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Abstract: 

This paper addresses the technical and regulatory challenges of building secure data pipelines to support 

federated learning (FL), where models train collaboratively across multiple organizations without sharing 

raw data. The paper explores privacy-preserving data engineering techniques such as differential privacy, 

homomorphic encryption, and secure aggregation within ETL frameworks. It outlines an architecture for 

orchestrating decentralized dataflows that comply with GDPR, HIPAA, and other regulatory standards 

while enabling cross-institutional AI innovation. By integrating secure connectors, encrypted model 

updates, and audit logging, the proposed pipeline design ensures both data protection and analytic utility, 

providing a blueprint for responsible AI deployment in healthcare, finance, and government sectors. 
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1. INTRODUCTION 

The need for collaborative artificial intelligence (AI) has increased due to the widespread use of data-

driven decision-making across businesses, which has also raised serious privacy and regulatory issues. 

Federated Learning (FL) is a promising approach that preserves data locality and lowers privacy issues by 

allowing several entities to cooperatively train machine learning models without sharing raw data (Kairouz 

et al., 2021). The implementation of FL in regulated environments, such as healthcare under the Health 

Insurance Portability and Accountability Act (HIPAA), financial services under the Gramm-Leach-Bliley 

Act (GLBA), and general data processing under the General Data Protection Regulation (GDPR), poses 

significant technical and compliance challenges despite its theoretical benefits. 

 

The intricacies of secure data engineering are frequently ignored by current FL implementations, which 

regard privacy as an algorithmic issue rather than a systemic pipeline problem. Although privacy-

preserving methods like homomorphic encryption (HE) and differential privacy (DP) have been 

thoroughly researched separately (Dwork, 2008; Gentry, 2009), their incorporation into end-to-end 

Extract, Transform, Load (ETL) pipelines for FL has not received enough attention. Beyond cryptographic 

guarantees, regulatory frameworks also set particular criteria for data provenance, audit logging, access 

control, and breach reporting. 

 

This study proposes a complete safe data pipeline architecture to bridge the crucial gap between FL 

algorithms and regulated deployment environments. We make three contributions: (1) We introduce a 

privacy-preserving ETL framework created especially for cross-silo FL scenarios in regulated industries; 

(2) We implement and assess an integrated pipeline that combines secure aggregation, homomorphic 

encryption, and differential privacy with real-world datasets; and (3) We offer a regulatory compliance 

mapping that shows compliance with GDPR, HIPAA, and other pertinent standards. We demonstrate 
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through experimental validation that our method preserves model utility while offering verifiable security 

and compliance assurances. 

 

The rest of this document is structured as follows: Background information about FL and its regulations 

is given in Section 2. Our secure pipeline architecture is described in Section 3. Results of execution and 

evaluation are shown in Section 4. Limitations and future research are covered in Section 5, and 

conclusions are presented in Section 6. 

 

2. BACKGROUND AND RELATED WORK 

2.1. Federated Learning Fundamentals 

Federated learning is a distributed machine learning technique in which several clients work together to 

train a model under the supervision of a central server without exchanging local data (McMahan et al., 

2017). Global model distribution from server to clients, local training on client data, model update 

transmission from clients to server, and secure aggregation of updates to create a new global model are all 

iterative steps in the conventional FL process. FL configurations range from cross-silo (few businesses 

with massive datasets) to cross-device (thousands of mobile devices), with the latter being particularly 

pertinent to regulated industries. 

 

2.2. Privacy-Preserving Technologies for FL 

2.2.1. Differential Privacy (DP) 

By limiting the impact of any one data point on model outputs, differential privacy offers mathematically 

rigorous privacy assurances. Before aggregation, DP in FL usually entails introducing calibrated noise to 

model updates (Wei et al., 2020). The privacy-utility tradeoff is measured by the privacy budget ε, where 

a lower ε may result in less accuracy but stronger privacy. 

2.2.2. Homomorphic Encryption (HE) 

Secure aggregation in FL is made possible by homomorphic encryption, which permits computation on 

encrypted data without decryption. Despite supporting arbitrary calculations, fully homomorphic 

encryption (FHE) still has a significant processing expense. For certain functions, such as secure 

summation, practical FL implementations frequently employ leveled HE or partially homomorphic 

encryption (PHE) (Zhang et al., 2020). 

2.2.3. Secure Multi-Party Computation (SMPC) 

Multiple parties can jointly compute a function over their inputs while maintaining the privacy of those 

inputs thanks to SMPC. Without depending on a reliable aggregator, SMPC protocols can offer secure 

aggregation in FL (Bonawitz et al., 2017). 

 

2.3. Regulatory Landscape for FL 

2.3.1. General Data Protection Regulation (GDPR) 

Article 5 of the GDPR mandates integrity/confidentiality, purpose limitation, and data reduction. Although 

FL is in line with data minimization, it must guarantee that model modifications cannot be reversed to 

expose private information. Article 25 of the GDPR requires "data protection by design and by default," 

necessitating privacy concerns at every stage of system development. 

2.3.2. Health Insurance Portability and Accountability Act (HIPAA) 

Protected health information (PHI) must be protected administratively, physically, and technically under 

HIPAA's Security Rule. PHI use and disclosure are restricted by the Privacy Rule. FL implementations in 

the healthcare industry must guarantee that audit procedures monitor every access and that model updates 

do not amount to PHI leak. 
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2.3.3. Sector-Specific Regulations 

Additional constraints for data governance, model explainability, and risk management are imposed by 

financial laws (GLBA, Basel III), government standards (NIST SP 800-53, FedRAMP), and forthcoming 

AI regulations (EU AI Act). 

 

2.4. Secure Data Engineering for FL 

Few studies address the data engineering pipeline, whereas the majority of FL research concentrates on 

algorithmic advancements. Although Xu et al. (2021) suggested privacy-preserving data preprocessing for 

FL, their method did not integrate regulatory compliance. Although they utilized oversimplified security 

assumptions, Kaissis et al. (2020) showed FL for medical imaging. By creating a comprehensive secure 

pipeline with clear regulatory mapping, our study expands on these methods. 

 

3. SECURE PIPELINE ARCHITECTURE 

3.1. System Overview 

Our suggested secure data pipeline design for FL in regulated environments is shown in Figure 1.1. Client-

Side Secure Processing, Privacy-Preserving Orchestration, and Compliance and Monitoring are the three 

primary levels of the system. 

 

Figure 1.1: Secure FL Pipeline Architecture 

 
 

3.2. Client-Side Secure Processing 

Each client implements the following components: 

3.2.1. Encrypted Data Storage 

AES-256-GCM with client-managed keys is used to encrypt data while it is at rest. With thorough logging 

of every data access, access controls adhere to the least privilege principle. 
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3.2.2. Local Differential Privacy Module 

The module applies local DP to sensitive aspects prior to training. We use randomized response for 

categorical features and the Gaussian technique for continuous features in tabular data. 

3.2.3. Secure Local Training 

When specified, homomorphically encrypted gradients are used in the training procedure. For 

approximation arithmetic on encrypted model updates, our solution uses the CKKS technique (Cheon et 

al., 2017). 

3.2.4. Client Privacy Enforcer 

This part makes sure that no intermediary representations break data protection regulations, keeps an eye 

on privacy budgets, and enforces retention standards. 

 

3.3. Privacy-Preserving Orchestration 

3.3.1. Privacy-Preserving Gateway 

Through this gateway, all client-server interactions are validated, rate limitation is applied, and OAuth 2.0 

with mutual TLS is used to enforce authentication and authorization policies. 

3.3.2. Secure Aggregator with DP and HE 

Secure multi-party computation protocols are used by the aggregator to integrate model updates. Three 

modes are supported by our implementation: (1) DP-only (noise adding), (2) HE-only (encrypted 

aggregation), and (3) hybrid DP+HE for optimal security. 

 

Algorithm 1: Secure Aggregation with DP and HE 

 

Input: Local updates {Δw_i}, privacy budget ε, security parameter λ 

Output: Aggregated update Δw_agg 

 

1: for each client i in parallel do 

2:   Δw_i ← TrainLocalModel(w_global, D_i) 

3:   if DP_enabled then 

4:     σ ← CalculateNoiseScale(ε, Δw_i) 

5:     Δw_i' ← Δw_i + N(0, σ²I)   Add Gaussian noise 

6:   end if 

7:   if HE_enabled then 

8:     ⟦Δw_i⟧ ← HE.Encrypt(Δw_i', pk)   Encrypt with public key 

9:     SendToAggregator(⟦Δw_i⟧) 
10:  else 

11:    SendToAggregator(Δw_i') 

12:  end if 

13: end for 

14:  

15:  Aggregator side 

16: if HE_enabled then 

17:   ⟦Δw_agg⟧ ← Σ⟦Δw_i⟧   Homomorphic summation 

18:   Δw_agg ← HE.Decrypt(⟦Δw_agg⟧, sk) / N 

19: else 

20:   Δw_agg ← ΣΔw_i' / N 

21: end if 

22:  

23: return Δw_agg 
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3.3.3. DP Noise Generator 

uses the moments accountant (Abadi et al., 2016) to implement the Gaussian technique with privacy 

accounting for more stringent composition restrictions. 

3.4. Compliance and Monitoring Layer 

3.4.1. Audit Logger 

Every pipeline activity is recorded with an unchangeable timestamp. Actor, action, resource, timestamp, 

and privacy budget consumption are all included in each log entry. A write-once-read-many (WORM) 

storage system is used to store logs. 

 

3.4.2. Compliance Validator 

compares pipeline operations to legal regulations on a regular basis. The mapping between pipeline 

components and regulatory articles is displayed in Table 1.1. 

 

Table 1.1: Regulatory Compliance Mapping 

 

Pipeline Component GDPR Article HIPAA Section Implementation 

Encrypted Data Storage Art. 32(1)(a) §164.312(a)(1) AES-256-GCM encryption 

Data Minimization Art. 5(1)(c) §164.502(b) Local DP on raw data 

Purpose Limitation Art. 5(1)(b) §164.508 Attribute-based access control 

Audit Controls Art. 30 §164.312(b) Immutable audit logging 

Breach Notification Art. 33 §164.408 Automated alert system 

Data Subject Rights Art. 15–22 §164.524 Model deletion & explanation 

 

3.4.3. Regulatory Mapping Engine 

Automatically creates security requirement traceability matrices and data protection impact assessments 

(DPIAs) by translating technical configurations into compliance documents. 

 

3.5. Threat Model and Security Assumptions 

We consider a semi-honest adversary scenario in which participants adhere to the protocol but might try 

to obtain personal information. It is presumed that the central server is inquisitive but not malevolent. We 

guard against:  

 

Model inversion attacks are avoided by using gradient cutting and DP. 

Attacks using membership inference are prevented by using DP with suitable ε values.  

Reconstructing data from gradients is avoided by using gradient compression and secure aggregation.  

Byzantine-robust aggregation rules are used to detect model poisoning. 

 

4. IMPLEMENTATION AND EVALUATION 

 

4.1. Experimental Setup 

We used Python 3.9 to develop our pipeline, with Opacus for differential privacy, TenSEAL for 

homomorphic encryption, and PySyft for FL. A cluster comprising eight NVIDIA V100 GPUs was used 

for the experiments. 

 

4.1.1. Datasets 

Healthcare: 58,976 hospital admissions in MIMIC-III (Johnson et al., 2016)  

Finance: A synthetic dataset including one million transactions called FLAIR (Financial Ledger AI 

https://www.ijaidr.com/


 

Journal of Advances in Developmental Research (IJAIDR) 

E-ISSN: 0976-4844   ●   Website: www.ijaidr.com   ●   Email: editor@ijaidr.com 

 

IJAIDR26011755 Volume 17, Issue 1, January-June 2026 6 

 

Repository)  

Government: Anonymized Open Government Data from Five Agencies 

 

4.1.2. Models and Tasks 

Healthcare: Binary classification using LSTM to predict death  

Finance: Binary classification using gradient boosting to detect fraud  

Government: BERT for multiclass document classification 

 

4.1.3. Baseline Comparisons 

Our secure pipeline is contrasted with:  

1. Centralized training (maximum accuracy)  

2. Standard FL (FedAvg without privacy)  

3. FL with only DP (ε=1.0, 3.0, 8.0)  

4. FL with HE only (128-bit secure CKKS) 

 

4.2. Privacy-Utility Tradeoff Analysis 

The accuracy versus privacy budget for predicting healthcare mortality is displayed in Figure 1.2. At ε=1.0 

(high privacy), our hybrid DP+HE technique retains 87.3% accuracy, whereas regular FL (no privacy) 

maintains 89.4%. The HE-only method has computational overhead but achieves 88.1% accuracy without 

using any privacy budget. 
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4.3. Performance Metrics 

 

Table 1.2 summarizes the performance characteristics across different configurations. 

 

Configuration Accuracy Training Time Communication Privacy 

Guarantee 

Centralized 90.2% 1.0x (baseline) N/A None 

Standard FL 89.4% 1.8x 100% (baseline) None 

FL + DP (ε=8.0) 88.7% 2.1x 105% Weak 

FL + DP (ε=1.0) 86.5% 2.3x 108% Strong 

FL + HE 88.1% 5.4x 350% Cryptographic 

FL + DP + HE 87.3% 5.9x 355% Strong+Crypto 

 

Encrypted communication, larger payload 

 

4.4. Compliance Verification 

We verified that our pipeline complied with certain legal requirements: 

4.4.1. GDPR Compliance 

- Right to Erasure: 99.8% of the target data effect was eliminated by using Fisher forgetting to 

implement model unlearning (Guo et al., 2020).  

Data Protection Impact Assessment: A 73% reduction in manual labor was achieved through automated 

creation. 

4.4.2. HIPAA Compliance 

Audit Controls: There are no gaps in the audit trail for any PHI access.  

Minimum Required: When compared to raw gradients, local DP decreased identifiable information 

leakage by 94%. 

4.4.3. Security Testing 

Two medium-severity flaws were found during penetration testing and were fixed.  

Differential privacy analysis verified (ε=1.0, δ=10⁻¹) assurances  

Timing side-channels were used to validate the encryption mechanism. 

 

4.5. Scalability Analysis 

The pipeline's scaling characteristics as the number of clients increases are depicted in Figure 1.3. The 

communication overhead scales sublinearly because of gradient compression techniques, whereas the HE 

overhead increases linearly with the number of clients. 
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4.6. Case Study: Multi-Hospital Collaboration 

For COVID-19 severity prediction, we implemented a prototype program at three institutions. The 

pipeline: - Completely eliminated the need for data sharing (no patient data was shared)  

Achieved 84.1% AUROC as opposed to 85.7% for centralized training; produced automatic compliance 

documentation for IRB approval; and used the compliance validator to identify and stop three attempted 

policy violations. 

 

5. DISCUSSION AND LIMITATIONS 

5.1. Technical Limitations 

5.1.1. Computational Overhead 

With a 5.9× slowdown over ordinary FL, homomorphic encryption is still computationally costly. This 

might be prohibitive for cross-device FL, even though it is acceptable for cross-silo scenarios with fewer 

training rounds. New HE hardware accelerators, such as FPGAs with HEAX, might lessen this problem. 

5.1.2. Communication Bottlenecks 

Communication is increased by 3.5× with encrypted model updates. This overhead could be decreased by 

selective parameter encryption and gradient compression (Sattler et al., 2020). 

5.1.3. Privacy-Compatibility Tradeoffs 

Certain privacy strategies conflict with one another. For instance, some compression methods are less 

successful when gradient clipping is used for DP. To reduce interference, our hybrid method precisely 

arranges operations. 

 

5.2. Regulatory Challenges 

5.2.1. Jurisdictional Complexity 

Conflicting regulations must be navigated by multinational FL deployments. GDPR, HIPAA, and CCPA 

are already supported by our regulatory mapping engine; however, additional development is needed to 

expand to sector-specific laws (such as FINRA and PCI-DSS). 
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5.2.2. Evolving Standards 

Beyond data privacy, new laws like the US Algorithmic Accountability Act and the EU AI Act impose 

standards for risk assessment and disclosure. Algorithmic impact evaluations should be incorporated into 

the pipeline in future development. 

5.2.3. Certification Gaps 

Although technical controls are implemented in our pipeline, formal certification (such as ISO 27001 and 

SOC 2) necessitates organizational procedures that go beyond technical implementation. 

 

5.3. Ethical Considerations 

FL in controlled settings presents a number of moral dilemmas: 

5.3.1. Informed Consent 

Should patients give their consent to participate in FL training on medical data? Although this 

interpretation differs by jurisdiction, our method recognizes model changes as non-personal data under 

GDPR Recital 26. 

5.3.2. Bias and Fairness 

Biases may be amplified by decentralized training if client data distributions are substantially different. 

Although we use fairness-aware aggregation (Li et al., 2021), we recognize that there is still more to learn 

about fairness in FL. 

5.3.3. Power Asymmetries 

FL cooperation may be dominated by large organizations. Although our solution lacks formal governance 

structures, it does provide contribution-aware incentive mechanisms. 

 

5.4. Future Work 

1. Hardware Acceleration: To lower HE overhead, integrate with trusted execution environments (TEEs) 

such as Intel SGX.  

2. Adaptive Privacy: Dynamic ε distribution according on training progress and data sensitivity.  

3. Interoperability Standards: Creating transparent guidelines for safe FL pipelines across frameworks.  

4. Explainability Integration: For regulatory compliance, explainable AI methods are combined with FL.  

5. Longitudinal Studies: Practical implementation studies that quantify real privacy advantages and 

compliance expenses. 

 

6. CONCLUSION 

A thorough safe data pipeline architecture for federated learning in controlled environments was provided 

in this study. We have shown a workable solution to privacy-preserving collaborative AI that conforms 

with GDPR, HIPAA, and other regulatory standards by combining differential privacy, homomorphic 

encryption, and secure aggregate within an ETL framework.  

 

According to our experimental study, the suggested pipeline offers verifiable privacy assurances and 

automatic compliance documentation while maintaining model utility (within 2.1% of centralized training 

for ε=1.0 DP). The design fills a crucial gap between FL techniques and actual deployment needs by 

addressing the entire data lifecycle, from encrypted storage to safe aggregation to audit logging. 

 

Secure pipeline designs will become more crucial for responsible AI innovation as data privacy concerns 

grow and AI regulations continue to change. For companies looking to use FL while adhering to their 

ethical and legal commitments, our work offers a guide. The viability of FL in regulated industries will be 

further improved by upcoming developments in cryptographic acceleration, adaptive privacy mechanisms, 

and standardized compliance frameworks, allowing collaborative AI that respects both utility and privacy. 
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