were prioritized
in our analysis.

In order to refine our selection further, we conducted
rigorous statistical analysis. This included the use of
correlation matrices to identify and eliminate
redundant features that exhibited high degrees of
collinearity. By doing so, we not only simplified our
model but also mitigated the risk of overfitting. In
parallel, we employed statistical tests such as ANOVA,
chi-square tests, and mutual information scores. These
tests provided quantitative insights into the predictive
power of individual features, allowing us to retain those
with the highest relevance to our prediction goals.

Furthermore, for datasets with high dimensionality, we
explored dimensionality reduction techniques.
Principal Component Analysis (PCA) [10,11] was utilized
to distill the data into its most critical components,
capturing the underlying structure of the dataset while
significantly reducing its complexity. This dual approach
of domain-driven selection and rigorous statistical
testing ensured that our model was both robust and
computationally efficient.

Feature Engineering

Beyond selecting existing features, we recognized that
the creation of new, more informative features could
significantly enhance our model’s performance. In this
phase, we focused on constructing aggregated features
that captured temporal patterns in the data. For
example, we developed features representing the
count of login attempts over specific time intervals,
which provided valuable insights into potential brute-
force attack patterns.

We also investigated the creation of interaction terms
between related features. By analyzing the joint
behavior of variables, such as the relationship between
login times and geographical access locations, we were
able to capture complex dependencies that were not
apparent when considering features in isolation. These
interaction terms were critical in revealing hidden
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patterns that could be indicative of coordinated attack
strategies.

Behavioral trend analysis was another major focus of
our feature engineering efforts. We constructed
features that monitored the evolution of user behavior
over time, flagging deviations from established
patterns. This allowed us to identify subtle anomalies
that could be early indicators of a security compromise.
Additionally, we incorporated outputs from
unsupervised anomaly detection techniques as
engineered features. These anomaly scores quantified
the degree of deviation from normal activity, thereby
providing an additional layer of insight into the data.

The comprehensive feature engineering process not
only enriched our dataset but also enhanced the overall
predictive power of our models. By integrating domain
expertise with advanced statistical and machine
learning techniques, we were able to construct features
that capture the multifaceted nature of cybersecurity
threats in the banking sector.

Model Development

The model development phase of our research involved
experimenting with a range of machine learning
algorithms to identify the most effective approach for
predicting cybersecurity threats. We began with
traditional algorithms such as logistic regression,
decision trees, and random forests, which provided
baseline models against which more advanced
techniques could be compared. Given the complexity of
cybersecurity data, we also explored more
sophisticated methods, including gradient boosting
machines and deep neural networks, to capture non-
linear relationships and interactions among features.

A significant challenge we faced during model
development was the inherent imbalance in our
dataset. Cybersecurity events, particularly those
representing breaches or fraudulent activities, are
typically rare compared to normal activity. To address
this imbalance, we employed oversampling techniques
such as SMOTE (Synthetic Minority Over-sampling
Technique) [12,13] as well as cost-sensitive learning
strategies. These approaches ensured that the minority
class received adequate representation during the
training process, thereby improving the sensitivity of
our models to detect rare but critical events.

We partitioned our data into training, validation, and
test sets to rigorously evaluate model performance and
guard against overfitting. Cross-validation techniques
were applied throughout the training process, allowing
us to assess the robustness of our models across
different data splits. In parallel, hyperparameter tuning
was performed using grid search and Bayesian
optimization methods. This systematic exploration of
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the parameter space enabled us to fine-tune our
models for optimal performance in terms of both
accuracy and computational efficiency.

To further enhance the robustness of our predictions,
we experimented with ensemble methods. Techniques
such as bagging and boosting allowed us to combine
the strengths of individual models, thereby achieving a
more reliable prediction of cybersecurity threats.
Through iterative refinement and careful evaluation,
we developed models that were both accurate in their
predictive capabilities and interpretable enough to
provide actionable insights to cybersecurity analysts.

Model Evaluation

The final phase of our methodology involved a rigorous
evaluation of our predictive models to ensure their
reliability and effectiveness in detecting cybersecurity
threats in a banking environment. We employed a suite
of performance metrics to evaluate our models
comprehensively. Accuracy, precision, recall, and the
F1-score were used as primary indicators of model
performance, while the Area Under the Receiver
Operating Characteristic Curve (ROC-AUC)
[14,15,16,17,18] was used to assess the models' ability
to distinguish between benign and malicious activities.

In-depth analysis of confusion matrices was carried out
to identify specific areas where the models could be
improved. This analysis enabled us to pinpoint false
negatives—critical errors in the context of
cybersecurity—allowing us to refine our feature
selection and model parameters accordingly. We
complemented these evaluations with extensive k-fold
cross-validation, ensuring that our findings were
statistically robust and not artifacts of a particular data
partition.

Recognizing the importance of practical deployment,
we also conducted real-time testing of our models in
collaboration with our banking partners. In a simulated
production environment, we monitored the
performance of our models as they processed live data
streams. This phase was critical in verifying the models'
responsiveness and accuracy in a dynamic, real-world
setting. Feedback from cybersecurity experts was
integrated into our evaluation process, creating a
continuous feedback loop that informed iterative
improvements in both the modeling and feature
engineering processes.

In  conclusion, our comprehensive evaluation
framework has allowed us to validate the effectiveness
of our predictive models in enhancing cybersecurity in
the banking sector. Through meticulous testing,
continuous refinement, and real-world validation, we
have developed a robust system capable of anticipating
and mitigating cybersecurity threats, thereby
922
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contributing to the overall safety and integrity of
banking operations.

4, Results

In this section, we present a detailed account of our
experimental results, providing an in-depth
comparative analysis of our machine learning models
applied to cybersecurity threat detection in the banking
sector. Our experiments evaluated six different models:
Logistic Regression, Decision Tree, Random Forest,
Gradient Boosting, Deep Neural Network, and an
Ensemble Model. We compared these models using
multiple performance metrics, including Accuracy,

Precision, Recall, F1-Score, and ROC-AUC, which
together offer a comprehensive view of each model's
effectiveness in identifying potential threats.

Our experimental setup involved splitting the data into
training (70%), validation (15%), and testing (15%) sets
to ensure the robustness and generalizability of our
results. Each model was fine-tuned using cross-
validation and hyperparameter optimization
techniques such as grid search and Bayesian
optimization. Table 1 below summarizes the
performance metrics obtained on the test set for each
model.

Model Accuracy Precision Recall | F1-Score ROC-AUC
Logistic Regression 85.0% 82.0% 78.0% 80.0% 87.0%
Decision Tree 80.0% 78.0% 75.0%  76.0% 82.0%
Random Forest 88.0% 85.0% 83.0% 84.0% 90.0%
Gradient Boosting 90.0% 88.0% 86.0% 87.0% 92.0%
Deep Neural Network = 89.0% 87.0% 84.0% 85.0% 91.0%
Ensemble Model 92.0% 90.0% 88.0%  89.0% 94.0%

Table 1: Performance metrics of various machine learning models on the cybersecurity dataset.

Our results indicate that while simpler models such as Logistic Regression and Decision Trees can offer quick
insights, their performance is notably lower compared to more sophisticated methods. The Random Forest model
already shows a significant improvement by leveraging multiple decision trees to reduce overfitting and variance.
However, the most substantial gains are observed with the Gradient Boosting and Deep Neural Network models,
which better capture complex non-linear relationships within the data.

Detailed Comparative Analysis

To further illustrate the differences among these models, we generated visualizations comparing key performance
metrics. Figure 1 shows a bar chart comparing the accuracy of all six models, while Figure 2 displays the

corresponding ROC-AUC scores.
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Chart 1: The bar chart above indicates that the Ensemble Model achieves the highest accuracy (92%), surpassing
Gradient Boosting (90%) and Deep Neural Network (89%). The noticeable gap between these and the Logistic
Regression (85%) and Decision Tree (80%) models underlines the advantages of using ensemble and complex

modeling techniques in cybersecurity detection.

ROC-AUC Comparison Across Models
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Chart 2: The ROC-AUC bar chart confirms the superior
discriminatory power of the Ensemble Model with a
score of 94%. This suggests that it is most effective at
distinguishing between benign and malicious events.
The performance improvement is consistent across
other advanced models, with Gradient Boosting and
Deep Neural Network following closely at 92% and 91%,
respectively.

Our comparative analysis reveals several important
observations. First, the incremental improvements
from Logistic Regression to Decision Tree and then to
Random Forest demonstrate that increasing model
complexity and the ability to handle non-linearities can
significantly enhance detection performance. Second,
both Gradient Boosting and Deep Neural Networks
exhibit strong predictive capabilities; however, the
slight edge of Gradient Boosting over the Deep Neural
Network in ROC-AUC suggests that boosting techniques
may be slightly better suited to this specific dataset's
characteristics.

The Ensemble Model, which integrates the predictions
of multiple individual models, consistently outperforms
all other models. Its ability to capture diverse patterns
from the data, mitigate individual model biases, and
reduce variance is reflected in its superior performance
across all metrics. This approach is particularly
beneficial in cybersecurity applications, where the cost
of false negatives—missed detections of cyber
threats—is extremely high.

Error Analysis and Insights

The American Journal of Engineering and Technology

To understand where and why models might fail, we
conducted an extensive error analysis. The confusion
matrices revealed that simpler models like Logistic
Regression and Decision Trees [18,19,20] suffered from
higher false-negative rates, which could result in
undetected security breaches. The Random Forest
model, while reducing these errors, still struggled in
scenarios involving sophisticated, multi-faceted attack
patterns. In contrast, the Ensemble Model not only
minimized false negatives but also maintained a
balanced performance, suggesting that its combined
approach allows for more nuanced detection of both
common and rare threat patterns.

Moreover, precision-recall curves for the Ensemble
Model indicate a strong trade-off balance, confirming
that it is well-calibrated for operational environments
where both false alarms and missed detections can
have severe consequences. This model’s ability to
dynamically adapt to new patterns makes it a robust
choice for the evolving threat landscape.

Decision and Final Model Selection

After careful evaluation and analysis, we have
determined that the Ensemble Model is the optimal
solution for enhancing cybersecurity in the banking
sector. Its superior performance across multiple
metrics—achieving 92% accuracy and 94% ROC-AUC—
demonstrates its capability to reliably detect and
predict cybersecurity threats. The Ensemble Model’s
success lies in its ability to amalgamate the strengths of
various modeling approaches, leading to enhanced

94

https://www.theamericanjournals.com/index.php/tajet



The American Journal of Engineering and Technology

robustness and improved detection accuracy. In
addition to its quantitative superiority, the Ensemble
Model’s performance in real-time testing environments
further validates its practical applicability. Our
deployment tests in simulated production settings
showed that it maintained high detection rates even
when processing large volumes of real-world data. This
resilience is critical for banking institutions, where the
timely and accurate detection of cyber threats is
paramount.

While our current results are promising, ongoing work
will focus on further improving model interpretability
and reducing computational overhead. Future studies
will also explore adaptive ensemble techniques that
dynamically reweight model contributions based on
evolving threat patterns, ensuring that the
cybersecurity framework remains resilient against
emerging attacks. Our extensive experiments and
detailed comparative analysis clearly indicate that the
Ensemble Model is the most effective approach for
predictive cybersecurity in banking. By achieving high
accuracy, robust ROC-AUC scores, and balanced error
metrics, it provides a powerful tool for mitigating risks
associated with cyber threats. These results not only
advance the current state-of-the-art but also pave the
way for practical, deployable solutions that can
significantly enhance the security posture of financial
institutions.

CONCLUSION

In conclusion, our research demonstrates the efficacy
of leveraging predictive machine learning models,
particularly through an ensemble approach, to enhance
cybersecurity within the banking sector. By integrating
diverse data sources—including internal logs,
transaction records, user behavior data, and external
threat intelligence—we  have  developed a
comprehensive dataset that reflects the multifaceted
nature of cyber threats in the financial domain. Our
methodology, which encompassed meticulous data
preprocessing, strategic feature selection and
engineering, and rigorous model development and
evaluation, culminated in the deployment of an
Ensemble Model that outperformed individual models
such as Logistic Regression, Decision Trees, Random
Forest, Gradient Boosting, and Deep Neural Networks.
With an accuracy of 92% and a ROC-AUC of 94%, the
Ensemble Model proved particularly adept at
distinguishing between benign and malicious activities,
thereby significantly reducing the risk of false
negatives—a critical factor in cybersecurity.

Our findings reinforce the importance of using
ensemble methods to capture complex patterns and
adapt to evolving threat landscapes. The ensemble
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approach's robustness and its ability to integrate
multiple perspectives from different algorithms make it
a promising candidate for real-world applications in
banking cybersecurity. This study not only provides a
state-of-the-art predictive framework but also
highlights the need for continuous innovation and
adaptation in the face of increasingly sophisticated
cyber threats.

DISCUSSION

The promising results achieved by our ensemble-based
framework underscore several key insights and
implications for the future of cybersecurity in the
banking sector. First, the successful integration of
heterogeneous data sources—from network logs to
user behavior analytics—illustrates that a multi-faceted
data approach can capture the nuances of
cybersecurity threats more effectively than isolated
data streams. This integration is pivotal for constructing
predictive models that can discern subtle patterns
indicative of potential breaches.

Second, our comparative analysis revealed that while
traditional models like Logistic Regression and Decision
Trees offer a baseline understanding, advanced
techniques such as Random Forests, Gradient Boosting,
and Deep Neural Networks provide significant
performance improvements. However, the ensemble
method, which synthesizes the strengths of these
individual models, achieved the highest performance
metrics, indicating that model diversity and the
combination of multiple predictive strategies can lead
to superior threat detection outcomes.

Moreover, our work addresses the challenge of
imbalanced  datasets—a common  issue in
cybersecurity—by employing strategies such as SMOTE
and cost-sensitive learning. These techniques were
essential in ensuring that rare but critical threat events
were adequately represented during model training,
thereby enhancing the detection capability of our
system. The emphasis on reducing false negatives is
particularly relevant in the banking context, where
missed detections can lead to severe financial and
reputational damage.

Despite the success of our approach, several limitations
merit further discussion. The complexity of ensemble
methods may lead to increased computational
overhead, which could pose challenges in real-time
deployment scenarios where rapid response times are
crucial. Additionally, while our models demonstrated
strong performance on historical and simulated real-
time data, continuous monitoring and periodic
retraining will be necessary to maintain effectiveness as
threat patterns evolve.

Future research should focus on enhancing model
95
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interpretability, ensuring that security analysts can
understand and trust the predictions made by these
complex systems. Adaptive ensemble techniques that
can dynamically reweight model contributions based
on current threat trends and operational feedback are
also promising avenues for further study. Furthermore,
the integration of unsupervised learning methods to
detect entirely novel attack vectors remains an
important area for ongoing investigation.

In summary, our study provides a robust,
comprehensive framework for predictive cybersecurity
in banking that not only achieves high detection
accuracy but also offers practical insights into the
deployment of machine learning-based security
systems. The successful application of ensemble
methods to this challenging domain underscores their
potential to serve as a cornerstone of next-generation
cybersecurity solutions in the financial sector.
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