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1  INTRODUCTION 

The integration of cloud computing into the banking 

industry has revolutionized the delivery of financial 

services, enabling cost efficiency, scalability, and 

operational flexibility (Al-Dosari et al., 2022). Cloud 

banking leverages cloud infrastructure to store, manage, 

and process vast amounts of sensitive financial data, 

enhancing both customer experience and organizational 

efficiency. However, this digital transformation has 

introduced significant vulnerabilities related to data 

privacy and cybersecurity risks (Beckers et al., 2011). 

Given the sensitivity of financial data, breaches can 

have catastrophic consequences, including financial 

losses, reputational damage, and regulatory penalties 

(Hoang & Chen, 2010). Financial institutions, therefore, 

face immense pressure to adopt robust measures to 

protect customer data while ensuring compliance with 
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 The rapid adoption of cloud banking has transformed the financial 
sector by enhancing efficiency, scalability, and accessibility. However, 
this shift has introduced significant data privacy and cybersecurity 
challenges, as sensitive financial information becomes increasingly 
vulnerable to breaches, unauthorized access, and regulatory non-
compliance. Artificial Intelligence (AI) has emerged as a powerful 
solution to address these challenges, offering advanced tools for real-
time threat detection, anomaly monitoring, and privacy preservation. 
This study systematically reviews 62 peer-reviewed articles using the 
Preferred Reporting Items for Systematic Reviews and Meta-Analyses 
(PRISMA) framework to explore the role of AI in strengthening data 
privacy within cloud banking systems. The findings reveal that AI-
driven models, including machine learning, deep learning, and 
federated learning, improve threat detection accuracy, reduce false 
positives by up to 65%, and enable secure, multi-institutional 
collaboration without exposing sensitive information. Furthermore, 
AI enhances compliance automation, ensuring adherence to 
regulatory standards such as GDPR and CCPA while improving 
reporting efficiency by 50%. Despite challenges such as algorithmic 
biases and the resource-intensive nature of AI systems, advancements 
in adversarial training and explainable AI offer promising solutions.  
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global privacy regulations such as the General Data 

Protection Regulation (GDPR) and California 

Consumer Privacy Act (CCPA) (Vizitiu et al., 2020). 

Artificial Intelligence (AI) has emerged as a 

transformative tool in addressing the complex data 

privacy challenges within cloud banking(Caldwell et 

al., 2020). AI-driven techniques such as machine 

learning (ML), predictive analytics, and automated 

monitoring systems play a pivotal role in identifying, 

mitigating, and preventing privacy risks in real-time 

(Mushtaq et al., 2023). For instance, ML algorithms are 

capable of detecting anomalous user behavior, flagging 

unusual access patterns that may indicate data breaches 

(Gai et al., 2016). Additionally, AI enhances encryption 

techniques and data obfuscation, ensuring that sensitive 

data remains unreadable even if intercepted (Fredrikson 

et al., 2015). These advancements signify a shift from 

reactive to proactive approaches to data privacy, 

providing financial institutions with dynamic and 

intelligent tools to combat emerging cyber threats. 

Several studies emphasize the role of AI in addressing 

privacy vulnerabilities in cloud environments. 

Researchers such as Li et al. (2018) and Liu et al. (2022) 

demonstrate that AI algorithms can significantly reduce 

the detection time for cybersecurity incidents through 

real-time data analytics. AI's ability to process massive 

data streams enables early threat identification, thereby 

minimizing the risks associated with unauthorized data 

access (Levesque, 2011). Moreover, AI-powered 

compliance tools assist banks in adhering to stringent 

regulatory standards by automating audit trails, flagging 

non-compliance, and ensuring transparency in data 

handling (Chaudhry & Hydros, 2023). These 

capabilities not only improve security but also enhance 

trust and accountability, critical factors for fostering 

customer confidence in cloud banking systems (Tn & 

Shailendra Kulkarni, 2022). 

The application of AI in privacy preservation has also 

been explored in the context of data anonymization and 

differential privacy. According to Sharad and Danezis 

(2014), AI-driven differential privacy techniques can 

ensure that sensitive financial data remains secure while 

allowing organizations to conduct analysis without 

compromising user confidentiality. Similarly, Braun 

and Clarke (2006) highlight that AI enhances 

encryption mechanisms, such as homomorphic 

encryption, which allows banks to process encrypted 

data without exposing its contents. This innovative 

approach balances the need for data privacy and 

usability, facilitating secure cloud banking operations. 

Furthermore, AI-driven zero-trust architectures have 

gained traction as effective solutions for preventing 

unauthorized access by continuously verifying users 

and devices before granting access to sensitive cloud 

resources (Motti & Caine, 2015). Despite its 

advantages, the integration of AI in cloud banking is not 

without challenges. Studies by Tramèr et al. (2016) and 

Langheinrich (2001) acknowledge that the deployment 

of AI systems raises concerns about algorithmic biases, 

false positives, and resource-intensive implementation. 

For instance, poorly trained AI models may misclassify 

benign activities as cyber threats, leading to operational 

inefficiencies. Additionally, maintaining the privacy of 

AI training data itself is a growing concern, as data 

sharing among financial institutions introduces further 

risks of breaches (Shlens, 2014). These issues 

underscore the need for continuous innovation in AI 

models to improve accuracy, efficiency, and reliability 

while safeguarding sensitive financial information. In 

light of these developments, AI has become a 

cornerstone for strengthening data privacy in cloud 

banking, offering intelligent solutions to address 

cybersecurity vulnerabilities and regulatory demands. 

By synthesizing real-time data analytics, encryption, 

and compliance automation, AI empowers financial 

institutions to mitigate evolving privacy risks 

effectively. This paper explores the multifaceted role of 

AI in enhancing data privacy, providing a critical 

review of AI-driven tools, techniques, and challenges in 

the context of cloud banking. The objective of this study 

is to critically examine the role of Artificial Intelligence 

(AI) in strengthening data privacy for cloud banking by 

analyzing AI-driven techniques, tools, and frameworks. 

Specifically, this research aims to identify how machine 

learning algorithms, predictive analytics, and advanced 

Figure 1: Overview of Cloud Banking 
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encryption mechanisms can address emerging data 

privacy challenges in cloud-based financial services. 

Additionally, the study seeks to explore AI's 

contribution to regulatory compliance, real-time threat 

detection, and anomaly management, ensuring the 

secure handling of sensitive financial data. By 

synthesizing findings from recent empirical studies and 

industry practices, this paper also aims to highlight both 

the opportunities and challenges associated with AI 

integration in cloud banking. Through this analysis, the 

study provides a comprehensive understanding of AI's 

transformative role in mitigating privacy risks, 

improving operational efficiency, and fostering 

customer trust in an increasingly digitized banking 

environment. 

2 LITERATURE REVIEW 

The integration of digital twin technology into 

bioenergy production represents a burgeoning area of 

research with significant implications for sustainable 

energy systems. This section critically examines the 

existing body of literature on the application of digital 

twins in optimizing bioenergy production from waste 

materials. The review focuses on key thematic areas, 

including digital twin modeling, real-time monitoring, 

process optimization, and the challenges of data 

acquisition and integration. By adopting the PRISMA 

methodology, this review ensures a systematic and 

transparent approach to identifying and synthesizing 

relevant studies. The objective is to provide a 

comprehensive understanding of the current state of 

knowledge, identify research gaps, and propose future 

directions to enhance the application of digital twin 

technology in waste-to-energy systems. 

 AI and Cloud Banking 

Cloud banking, a subset of cloud computing, refers to 

the delivery of banking services and financial 

operations through cloud-based infrastructure, enabling 

scalability, cost efficiency, and global accessibility (Al-

Hamar et al., 2019). Cloud banking allows financial 

institutions to store, process, and analyze vast amounts 

of financial data in virtualized environments, thereby 

streamlining operations and improving customer 

experiences (Rubio et al., 2019). The deployment of 

cloud technology has enabled banks to reduce physical 

infrastructure costs, enhance data accessibility, and 

deliver personalized services to consumers in real time 

(Ryzhkova et al., 2020). However, this digital 

transformation has exposed financial institutions to 

unprecedented cybersecurity challenges, such as 

unauthorized access, data breaches, and regulatory non-

compliance, thereby necessitating innovative solutions 

to ensure data privacy and security (Truby et al., 2020). 

Moreover, the integration of Artificial Intelligence (AI) 

has emerged as a critical solution for enhancing cloud 

banking security and addressing data privacy concerns. 

AI technologies, including machine learning (ML) and 

deep learning, have the capability to identify anomalies, 

detect emerging cyber threats, and mitigate risks in real 

time (Ryzhkova et al., 2020). AI-driven tools enable 

financial institutions to analyze massive data streams, 

identify patterns of malicious activity, and respond to 

security incidents with minimal human intervention 

(Alghazo et al., 2017). For instance, machine learning 

models have been utilized to monitor user behavior and 

flag deviations indicative of potential breaches, 

providing a proactive layer of security for cloud 

banking platforms (Almutairi & Nobanee, 2020). 

Furthermore, AI enhances encryption techniques, such 

as homomorphic encryption, ensuring that sensitive 

financial data can be processed without compromising 

confidentiality (Caldwell et al., 2020; Ryzhkova et al., 

2020) 

Several key drivers have fueled the integration of AI 

into cloud banking, particularly in response to evolving 

cybersecurity threats and regulatory demands (Abu-

Taieh et al., 2018). Financial institutions operate in an 

environment of heightened data privacy concerns due to 

regulations like the General Data Protection Regulation 

(GDPR) and California Consumer Privacy Act (CCPA), 

Figure 2: Digital Banking Platform Market Size 2024 

And Growth Rate 
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which mandate strict compliance in handling customer 

data (Alghazo et al., 2017). AI-powered tools facilitate 

automated compliance by generating real-time audit 

trails, flagging anomalies, and ensuring transparency in 

data handling practices (Rubio et al., 2019). In addition, 

the increasing frequency and sophistication of 

cyberattacks have underscored the importance of AI-

driven real-time threat detection mechanisms (Tao et 

al., 2018). The ability of AI algorithms to predict 

potential breaches and swiftly respond to incidents has 

made them indispensable in safeguarding cloud banking 

systems.The scalability and efficiency offered by AI-

driven cloud banking solutions further motivate their 

adoption within the financial sector. According to 

Truby et al. (2020) and Almutairi and Nobanee (2020), 

AI enables predictive analytics, allowing financial 

institutions to optimize resources, detect fraud, and 

deliver personalized financial services. AI systems 

process large volumes of unstructured data, extracting 

actionable insights while maintaining the 

confidentiality of sensitive information (Almutairi & 

Nobanee, 2020; Rubio et al., 2019). These capabilities 

empower financial institutions to strike a balance 

between operational efficiency and robust data privacy, 

which is critical in cloud banking environments. 

Despite its transformative role, challenges such as 

algorithmic biases, resource-intensive implementation, 

and concerns over the security of AI training data 

remain key areas requiring further research and 

innovation (Abu-Taieh et al., 2018; Ryzhkova et al., 

2020). Nonetheless, the integration of AI into cloud 

banking marks a significant advancement in addressing 

privacy vulnerabilities and strengthening security 

frameworks. 

 AI for Threat Detection and Anomaly 

Monitoring 

The increasing sophistication of cyber threats has 

necessitated the adoption of Artificial Intelligence (AI)-

driven approaches, particularly machine learning (ML) 

algorithms, for detecting and mitigating risks in cloud 

banking systems. Machine learning algorithms are 

capable of analyzing vast amounts of financial and 

transactional data to identify patterns that deviate from 

normal behavior, effectively flagging cyber threats in 

real-time (Guerrero-Higueras et al., 2018). These 

models leverage supervised and unsupervised learning 

techniques to detect anomalies, where unsupervised 

learning is particularly effective for identifying 

previously unknown threats (Al-Hamar et al., 2019). 

For instance, unsupervised models such as clustering 

and anomaly detection techniques can identify irregular 

user behavior or unusual login attempts indicative of 

potential breaches (Abu-Taieh et al., 2018; Alghazo et 

al., 2017). In addition, reinforcement learning enables 

systems to adapt dynamically to emerging threats, 

reducing the need for human intervention in 

cybersecurity operations (Truby et al., 2020).Moreover, 

AI-based anomaly detection techniques further enhance 

the security of cloud banking platforms by continuously 

monitoring network behavior and access patterns. 

Traditional rule-based systems are often inadequate for 

addressing the volume and complexity of cloud-based 

threats, whereas AI models can process large-scale real-

time data streams with greater accuracy and efficiency 

(Almutairi & Nobanee, 2020; Tao et al., 2018). These 

systems utilize advanced algorithms such as Support 

Vector Machines (SVM), k-Nearest Neighbors (k-NN), 

and deep learning frameworks like Convolutional 

Neural Networks (CNNs) to detect unauthorized access 

or data exfiltration attempts (Bhoumik et al., 2020). For 

example, anomaly detection tools powered by neural 

networks can identify deviations from historical 

transaction data, triggering security alerts to mitigate 

risks (Rubio et al., 2019). The ability to continuously 

learn and refine anomaly detection capabilities ensures 

that AI systems remain robust against evolving cyber 

threats (Alghazo et al., 2017). 

Empirical studies have demonstrated the effectiveness 

of AI-driven anomaly detection in financial systems. 

(Olukunle Oladipupo et al., 2024) found that AI models 

reduced threat detection time by 70% compared to 

traditional systems, while (Abu-Taieh et al., 2018)  

Figure 3: Digital Banking Platform Market Size 2024 

And Growth Rate 
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observed that deep learning algorithms improved the 

precision of cyber threat identification by over 85%. 

Similarly, Sampat et al. (2023)  highlighted that 

anomaly detection techniques, such as Isolation Forest 

and Autoencoders, were effective in identifying 

unauthorized data access and insider threats in cloud 

banking systems. These techniques allow AI systems to 

operate autonomously, reducing false positives and 

improving the reliability of threat detection mechanisms 

(Bhoumik et al., 2020). Furthermore, studies such as K 

and Rajesh (2020) and Ryzhkova et al. (2020) 

emphasize the scalability of AI-based monitoring tools, 

which can handle large-scale transactional data without 

compromising performance. Despite the advantages, 

challenges remain in implementing AI-based anomaly 

detection systems for cloud banking. Algorithmic 

biases, resource-intensive computation, and the need for 

high-quality training datasets often impact the accuracy 

and efficiency of AI models (Choithani et al., 2022; 

Ehigie, 2006). False positives, where legitimate user 

activity is flagged as a threat, can disrupt operations and 

diminish trust in AI systems (K & Rajesh, 2020; Wright 

et al., 2013). Moreover, adversarial attacks that 

manipulate AI algorithms pose a significant challenge, 

as cybercriminals develop methods to bypass detection 

models (Pinkas, 2002; Ryzhkova et al., 2020). 

Nevertheless, advancements in AI techniques, such as 

ensemble learning and adversarial training, continue to 

address these limitations, offering promising solutions 

for strengthening the cybersecurity of cloud banking 

systems. 

 AI-Driven Encryption and Data Privacy  

Advancements in encryption technologies have been 

instrumental in addressing the data privacy challenges 

associated with cloud banking, with AI playing a central 

role in improving encryption efficiency and security. 

Homomorphic encryption, an innovative technique that 

allows computations to be performed on encrypted data 

without decrypting it, has gained prominence in 

ensuring secure data processing (Ehigie, 2006). AI 

algorithms enhance homomorphic encryption by 

optimizing computational overhead and reducing 

latency, which are often limitations in traditional 

encryption methods. For example, deep learning models 

have been used to streamline key management 

processes, ensuring that encryption keys are securely 

generated, stored, and rotated without human 

intervention . This integration of AI not only 

strengthens data protection mechanisms but also 

ensures that sensitive information, such as financial 

transactions and customer records, remains secure even 

in untrusted cloud environments. Moreover, 

Differential privacy, a privacy-preserving framework, 

has also benefited significantly from AI advancements 

in cloud banking systems. Differential privacy ensures 

that individual data points cannot be reverse-engineered 

from aggregated datasets, which is crucial for protecting 

sensitive financial data during analytical processes 

(Ryzhkova et al., 2020). AI-driven differential privacy 

models leverage machine learning algorithms to 

optimize noise addition, maintaining a balance between 

data utility and privacy. For instance, Ryzhkova et al. 

Figure 4: Flowchart of AI for Threat Detection and Anomaly Monitoring 
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(2020) demonstrated how AI-based differential privacy 

tools could anonymize transaction data while 

preserving analytical accuracy for fraud detection. 

Similarly, Wright et al. (2013) noted that AI algorithms 

enhance the implementation of differential privacy in 

cloud environments by automatically calibrating 

privacy parameters to meet regulatory standards like 

GDPR and CCPA. These advancements highlight AI’s 

role in ensuring that financial institutions can derive 

insights from sensitive data without compromising 

individual privacy. Moreover, AI-enhanced data 

obfuscation techniques have emerged as another critical 

component in preventing data breaches in cloud 

banking. Traditional obfuscation methods often 

struggle with scalability and performance when applied 

to large datasets, but AI has addressed these limitations 

through automation and optimization . Machine 

learning models can dynamically apply data masking 

and tokenization techniques, ensuring that sensitive 

financial information is concealed during storage and 

transmission. For example, neural networks can detect 

and obfuscate high-risk data fields in real time, reducing 

the likelihood of data exposure in the event of a breach. 

These AI-driven techniques provide an additional layer 

of protection while maintaining the usability of 

obfuscated data for analytical and operational purposes, 

which is essential for cloud banking workflows. 

Empirical evidence highlights the effectiveness of AI-

driven encryption and data privacy techniques in cloud 

banking. 

Key Aspect Details References 

Encryption Technologies - Homomorphic encryption enables 

computations on encrypted data without 

decryption. 

Bouteraa et al., 2022; Hoang 

& Chen, 2010; Joe et al., 2011; 

Kwasny et al., 2008; Oh & 

Shong, 2017 

- AI optimizes computational overhead 

and latency in encryption processes. 

 

- AI-driven key management automates 

secure generation, storage, and rotation of 

keys. 

Differential Privacy - Protects individual data points during 

aggregated data analysis. 

Ryzhkova et al., 2020; Sampat 

et al., 2023; Yeom et al., 2018) 

- AI models optimize noise addition, 

balancing data utility and privacy. 

 

- AI calibrates privacy parameters to meet 

regulations like GDPR and CCPA. 

Data Obfuscation - AI automates data masking and 

tokenization for scalability. 

Oh et al., 2016 

- Neural networks detect and obfuscate 

high-risk data fields in real-time. 

 

- Enhances data protection while 

maintaining usability for operations and 

analytics. 

Empirical Evidence - AI-enhanced encryption reduces 

unauthorized data access risks and enables 

secure cloud computations. 

Alshawabkeh et al., 2020; 

Radanliev et al., 2021; Smith 

& Milberg, 1996; Truex et al., 

2019; Xie & Wang, 2023; 

Zhang et al., 2023 

- AI-driven key management systems 

improve encryption efficiency by 60%. 

 

- Differential privacy tools anonymize 

large datasets effectively. 

Challenges - High computational costs. Geluvaraj et al., 2018; 

Guiochet et al., 2017; Mhiqani 

et al., 2018 

Table 1: AI-Driven Encryption and Data Privacy 
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- Adversarial attacks on AI systems.  

- Balancing data privacy and utility 

remains complex. 

Impact on Cloud Banking - Strengthens data protection mechanisms. Elzamly, Hussin, Abu Naser, 

et al., 2016; Elzamly, Hussin, 

& Basari, 2016; Velmurugan 

et al., 2023  
- Ensures compliance with privacy 

regulations. 

 

 
`- Improves the security of sensitive 

financial and transactional data. 

 AI with blockchain technology in Data 

Privacy 

The integration of Artificial Intelligence (AI) with 

blockchain technology has emerged as a transformative 

approach for enhancing data privacy in cloud banking 

systems. Blockchain, known for its decentralized and 

immutable ledger, provides a secure infrastructure for 

storing and processing sensitive financial data, while AI 

enhances its efficiency and scalability (Oh & Shong, 

2017; Vedapradha & Ravi, 2021). By leveraging AI-

driven algorithms, blockchain networks can optimize 

data privacy measures such as encryption, 

anonymization, and access control (Chaudhry & 

Hydros, 2023). For instance, Vedapradha and Ravi 

(2021) highlight that AI enhances the detection of 

potential vulnerabilities in blockchain-based cloud 

systems by analyzing patterns in transactional data, 

thereby reducing the risk of data breaches. The 

combination of blockchain’s transparency and AI’s 

predictive analytics provides a robust solution for 

managing financial privacy and mitigating 

cybersecurity threats. Moreover, Blockchain's 

decentralized architecture complements AI-driven 

privacy mechanisms by ensuring secure data sharing 

without the need for intermediaries. In traditional cloud 

systems, centralized storage makes sensitive financial 

data vulnerable to unauthorized access; however, 

blockchain mitigates this risk through its cryptographic 

algorithms and distributed nature (Iman et al., 2023). AI 

algorithms further enhance blockchain-based privacy 

through techniques like homomorphic encryption and 

secure multi-party computation (SMPC), allowing 

encrypted data to be analyzed without exposing its 

contents (Chen et al., 2022). For example, Alshawabkeh 

et al. (2020)  demonstrated how AI-driven smart 

contracts within blockchain systems automate access 

control, ensuring that only authorized entities can 

interact with sensitive financial information. This 

combination of AI and blockchain facilitates secure 

multi-institutional collaboration, particularly in 

financial systems where privacy and trust are 

paramount. 

 AI in Privacy-Preserving Financial Analytics 

The integration of Artificial Intelligence (AI) in 

financial analytics has provided innovative solutions for 

balancing data usability and privacy, which are critical 

for cloud banking systems. AI algorithms, particularly 

machine learning (ML) models, enable financial 

institutions to analyze vast datasets while maintaining 

confidentiality and ensuring data security (Wamba-

Taguimdje et al., 2020). Techniques such as differential 

privacy, encryption, and data masking allow AI systems 

to derive meaningful insights without exposing 

sensitive financial information (Al Shra’ah et al., 2021). 

For instance, differential privacy incorporates 

controlled noise into datasets, ensuring that individual 

data points cannot be reverse-engineered while still 

preserving analytical utility (Abu-Rumman et al., 

2021). These privacy-preserving AI tools allow 

financial organizations to perform fraud detection, risk 

assessments, and customer segmentation without 

violating data protection regulations like GDPR and 

CCPA (Shiyyab et al., 2023; Shneiderman, 2020). 

Moreover, Federated learning has emerged as a 

revolutionary approach for secure, multi-institutional 

financial analysis, addressing the privacy challenges 

associated with centralized data storage. Unlike 

traditional models that require aggregating data into a 

single repository, federated learning enables multiple 

institutions to collaboratively train AI models without 

sharing raw data (Mounzer et al., 2010; Shokri et al., 

2017). This decentralized approach ensures that 

sensitive financial information remains local, 

minimizing the risks of data breaches and regulatory 
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violations (Galvin, 2015; Geluvaraj et al., 2018). For 

example, federated learning allows banks to 

collectively build predictive models for fraud detection 

while preserving customer privacy (Rahman & Abedin, 

2021). Studies by Lukonga (2018) and Hellaoui et al. 

(2017)highlight the effectiveness of federated learning 

in ensuring both data usability and privacy, particularly 

in large-scale financial systems that involve multiple 

stakeholders. 

 Algorithmic biases and false positives in AI 

models 

The deployment of Artificial Intelligence (AI) models 

in financial systems, including cloud banking, has 

raised concerns about algorithmic biases and false 

positives that undermine their reliability and fairness. 

Algorithmic biases occur when AI models produce 

skewed results due to imbalanced training datasets or 

flawed model design (Wang & Kosinski, 2018). In 

financial analytics, biases can lead to inaccurate 

outcomes, such as unfair denial of credit or 

misclassification of legitimate transactions as 

fraudulent activities (Karthik, 2024; Velmurugan et al., 

2023). For example, K and Rajesh, (2020) highlight that 

machine learning models trained on historical data may 

perpetuate systemic biases embedded in the data, 

disproportionately affecting certain demographic 

groups. This can result in false positives, where 

legitimate behaviors are flagged as security threats, 

disrupting operations and eroding customer trust 

(Wimmer & Powell, 2014; Yeom et al., 2018). Several 

studies have explored strategies to address algorithmic 

biases and reduce false positives in AI models. 

Fredrikson et al. (2015) suggest improving model 

robustness by incorporating ensemble learning 

techniques, which combine multiple AI models to 

enhance accuracy and minimize bias. Techniques such 

as adversarial training, which exposes models to 

artificially generated anomalies during training, have 

also been shown to reduce false-positive rates (Gambs 

et al., 2012; Pinkas, 2002). Furthermore, Dash et al. 

(2021) recommend integrating explainable AI (XAI) 

approaches to improve transparency, enabling financial 

institutions to identify and address biases within 

models. While these strategies are promising, 

addressing biases and false positives remains an 

ongoing priority for enhancing the reliability and 

fairness of AI systems in cloud banking environments. 

 AI for Automated Compliance and Regulatory 

Alignment 

AI also plays a central role in automating audit trails and 

enabling real-time reporting mechanisms, essential for 

achieving transparency in cloud banking environments. 

Traditional compliance audits are labor-intensive and 

prone to inaccuracies, whereas AI-driven systems 

provide continuous monitoring and automated logging 

of all data transactions (Radanliev & De Roure, 2021). 

These tools generate immutable audit trails that enhance 

accountability and facilitate forensic investigations in 

the event of breaches or irregularities (Abu Naser et al., 

2015; Curzon et al., 2021). For instance, automated 

reporting powered by AI enables financial institutions 

to produce compliance documentation aligned with 

GDPR and CCPA requirements in real time (Ghandour, 

2021). Furthermore, AI systems offer predictive 

insights into potential compliance gaps by analyzing 

historical audit data, allowing organizations to take 

proactive measures (Chowdhury et al., 2017; Rahwan, 

2017). 

Maintaining accountability in data governance has 

emerged as a significant challenge in cloud banking, 

and AI-driven solutions have proven instrumental in 

addressing this concern. AI enables continuous 

surveillance of data flows, ensuring that organizations 

adhere to privacy policies and regulatory guidelines 

(Wamba-Taguimdje et al., 2020). AI-powered 

governance frameworks facilitate role-based access 

controls, ensuring that only authorized personnel can 

access sensitive financial data (Radanliev et al., 2021; 

Shneiderman, 2020). Machine learning models detect 

unauthorized access attempts or unusual data 

movements, enabling organizations to maintain 

comprehensive accountability for data handling 

practices (Olukunle Oladipupo et al., 2024; Vedapradha 

& Ravi, 2021). By automating governance tasks such as 

data classification, retention, and disposal, AI 

significantly reduces the risks of regulatory breaches 

and ensures that financial institutions operate with 

transparency and integrity (Radanliev et al., 2021). 

The effectiveness of AI-powered compliance tools is 

well-documented in the literature. Studies by Radanliev 

et al. (2021) and Adedoyin Tolulope et al. (2024) 

emphasize that AI systems have significantly improved 

compliance efficiency, reducing the time and costs 

associated with manual audits. Elzamly, Hussin and 

Basari (2016) found that AI-powered reporting 
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mechanisms enhanced transparency and accuracy by 

automating regulatory documentation processes. 

Furthermore, research by Almutairi and Nobanee 

(2020) and Al-Dosari et al. (2022) highlights AI’s role 

in maintaining data privacy while ensuring regulatory 

alignment, particularly in highly regulated industries 

such as banking. Although challenges remain, such as 

data localization concerns and algorithmic biases, AI’s 

contribution to automating compliance and enhancing 

governance is pivotal in addressing the dynamic 

regulatory landscape of cloud banking (Almutairi & 

Nobanee, 2020; Ryzhkova et al., 2020). 

 Comparative Analysis of AI Solutions in 

Financial Institutions 

Artificial Intelligence (AI) solutions have been widely 

adopted by major global financial institutions to address 

data privacy and enhance operational efficiency. 

Comparative studies reveal that AI-driven privacy 

solutions, such as advanced encryption techniques, 

anomaly detection systems, and automated compliance 

tools, have been implemented with varying levels of 

success across institutions. For instance, banks in North 

America and Europe have prioritized AI-enhanced 

encryption methods like homomorphic encryption to 

secure sensitive financial data without compromising 

usability. Meanwhile, Asian financial institutions have 

emphasized federated learning models to enable secure 

multi-party data sharing without violating privacy 

regulations. These regional variations underscore the 

influence of regulatory requirements and technological 

priorities in shaping the adoption of AI solutions for 

privacy preservation in cloud banking.Moreover, the 

success factors of AI-driven privacy solutions in 

financial institutions often hinge on technological 

robustness, scalability, and regulatory alignment. 

According to Almutairi and Nobanee (2020), banks that 

successfully implemented AI privacy tools focused on 

enhancing real-time data monitoring and threat 

detection capabilities. For example, institutions like 

JPMorgan Chase and HSBC reported significant 

reductions in data breaches after deploying AI-based 

anomaly detection systems that identify irregular access 

patterns and suspicious activities (Al-Dosari et al., 

2022). In contrast, financial organizations that lacked 

robust AI training datasets or faced resource constraints 

experienced higher false positives and limited 

effectiveness in detecting emerging threats (Al-Dosari 

et al., 2022). Key success indicators included reduced 

false-positive rates, increased encryption efficiency, 

and improved compliance with data privacy standards 

such as GDPR and CCPA. 

Comparative analyses of AI implementation also 

emphasize the role of key performance indicators 

(KPIs) in evaluating the success of privacy solutions. 

Financial institutions commonly assess AI performance 

based on metrics such as detection accuracy, response 

time, regulatory compliance scores, and customer 

satisfaction levels . For example, Vernon (2014) found 

that AI solutions that improved threat detection 

accuracy by over 90% were more likely to gain adoption 

in large-scale financial systems. Similarly, Caldwell et 

al. (2020) reported that homomorphic encryption-

enhanced AI models achieved faster computational 

performance and greater privacy preservation, making 

them highly effective for cloud banking applications. 

Institutions that successfully balanced privacy 

preservation with operational efficiency demonstrated 

improved customer trust and lower cybersecurity-

related costs (Al-Dosari et al., 2022; Caldwell et al., 

2020). The comparative analysis highlights significant 

challenges and variations in the adoption of AI solutions 

among financial institutions. While global banks have 

made strides in leveraging AI for privacy preservation, 

disparities persist in implementation outcomes due to 

differences in technological infrastructure, regulatory 

environments, and organizational readiness (Al-Dosari 

et al., 2022; Almutairi & Nobanee, 2020). Studies by 

Kaloudi and Li (2020) and Almutairi and Nobanee 

(2020) point to a lack of interoperability between legacy 

systems and AI technologies as a barrier to adoption in 

some institutions. Furthermore, resource-intensive 

implementation processes and algorithmic biases have 

created challenges, particularly for mid-tier banks with 

limited financial and technical capabilities. Despite 

these obstacles, the comparative analysis underscores 

the growing reliance on AI to strengthen data privacy 

and demonstrates the need for continuous innovation 

and adaptation to emerging privacy challenges in cloud 

banking. 
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3 METHOD 

This study adhered to the Preferred Reporting Items for 

Systematic Reviews and Meta-Analyses (PRISMA) 

guidelines to ensure a systematic, transparent, and 

rigorous review process. A comprehensive search was 

conducted across academic databases, including 

Scopus, Web of Science, IEEE Xplore, Google Scholar, 

and PubMed, using carefully constructed search strings 

with Boolean operators such as “Artificial Intelligence” 

AND “Threat Detection,” “AI” AND “Anomaly 

Detection” AND “Cloud Banking,” and similar 

variations. The search was limited to peer-reviewed 

articles, conference proceedings, and case studies 

published between 2014 and 2024 in English, yielding 

an initial pool of 1,128 articles after duplicate removal. 

The screening process was performed in two steps: 

title/abstract screening and full-text review. Articles 

were included if they focused on AI-driven techniques 

(e.g., machine learning, deep learning) for anomaly 

detection, real-time monitoring, or cybersecurity in  

 

 

 

cloud banking or financial systems. This resulted in 545 

articles passing the first stage, which were further  

subjected to full-text screening, where irrelevant, low-

detail, or duplicate studies were excluded, reducing the 

total to 184 articles. To ensure quality and rigor, the 

remaining articles were assessed using the Critical 

Appraisal Skills Programme (CASP) checklist and a 

modified scoring tool based on relevance, 

methodological rigor, empirical evidence, and bias 

minimization. Articles scoring below 60% were 

excluded, leaving 62 high-quality studies for the 

review. Data were extracted systematically using a 

structured form, capturing key information such as 

author(s), year, AI models or techniques, application 

domains, findings, and performance metrics. The 

extracted data were then categorized thematically, 

enabling a comprehensive synthesis of AI techniques 

and their role in anomaly detection and cybersecurity in 

cloud banking. This approach ensured a 

methodologically robust and transparent review process 

Figure 5 : AI Solutions in Financial Institutions: A Comparative Analysis 
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while facilitating the identification of key trends and 

insights from the literature. 

4 FINDINGS 

The systematic review revealed that Artificial 

Intelligence (AI) plays a transformative role in 

enhancing threat detection and anomaly monitoring 

within cloud banking systems. Of the 62 reviewed 

studies, 48 highlighted the effectiveness of AI-driven 

models in improving the accuracy and speed of anomaly 

detection. Machine learning algorithms, including 

supervised, unsupervised, and deep learning techniques, 

demonstrated an ability to identify patterns and 

deviations in large financial datasets with a success rate 

of up to 90%. Specifically, AI tools enabled real-time 

monitoring, reducing the average threat detection time 

by 70% compared to traditional systems. These findings 

suggest that AI’s ability to process vast, dynamic data 

streams enhances proactive threat identification, 

making it invaluable for safeguarding sensitive 

financial information. A significant finding was the role 

of anomaly detection techniques in reducing false 

positives, which have traditionally hampered the 

effectiveness of cybersecurity systems. Among the 62 

studies, 40 reported that AI-based anomaly detection 

methods, such as clustering and autoencoders, reduced 

false positives by up to 65%, improving operational 

efficiency. Neural network-based systems, in particular, 

were shown to minimize the misclassification of 

legitimate activities, ensuring that only genuine security 

threats were flagged. This improvement not only 

reduced the burden on cybersecurity teams but also 

enhanced system reliability, ultimately fostering greater 

trust in AI-enabled cloud banking systems. The review 

further identified AI’s capability to handle complex and 

large-scale data in real-time, with 45 studies 

emphasizing its scalability and adaptability. AI models 

successfully managed transactional data exceeding 

millions of records while maintaining performance and 

accuracy. Federated learning techniques were 

particularly effective for multi-institutional 

collaboration, allowing financial organizations to train 

models on decentralized data without exposing 

sensitive information. These approaches preserved 

privacy while enabling robust anomaly detection across 

institutions. Of the studies examined, 35 reported a 60% 

improvement in secure collaborative analytics, 

highlighting AI’s role in promoting data privacy 

without compromising analytical capabilities. Another 

key finding was the impact of AI in automating 

compliance and regulatory processes, ensuring that 

cloud banking systems met stringent privacy standards. 

Of the 62 studies, 42 showcased AI tools automating 

audit trails, generating real-time compliance reports, 

and identifying potential regulatory breaches. AI-driven 

compliance tools were found to improve reporting 

efficiency by 50% and reduce errors associated with 

manual audits. This automation not only ensured 

adherence to data privacy regulations, such as GDPR 

and CCPA, but also improved transparency in data 

handling practices. Financial institutions leveraging AI 

for compliance demonstrated stronger alignment with 

regulatory frameworks while mitigating the risk of fines 

and reputational damage. 

 

 Figure 6: Summary of the findings 
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The findings also revealed that advancements in 

encryption techniques, enhanced by AI, contributed 

significantly to data privacy in cloud banking systems. 

Of the reviewed articles, 37 emphasized the 

effectiveness of AI-enhanced encryption models, such 

as homomorphic encryption and secure multi-party 

computation, in protecting sensitive financial 

information. AI tools optimized encryption processes, 

reducing latency and computational overhead by up to 

45%, while ensuring that encrypted data remained 

usable for analysis. These advancements highlight AI’s 

ability to strike a balance between data privacy and 

usability, enabling secure financial transactions and 

analytics without exposing confidential information to 

potential breaches.Finally, the review underscored the 

challenges associated with AI models, particularly 

algorithmic biases and their impact on real-world 

implementations. Among the 62 studies, 28 addressed 

issues related to bias and false positives, which remain 

persistent challenges in AI-driven anomaly detection 

systems. While AI significantly improves threat 

detection accuracy, poorly trained models were found 

to amplify biases inherent in the training data, 

disproportionately flagging certain activities as threats. 

However, advancements in AI techniques, such as 

adversarial training and explainable AI, were reported 

in 22 studies as promising approaches for mitigating 

biases and improving model transparency. These 

findings highlight the need for ongoing refinement of 

AI models to ensure fairness, accuracy, and reliability 

in cloud banking environments. 

5 DISCUSSION 

The findings of this study reaffirm the transformative 

role of Artificial Intelligence (AI) in enhancing threat 

detection and anomaly monitoring within cloud banking 

systems, aligning with earlier studies that emphasize 

AI’s ability to address cybersecurity challenges. The 

reviewed literature demonstrates that AI-driven models 

can identify threats in real time with improved accuracy 

and reduced response time, as evidenced by the 70% 

improvement in detection speed. Earlier studies, such as 

those by Shokri and Shmatikov (2015) and Almutairi 

and Nobanee (2020) , similarly highlight AI’s capacity 

to process massive transactional datasets, flagging 

anomalies effectively. However, while these studies 

primarily focused on theoretical frameworks, the 

present findings provide empirical evidence showing 

the practical success of supervised and unsupervised 

learning models, such as neural networks and 

autoencoders, in improving anomaly detection 

accuracy. This comparison underscores AI’s growing 

reliability in real-world applications, particularly in 

cloud banking, where real-time monitoring is critical to 

addressing evolving cyber threats. Moreover, the 

reduction of false positives, a critical issue in 

cybersecurity, was another significant finding that 

aligns with earlier research while providing new 

insights. False positives, which often disrupt 

operational efficiency, were reduced by up to 65% 

through AI-based anomaly detection methods, a 

substantial improvement over traditional rule-based 

systems. Studies by Shneiderman (2020) and Geluvaraj 

et al. (2018) previously identified unsupervised 

machine learning techniques as promising solutions for 

reducing false positives. However, those studies lacked 

a quantitative assessment of their success in financial 

systems. This review bridges that gap by demonstrating 

the effectiveness of clustering and deep learning models 

in minimizing false alerts, which allows cybersecurity 

teams to focus on genuine threats. These findings 

support earlier arguments while expanding on the 

scalability of AI techniques, particularly in cloud 

banking environments where vast amounts of financial 

data must be processed efficiently. 

The role of AI in enabling privacy-preserving financial 

analytics and collaborative data sharing aligns with 

earlier findings but adds a layer of practical application 

through federated learning. Federated learning was 

shown to enable secure, multi-institutional 

collaboration without compromising data privacy, 

which supports findings by Adedoyin Tolulope et al. 

(2024) and Velmurugan et al. (2023). These earlier 

studies outlined the theoretical foundations of privacy-

preserving AI techniques but lacked practical evidence 

of their implementation in financial institutions. The 

present findings highlight a 60% improvement in secure 

collaborative analytics, providing concrete evidence of 

federated learning’s role in balancing data privacy with 

analytical utility. This comparison demonstrates the 

growing maturity of AI applications in cloud banking 

and highlights their potential for fostering secure data 

collaboration among financial institutions, a necessity 

in highly regulated environments. The findings on AI-

driven compliance automation further align with earlier 
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studies but provide more substantial evidence of its 

operational impact. AI tools improved compliance 

reporting efficiency by 50%, supporting Ryzhkova et al. 

(2020)’s assertion that AI enhances adherence to 

regulatory standards like GDPR and CCPA. Earlier 

studies primarily emphasized the conceptual benefits of 

AI in automating audit trails and ensuring transparency; 

however, this review presents empirical findings that 

demonstrate measurable improvements in reporting 

accuracy and reduced manual errors. These 

advancements position AI as a critical tool for financial 

institutions navigating increasingly complex regulatory 

landscapes. Additionally, the findings reveal that AI not 

only ensures regulatory compliance but also enhances 

transparency and accountability in data governance, 

echoing earlier conclusions while offering quantifiable 

evidence of AI’s role in compliance management. In 

addition, the findings related to algorithmic biases and 

false positives provide a nuanced perspective that builds 

upon existing research. While studies such as Olukunle 

Oladipupo et al. (2024)  and Almutairi and Nobanee 

(2020) acknowledge the challenges posed by 

algorithmic biases in AI models, this review adds new 

insights by quantifying their impact in cloud banking 

systems. The identification of biases leading to skewed 

results and misclassifications highlights a persistent 

challenge that earlier studies identified but did not 

address empirically. The present review shows that 

advancements like adversarial training and explainable 

AI (XAI) are promising solutions, reported in 22 studies 

as effective strategies for mitigating these biases. This 

comparison underscores the need for ongoing model 

refinement and data diversity to enhance fairness and 

reliability in AI systems. Addressing these challenges 

will be critical to ensuring AI’s successful and ethical 

integration into cloud banking. 

6 CONCLUSION 

This systematic review highlights the transformative 

potential of Artificial Intelligence (AI) in strengthening 

threat detection, anomaly monitoring, and data privacy 

in cloud banking systems. AI-driven models, including 

supervised, unsupervised, and deep learning techniques, 

have proven highly effective in identifying anomalies in 

real time, reducing detection time by up to 70% and 

minimizing false positives by 65%, thus addressing 

significant challenges faced by traditional cybersecurity 

systems. The integration of federated learning and 

advanced encryption techniques, such as homomorphic 

encryption, enables secure multi-institutional 

collaboration and data processing without 

compromising privacy, striking a critical balance 

between analytical utility and confidentiality. 

Furthermore, AI’s role in automating compliance 

processes has demonstrated measurable improvements 

in reporting accuracy and regulatory alignment, 

enhancing transparency and operational efficiency for 

financial institutions. However, challenges such as 

algorithmic biases and the need for continuous 

refinement of AI models underscore the importance of 

ongoing innovation and ethical considerations in AI 

deployment. By bridging gaps between theoretical 

frameworks and practical implementation, this study 

reaffirms AI’s pivotal role in safeguarding sensitive 

financial information, fostering trust, and ensuring the 

resilience of cloud banking systems in an increasingly 

complex cybersecurity landscape. 
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