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Abstract- The increasing reliance on machine 

learning (ML) in financial services for fraud 

detection, risk assessment, and personalized banking 

introduces significant privacy and security 

challenges. Traditional ML models operate on 

centralized financial data, making them susceptible 

to cyber threats, data breaches, and regulatory non-

compliance. Privacy-enhancing machine learning 

(PEML) techniques, including differential privacy, 

homomorphic encryption, and federated learning, 

offer solutions by allowing financial institutions to 

leverage AI-driven insights while maintaining data 

confidentiality and regulatory compliance. This 

paper explores the strengths, weaknesses, and use 

cases of various privacy-preserving ML methods and 

examines their role in secure cross-institutional data 

collaboration. Additionally, emerging trends such as 

blockchain-integrated identity verification, 

quantum-safe encryption, and AI-driven compliance 

automation are analyzed to highlight the future 

direction of privacy-enhanced AI in financial 

services. Despite their advantages, PEML techniques 

face challenges related to scalability, computational 

overhead, and adversarial security risks, 

necessitating further research and regulatory 

standardization. By implementing privacy-focused 

AI solutions, financial institutions can achieve a 

balance between innovation, security, and ethical 

data governance, ensuring a more resilient and 

transparent financial ecosystem. 

 

Indexed Terms-  Privacy-preserving machine 

learning, financial data security, federated learning, 

homomorphic encryption and AI-driven compliance. 

 

I. INTRODUCTION 

 

The financial sector has increasingly adopted machine 

learning (ML) algorithms for fraud detection, credit 

risk assessment, algorithmic trading, and personalized 

banking. However, these advancements come with 

significant privacy risks, as ML models require vast 

amounts of sensitive financial data, including 

customer transactions, credit histories, and identity 

verification records(Patil, 2024). Traditional data 

protection mechanisms, such as data masking and 

anonymization, have proven insufficient, as advanced 

techniques like re-identification attacks can 

reconstruct anonymized datasets. Additionally, 

financial institutions must comply with strict data 

privacy regulations, including the General Data 

Protection Regulation (GDPR), California Consumer 

Privacy Act (CCPA), and Payment Services Directive 

2 (PSD2), which impose stringent restrictions on how 

customer financial data is collected, stored, and 

processed(Isealet al., 2025). These challenges 

necessitate the development and adoption of privacy-

enhancing machine learning (PEML) algorithms that 

allow financial firms to harness the power of AI while 

safeguarding customer confidentiality and regulatory 

compliance(Mishra et al., 2024). 

Samaraweera, (2022) posit that Privacy-enhanced 

machine learning is critical for financial services 

because traditional ML models operate on centralized 

databases, creating a single point of failure and 

increasing the risk of data breaches, insider threats, 

and cyberattacks. The finance industry is particularly 

vulnerable to these risks, as evidenced by major data 

breaches, such as the Equifax hack of 2017, which 

exposed the personal financial records of over 147 

million individuals. Privacy-preserving ML 

techniques, such as differential privacy, homomorphic 

encryption, and federated learning, allow financial 

institutions to train ML models on encrypted or 

decentralized datasets without compromising 

customer data security (Ariyibiet al., 2024). These 

techniques ensure that banks, insurance companies, 
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and financial technology (FinTech) firms can leverage 

AI-driven insights for fraud detection and risk analysis 

while maintaining data privacy and regulatory 

compliance(Soykanet al., 2022). 

Olowu et al., (2024) explained that another crucial 

aspect of privacy-enhanced ML is its role in cross-

institutional data collaboration. Financial institutions 

often need to share data across banks, credit bureaus, 

and regulatory agencies for purposes such as anti-

money laundering (AML) compliance and fraud 

detection. However, direct data sharing raises legal 

and ethical concerns about customer data exposure and 

third-party misuse. Privacy-preserving ML models, 

particularly federated learning, enable multiple 

institutions to collaboratively train AI models on 

decentralized datasets without sharing raw financial 

information(Tayebi Arasteh et al., 2023). This fosters 

secure data collaboration, allowing firms to enhance 

their predictive capabilities while complying with data 

protection laws. 

The financial industry is already recognizing the 

importance of privacy-enhanced ML, with leading 

banks and FinTech companies investing in privacy-

preserving AI solutions(Gbadebo et al., 2024). A 2023 

Deloitte report found that 78% of financial institutions 

consider privacy-preserving AI essential for 

regulatory compliance and secure data processing. 

Additionally, the global AI in financial services 

market is projected to grow from $9.4 billion in 2022 

to $26.6 billion by 2027, with a significant portion of 

this growth attributed to privacy-enhancing AI 

solutions(Adakoet al., 2024). Companies like Visa and 

Mastercard have started using federated learning for 

fraud detection, while JPMorgan Chase and Bank of 

America are experimenting with homomorphic 

encryption for secure transaction analysis. 

Adeusi et al., (2024) posit that Moreover, government 

agencies and regulatory bodies are encouraging the 

adoption of privacy-enhancing AI in financial 

services. For example, the Financial Action Task 

Force (FATF) has emphasized the importance of 

privacy-preserving technologies in combating money 

laundering and financial crime, advocating for secure 

AI-driven compliance monitoring. Similarly, the 

European Banking Authority (EBA) has urged 

financial institutions to implement privacy-enhanced 

data analytics to ensure both security and fairness in 

AI-driven credit scoring and lending decisions(Arora 

et al., 2025). These trends underscore the growing 

recognition of privacy-enhanced ML as a fundamental 

requirement for the future of AI in financial services. 

In this paper, we will explore various privacy-

enhancing ML techniques, including differential 

privacy, homomorphic encryption, and federated 

learning, evaluating their strengths, weaknesses, and 

real-world applications in financial services. 

Additionally, we will analyze the challenges of 

implementing privacy-preserving AI, such as 

computational costs, regulatory complexities, and 

adversarial attacks, and discuss emerging trends such 

as blockchain-integrated AI and quantum-safe 

encryption. By understanding these privacy-enhanced 

ML approaches, financial institutions can achieve a 

balance between AI innovation, data security, and 

regulatory compliance, ensuring a more secure and 

transparent financial ecosystem. 

II. PRIVACY-PRESERVING MACHINE 

LEARNING TECHNIQUES IN FINANCIAL 

SERVICES 

2.1 Differential Privacy in Financial ML 

Differential privacy (DP) is a privacy-enhancing 

technique that introduces mathematical noise into 

machine learning (ML) models to protect individual 

data points while preserving overall analytical 

value(Razi et al., 2025). In financial services, where 

ML models process sensitive customer data such as 

transaction histories, credit scores, and risk 

assessments, differential privacy ensures that no single 

individual’s data can be distinguished or reconstructed 

from the model’s outputs(Olawale et al 2020). This is 

achieved by injecting controlled randomness into 

query results, making it mathematically impossible to 

determine whether any specific data record was used 

in model training (Nnenna et al., 2025). Differential 

privacy is widely applied in customer analytics, fraud 

detection, and credit risk modeling, enabling financial 

institutions to derive insights from vast datasets 

without exposing personally identifiable information 

(PII)(Chang et al., 2023). 

Ariyibi et al.,(2024) opined that one of the key 

strengths of differential privacy is that it provides 
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formal, mathematically provable privacy guarantees, 

ensuring regulatory compliance with data protection 

laws like GDPR, CCPA, and PSD2. Unlike traditional 

anonymization techniques, which can be vulnerable to 

re-identification attacks, DP ensures that even if an 

attacker gains access to anonymized ML model 

outputs, they cannot reconstruct individual customer 

data. This makes DP particularly valuable in banking, 

insurance, and investment platforms, where financial 

institutions must strike a balance between leveraging 

AI for risk assessment and protecting user 

privacy(Majeed et al., 2022). Additionally, DP 

supports secure cross-bank data collaboration, 

allowing multiple financial organizations to train 

shared ML models on aggregated data while 

preserving confidentiality. 

Despite its advantages, differential privacy comes with 

a trade-off between privacy and model accuracy. The 

introduction of noise into ML models can reduce 

prediction accuracy, especially in highly sensitive 

financial applications like loan approvals, credit 

scoring, and fraud detection, where precision is critical 

(Li et al., 2022). Financial institutions must carefully 

fine-tune privacy budgets (ε values)—a parameter that 

controls the level of noise added—to achieve a balance 

between strong privacy protections and model 

usability. If too much noise is introduced, model 

accuracy declines, making predictions less reliable. 

On the other hand, if the privacy budget is too low, 

privacy guarantees weaken, potentially exposing 

sensitive customer information(Blanco-Justicia et al., 

2022). 

Olowu et al., (2024) explained that one of the most 

promising use cases of differential privacy in financial 

services is privacy-preserving customer analytics and 

credit risk modeling. Banks and credit bureaus can 

leverage DP-powered ML models to assess customer 

spending patterns, creditworthiness, and default risk 

without exposing individual transaction details. This is 

particularly beneficial for alternative credit scoring 

systems, where financial institutions assess loan 

eligibility for customers without traditional credit 

histories(Djeundjeet al., 2021). By integrating DP into 

cloud-based financial data platforms, institutions can 

conduct large-scale analytics on encrypted customer 

datasets, ensuring both compliance with privacy 

regulations and data-driven financial decision-

making. 

2.2 Homomorphic Encryption for Secure Computation 

Al-Janabiet al., (2023) viewed that homomorphic 

encryption (HE) is a cryptographic technique that 

allows machine learning (ML) models to perform 

computations on encrypted financial data without 

needing to decrypt it. Unlike traditional encryption 

methods, where data must be decrypted before 

analysis—creating potential security risks—HE 

enables financial institutions to train AI models and 

conduct analytics on fully encrypted datasets(Krishna 

et al., 2024). This is particularly valuable in financial 

services, where institutions handle highly sensitive 

customer information, such as bank transactions, 

credit card usage, and investment portfolios. By using 

HE, banks and FinTech companies can detect 

fraudulent activities, assess credit risk, and conduct 

regulatory audits without exposing raw customer data 

to third-party analysts or cloud computing providers 

(Gandhi et al., 2025). 

The primary strength of homomorphic encryption is 

that it ensures end-to-end data confidentiality 

throughout the ML processing pipeline(Podschwadtet 

al., 2022). This makes HE an ideal solution for secure 

multi-party computations, where different financial 

entities—such as banks, insurers, and regulators—

must collaborate on fraud detection and anti-money 

laundering (AML) efforts while maintaining data 

privacy and regulatory compliance(Adakoet al., 

2024). HE also eliminates the risk of insider threats, as 

encrypted data remains unreadable even to analysts 

conducting ML computations. Additionally, HE 

enhances compliance with GDPR, CCPA, and PSD2, 

allowing institutions to process financial data securely 

without violating data-sharing restrictions. 

However, despite its strong security benefits, 

homomorphic encryption has significant 

computational overhead, making it challenging for 

real-time financial applications(Mollakuqe et al., 

2024). Fully homomorphic encryption (FHE), which 

allows unlimited encrypted computations, is 

extremely resource-intensive, requiring large-scale 

computational power that slows down ML model 

training and inference. Even more efficient forms, 

such as partially homomorphic encryption (PHE) and 
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somewhat homomorphic encryption (SHE), still 

introduce latency issues, making them impractical for 

high-frequency trading, instant fraud detection, and 

real-time payment verifications(Mohamed, 2025). As 

a result, financial institutions must carefully balance 

security and performance by optimizing HE 

techniques and leveraging hybrid privacy-preserving 

ML solutions. 

One of the most promising use cases of homomorphic 

encryption in finance is secure fraud detection and 

encrypted transaction analysis. Banks can implement 

HE-powered ML models to analyze encrypted credit 

card transactions and identify fraudulent activities 

without decrypting customer data (Adeusi et al., 

2024). This is particularly useful for cross-border 

transaction monitoring, where financial institutions in 

different regulatory environments need to share 

encrypted insights without violating privacy 

laws(Olaiya et al.,2024). Additionally, HE can be used 

in secure cloud-based AI analytics, enabling banks to 

process large-scale financial data in encrypted form, 

reducing the risk of data leaks, unauthorized access, 

and regulatory non-compliance. 

2.3 Federated Learning for Decentralized Financial 

ML 

Federated learning (FL) is a privacy-preserving 

machine learning approach that allows multiple 

financial institutions to collaboratively train ML 

models without sharing raw data. Instead of 

transferring sensitive customer data to a central server, 

FL enables financial institutions to train local models 

on their own datasets and share only encrypted model 

updates with a central aggregator (Yang et al., 2020; 

Kairouzet al., 2021). This decentralized approach 

ensures that sensitive financial information, such as 

customer transactions, credit scores, and fraud 

detection patterns, never leaves an institution’s secure 

environment. FL is particularly valuable in regulated 

industries like finance, where strict data privacy laws 

(e.g., GDPR, CCPA, and PSD2) prevent organizations 

from directly sharing financial data for AI-driven 

analytics (Smith & Brown, 2023; European Banking 

Authority, 2025). 

A key strength of federated learning is its ability to 

enhance data security and regulatory compliance 

while still enabling large-scale AI model training 

across financial institutions (Nnenna et al., 2025). In 

traditional ML models, data centralization creates 

significant privacy risks and vulnerabilities to 

cyberattacks. FL eliminates this risk by ensuring that 

customer data remains distributed across participating 

banks, insurance companies, and credit bureaus 

(Bonawitz et al., 2020; Zhao et al., 2023). 

Additionally, FL is particularly useful in cross-border 

financial collaborations, where regulatory restrictions 

prohibit direct data sharing between banks in different 

jurisdictions (European Central Bank, 2024; Tan & 

Zhang, 2025). By training AI models on decentralized 

datasets, financial institutions can build robust fraud 

detection, credit scoring, and anti-money laundering 

(AML) models while adhering to privacy regulations 

(Wang et al., 2021; Chen & Wang, 2024). 

For example, FL has been successfully applied in 

fraud detection systems, where banks collaboratively 

train models to identify fraudulent transactions 

without exposing sensitive customer data (Liu et al., 

2022). Similarly, FL has been used to develop privacy-

preserving credit scoring models, enabling financial 

institutions to assess creditworthiness without sharing 

individual customer data (Li et al., 2022; Gupta & 

Kumar, 2024). These applications demonstrate the 

potential of FL to transform financial services while 

maintaining compliance with data protection laws. 

Industry adoption of FL is also growing rapidly, with 

leading banks, insurance companies, and fintech firms 

leveraging the technology to enhance their AI 

capabilities (Deloitte, 2023; McKinsey & Company, 

2025). As FL continues to evolve, it is expected to play 

a critical role in addressing the challenges of data 

privacy, security, and regulatory compliance in the 

financial sector. 

However, federated learning also comes with technical 

and security challenges. One of the major weaknesses 

of FL is higher communication overhead, as model 

updates must be frequently transmitted between 

participating institutions and the central aggregator. 

This can lead to latency issues in high-speed financial 

applications such as real-time fraud detection and 

high-frequency trading (Olawale et al., 2020). Another 

significant risk is model poisoning attacks, where 

malicious participants inject false or manipulated 

model updates into the FL training process, 
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compromising the overall system’s accuracy and 

security (Bonawitz et al., 2020; Chen & Wang, 2024). 

To mitigate these risks, financial institutions must 

implement secure aggregation techniques, anomaly 

detection mechanisms, and differential privacy 

enhancements to ensure the integrity of federated 

learning models (Yang et al., 2020; Smith & Brown, 

2023). 

A powerful use case of federated learning in finance is 

decentralized fraud detection and cross-bank AML 

compliance. Traditional fraud detection models are 

often limited by data silos, preventing financial 

institutions from accessing comprehensive fraud 

patterns across multiple banks (Liu et al., 2022). With 

FL, banks can collaboratively train fraud detection 

models on encrypted data from multiple institutions, 

allowing them to detect suspicious transaction 

behaviors more effectively (Wang et al., 2021). 

Similarly, FL enables cross-bank AML models, 

helping financial regulators and financial institutions 

identify money laundering patterns across global 

banking networks while preserving customer privacy 

and data sovereignty (European Central Bank, 2024; 

Tan & Zhang, 2025). These applications highlight the 

transformative potential of FL in addressing critical 

challenges in the financial sector, such as fraud 

prevention and regulatory compliance, while 

maintaining strict adherence to data privacy laws 

(Deloitte, 2023; McKinsey & Company, 2025). 

III. COMPARATIVE ANALYSIS OF 

PRIVACY-ENHANCED ML TECHNIQUES 

 

 

IV. CHALLENGES IN ADOPTING PRIVACY-

ENHANCED ML IN FINANCE 

One of the biggest challenges in deploying privacy-

enhanced machine learning (PEML) models in finance 

is ensuring compliance with strict regulatory 

frameworks such as the General Data Protection 

Regulation (GDPR), California Consumer Privacy Act 

(CCPA), and Payment Services Directive 2 

(PSD2)(Abbas et al., 2023). These regulations 

mandate that customer financial data must be 

processed securely, stored responsibly, and protected 

against unauthorized access. Privacy-preserving 

techniques like differential privacy, homomorphic 

encryption, and federated learning help financial 

institutions meet these requirements, but 

implementing them at scale is complex and resource-

intensive(Dawson, 2024). Additionally, regulators 
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often require that AI-driven financial decisions (e.g., 

credit scoring and fraud detection) be explainable and 

unbiased, posing further challenges for black-box 

privacy-enhanced ML models. 

Mercurio & Yu, (2022) explained that another major 

hurdle is cross-border financial data sharing, as 

different countries have conflicting regulations on 

how customer data can be collected, stored, and 

analyzed. For example, EU-based banks must comply 

with GDPR’s strict data localization laws, while U.S. 

financial institutions follow a different set of privacy 

and reporting standards. This inconsistency makes it 

difficult for multinational financial organizations to 

collaborate on AI-driven fraud detection and anti-

money laundering (AML) initiatives (Ariyibiet al., 

2024). Privacy-enhanced ML techniques, such as 

federated learning, allow decentralized model training 

without direct data sharing, but even these approaches 

must be carefully tailored to comply with regional data 

governance laws (David &Edoise 2025). 

A critical issue in the adoption of privacy-enhanced 

ML is the lack of standardization across financial 

institutions. While some banks and FinTech 

companies have begun integrating privacy-preserving 

AI techniques, there are no universally accepted 

frameworks for implementing these models securely 

and efficiently (Yang et al., 2020; Kairouz et al., 

2021). This creates inconsistencies in model 

performance, security protocols, and regulatory 

compliance (Smith & Brown, 2023; European 

Banking Authority, 2025). To address this challenge, 

financial organizations need global standards for 

privacy-enhancing AI, similar to initiatives like 

ISO/IEC 27701 for privacy management and NIST AI 

Risk Management Framework for ethical AI 

governance (Deloitte, 2023; McKinsey & Company, 

2025). Establishing industry-wide best practices will 

ensure that financial institutions can adopt PEML 

solutions confidently, balancing innovation, security, 

and compliance in a rapidly evolving regulatory 

landscape. 

4.1 Scalability & Performance Trade-offs 

One of the major challenges in deploying privacy-

enhanced machine learning (PEML) models in 

financial services is the high computational overhead 

associated with encrypted ML processing(Abbas et 

al., 2023). Techniques like homomorphic encryption 

(HE) allow ML models to analyze financial data while 

keeping it encrypted, ensuring strong data 

confidentiality. However, this comes at a cost—fully 

homomorphic encryption (FHE) is computationally 

intensive, making it impractical for real-time 

applications such as high-frequency trading (HFT), 

instant fraud detection, and payment 

processing(Akhtar et al., 2021). Even optimized forms 

like partially homomorphic encryption (PHE) require 

significant computing power, which can lead to 

latency issues and increased infrastructure costs for 

financial institutions relying on rapid AI-driven 

decision-making. 

Another key scalability issue is the trade-off between 

model accuracy and privacy guarantees in differential 

privacy (DP). DP ensures data anonymity by adding 

mathematical noise to ML models, preventing 

sensitive information from being extracted (Dwork et 

al., 2006; Abadi et al., 2016). However, as privacy 

levels increase, model accuracy tends to decline, 

which can negatively impact credit risk assessment, 

fraud detection, and loan approval models (Liu et al., 

2022; Chen & Wang, 2024). Financial institutions 

must carefully fine-tune privacy budgets (ε-values) to 

strike a balance between protecting customer data and 

maintaining ML model reliability (Kairouz et al., 

2021; Zhao et al., 2023). Additionally, DP-based 

models often require retraining on updated financial 

datasets, which can introduce additional 

computational complexity and slow down deployment 

in dynamic financial environments (Yang et al., 2020; 

Deloitte, 2023). 

Federated learning (FL) presents another scalability 

challenge due to high communication costs in large-

scale banking networks (David &Edoise 2025). Since 

FL operates by training ML models across multiple 

financial institutions without sharing raw data, 

frequent synchronization of encrypted model updates 

between participating nodes can create network 

congestion and processing delays(Wen et l., 2023). In 

a financial ecosystem where banks, insurers, and 

regulators collaborate on anti-money laundering 

(AML) initiatives and fraud detection, this overhead 

can slow down AI decision-making. To mitigate these 

performance trade-offs, financial institutions must 

explore edge computing, model compression, and 
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secure aggregation techniques to enhance the 

efficiency of federated learning while maintaining 

robust privacy protections(Gadekalluet al., 2021). 

4.2 Security Threats in Privacy-Preserving Machine 

Learning for Finance 

Despite their advantages, privacy-preserving machine 

learning (PEML) techniques are not immune to 

security threats. One major risk in differential privacy 

(DP)-based systems is model inversion and 

reconstruction attacks, where adversaries attempt to 

extract sensitive financial data by analyzing the 

model’s outputs(Amiri et al., 2023). Even though DP 

introduces mathematical noise to obscure individual 

data points, sophisticated attackers can still reverse-

engineer the noise patterns to infer private 

information, such as customer transaction histories or 

credit scores. This is particularly concerning for credit 

risk modeling and fraud detection systems, where 

attackers could exploit AI-generated decisions to 

reconstruct financial behaviors and gain unauthorized 

access to sensitive data. Financial institutions must 

implement stronger privacy budgets (ε-values) and 

advanced noise mechanisms to minimize these risks 

(Olowu et al., 2024). 

Adakoet al., (2024) posit that homomorphic 

encryption (HE), while offering unmatched data 

confidentiality, faces a long-term security challenge 

with the rise of quantum computing. Current 

encryption schemes rely on mathematical problems 

that are computationally infeasible for classical 

computers to solve, but quantum algorithms, such as 

Shor’s algorithm, could break these encryptions in the 

future(Tom et al., 2023). This poses a serious risk to 

secure financial transactions, encrypted AI models, 

and blockchain-based banking applications that rely 

on HE. To counteract this, financial institutions must 

begin exploring post-quantum cryptography (PQC)—

including lattice-based encryption and quantum-

resistant key exchanges—to ensure their PEML 

systems remain secure in a post-quantum financial 

landscape (Sood, 2024). 

Adeusiet al., (2024) opined that Federated learning 

(FL), despite enhancing data privacy through 

decentralized model training, is vulnerable to model 

poisoning attacks, where malicious participants inject 

corrupted updates into the model to manipulate its 

predictions. In financial applications such as anti-

money laundering (AML) systems and fraud 

detection, an attacker could introduce biased data to 

weaken the model’s ability to detect suspicious 

activities, potentially enabling fraudulent transactions 

to bypass detection(Goecks et al., 2022). To mitigate 

these risks, financial institutions should adopt secure 

aggregation techniques, anomaly detection 

algorithms, and differential privacy-enhanced FL 

models to ensure only legitimate contributions are 

incorporated into AI training. Strengthening 

adversarial defenses and conducting continuous 

security audits will be essential to maintaining the 

integrity of privacy-preserving ML in 

finance(Dumitrescu et al., 2022). 

V. FUTURE TRENDS IN PRIVACY-

ENHANCED ML FOR FINANCIAL 

SERVICES 

Olawale et al., (2020) sid that One of the most 

transformative advancements in privacy-enhanced 

machine learning (PEML) for financial services is the 

integration of AI and blockchain for decentralized 

identity verification. Traditional identity verification 

methods rely on centralized databases, making them 

vulnerable to fraud, data breaches, and insider threats. 

By combining machine learning with blockchain 

technology, financial institutions can implement self-

sovereign identity (SSI) frameworks, where customers 

control their personal and financial data using 

cryptographically secured decentralized identifiers 

(DIDs) (Goecks et al., 2022). Blockchain ensures 

tamper-proof identity verification, while ML 

algorithms analyze behavioral patterns and 

transactional data to detect fraudulent activity in real 

time. This approach reduces identity fraud, enhances 

KYC (Know Your Customer) processes, and improves 

regulatory compliance without exposing sensitive data 

to third parties (Bello et al., 2025). 

Another significant trend is the use of smart contract-

based federated learning (FL) models for privacy-

preserving AI applications in finance. Traditional FL 

relies on centralized aggregators to coordinate AI 

model updates, which introduces trust and security 

concerns (Yang et al., 2020; Kairouzet al., 2021). By 

integrating smart contracts on blockchain, FL models 

can be managed decentrally, allowing financial 
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institutions to collaboratively train fraud detection and 

credit scoring models without requiring a trusted 

central authority (Zhang & Li, 2023; European Central 

Bank, 2024). Smart contracts automate data-sharing 

permissions, enforce compliance rules, and verify 

model contributions from participating institutions. 

This not only enhances transparency and trust in 

privacy-preserving AI systems but also enables cross-

border regulatory-compliant data collaboration for 

anti-money laundering (AML) and financial crime 

prevention (Wang et al., 2021; Tan & Zhang, 2025). 

As quantum computing advances, financial 

institutions must prepare for the potential security 

risks it poses to current cryptographic standards used 

in ML models (Zhao et al., 2023). Quantum-safe 

homomorphic encryption (HE) is emerging as a 

solution to mitigate post-quantum threats, ensuring 

that AI models can process encrypted financial data 

securely, even in the face of quantum-enabled attacks 

(Chen & Wang, 2024; Deloitte, 2023). Additionally, 

financial organizations are exploring lattice-based 

cryptographic techniques, which provide post-

quantum security while maintaining computational 

efficiency (McKinsey & Company, 2025). These 

advancements will be crucial in protecting ML-driven 

financial applications such as risk assessment, 

algorithmic trading, and transaction security from 

future quantum-based cyber threats (Yaw et al., 2025). 

Another key development is automated regulatory 

compliance using AI, which leverages machine 

learning to monitor and enforce data privacy 

regulations in financial transactions. AI-driven 

compliance monitoring tools can detect and mitigate 

data privacy risks in ML models, ensuring that 

financial institutions adhere to GDPR, CCPA, and 

PSD2 requirements(Balakrishnan, 2024). 

Additionally, smart contracts can be integrated for 

real-time auditing, automatically verifying whether 

transactions meet compliance standards before 

execution. This approach reduces regulatory penalties, 

improves reporting accuracy, and enhances 

transparency in financial ecosystems. As AI-powered 

compliance automation matures, it will become a 

cornerstone of secure, privacy-preserving financial AI 

systems, allowing organizations to balance innovation, 

security, and legal accountability(Tom et al., 2023). 

CONCLUSION & RECOMMENDATIONS 

Privacy-enhanced machine learning (PEML) is 

becoming an essential component of secure financial 

data processing, ensuring compliance with strict 

regulatory frameworks while enabling AI-driven 

decision-making. Traditional ML models pose privacy 

risks, as they rely on centralized data storage and are 

susceptible to breaches, insider threats, and misuse. 

Hybrid privacy-preserving techniques, such as 

federated learning (FL) combined with differential 

privacy (DP), provide an optimal balance between 

security and model performance. Additionally, the 

integration of blockchain for identity verification and 

quantum-safe cryptography for future-proofing AI 

models will shape the next generation of privacy-

focused financial technology. 

For researchers, the continued development of hybrid 

privacy-preserving ML frameworks is crucial. 

Advancements in homomorphic encryption, zero-

knowledge proofs (ZKPs), and secure federated 

learning will further strengthen financial data security 

while maintaining efficiency and compliance. 

Additionally, the study of AI-driven compliance 

automation will help financial institutions detect and 

mitigate privacy risks in real time. Research should 

also focus on optimizing privacy-enhancing ML 

techniques for real-time financial applications, 

ensuring that fraud detection, credit risk analysis, and 

AML models remain both secure and efficient. 

Financial practitioners must adopt federated learning 

for decentralized fraud detection, enabling secure 

collaboration among banks and regulators while 

complying with banking laws. Implementing 

differential privacy in customer analytics will enhance 

data privacy without compromising predictive 

accuracy. Additionally, integrating AI and blockchain-

based identity verification can significantly reduce 

financial fraud, identity theft, and money laundering 

risks. By incorporating these privacy-enhancing ML 

solutions, financial institutions can ensure secure, 

transparent, and regulatory-compliant AI-driven 

financial ecosystems. 
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