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ABSTRACT

Federated Learning (FL) has emerged as a promising approach for training machine learning models while preserving privacy,
particularly in Internet of Things (IoT)-based environments such as healthcare. However, FL alone is insufficient for addressing all
privacy challenges. This paper explores the integration of blockchain technology with FL to enhance privacy in Smart Healthcare
Systems. Key contributions include a blockchain-enabled model for storage, aggregation, and gradient sharing; implementation of
sidechains to improve transaction speed and reduce computational overhead; and the use of smart contracts for secure access
control. The study proposes a scalable, privacy-preserving framework that aligns with healthcare regulations and supports
collaborative AI applications, ultimately improving patient care and medical research.
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I INTRODUCTION

The healthcare sector is undergoing in a transformative era which is driven by advancements in technology and it is vastly growing need
for effective data analysis and privacy management. The rise of the Internet of Medical Things (IoMT) has been enabled access
healthcare systems to collect and analysis the vast amount of clinical data effectively, and it is revolutionizing the critical patient care
through real time monitoring, personalized diagnostics, and predictive analytics

at a time. Federated Learning is a distributed machine learning paradigm (platform), which is emerging as a key enabler to enable in the
transformation by allowing collaborative model training without sharing raw data, by which addressing stringent the privacy
requirements which are mandated by regulations like the General Data Protection Regulation (GDPR) and the Health Insurance
Portability and Accountability Act (HIPAA).

Despite the promise of Fedrated learning in safeguarding the patients privacy, and challenges are persisted. Traditional Fedrated learning
systems often rely on centralized servers for model aggregation and creating vulnerabilities such as a single points of failure and
susceptibility to cyber attacks. Moreover, for ensuring secure and transparent access control over sensitive medical data remains a critical
issue. Blockchain technology is renowned for its decentralized, tamper proof, and transparent nature which has the potential to address
these challenges by providing fixed data storage and automatic access control through smart contracts.

In this paper, we propose an innovative framework that integrates Federated Learning with Blockchain (FLB) to extend the data privacy,
scalability, and security management in Healthcare 4.0. Our approach leverages blockchain’s smart contract capabilities to enforce data-
sharing agreements, ensuring compliance with regulatory standards and protecting patient autonomy. Furthermore, we employ side chain
technology to alleviate the advance scalability bottlenecks which inherent in blockchain networks and which is used for enabling
efficient parallel processing of transactions and increasing system throughput.
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Figure 1: A typical FL-based smart healthcare application.

The contributions of this work are as follows:

1. We design a privacy preserving Fedrated learning model that allows decentralized training within hospitals while minimizing
data exposure.

2. We implement a satisfaction scoring method for model aggregation, and reducing calculational overhead and improving
training efficiency effectively.

3. We introduce a blockchain based access control system mechanism by using smart contracts to ensure transparent and secure
data sharing between stakeholders without any interruption.

4. We address blockchain scalability issues by incorporating sidechain technology which is enhancing transaction throughput and

system responsiveness effectively.
This study contributes to the development of a robust, privacy preserving, and the scalable data sharing ecosystem in the healthcare
domain system which is bridging the gap between cutting edge technologies and real world medical applications.

II. RELATED WORK
Blockchain Technology in Healthcare:

1. MeDShare Scheme: A blockchain based solution which is used to securely share medical data, and it ensure data provenance,
decentralized auditing, and access control for authorized members. The system also handles scalability challenges in storing vast amount
of electronic healthcare records to manage.

2. Blockchain's Relevance: Studies like those by Makhdoom et al. and Chen et al. emphasize blockchain's role in securing
decentralized data sharing which highlights its auditability and tamper proof nature. However, it concerns like calculational overhead
and scalability remain barriers to real time adoption of system.

Federated Learning (FL) in Healthcare:

1. Overview and Challenges: Federated learning enables collaborative model training without sharing raw data and it preserve the
privacy. However, it faces risks such as gradient leakage and dependency on the central servers which can create single points of failure.
2. Key Contributions: Efforts such as clustered Federated learning methods (Qayyum et al.) and differential privacy-enabled Federated
learning frameworks (Zhang et al.) showcase potential, yet they are still struggling with privacy utility trade offs and robustness against
adversarial attacks to the system.

Integration of Blockchain and Federated learning

1. Research Advancements:
El Rifai et al. introduced blockchain orchestrated Federated learning frameworks to resist single points of failure to ensure transparency.
Potap et al. explored multi-agent systems leveraging Federated learning and blockchain for real time medical data processing.
2. Gaps and Innovations: While integration addresses central server vulnerabilities which deals with issues like transparency in
blockchain raising privacy concerns for model parameters persist. Adaptive differential privacy and gradient verification
methods are being explored to address these challenges.

Reinforcement Learning (RL) in Distributed Systems
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1. Applications: Reinforcement Learning combined with blockchain and distributed computing has shown promise in scaling up machine
learning systems for Internet of Medical Things applications. Benefits that includes enhanced data transparency, decentralized
governance, and improved efficiency.

2. Security Mechanisms: Using blockchain for Reinforcement Learning ensures secure data storage, transparency in agent actions, and
tamper proof communications, addressing key concerns in distributed systems.
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Figure 2: Flow of the main concept of the proposal.
Industry 4.0 and Cross-Technology Synergies

1. Emerging Trends: Integrating Federated learning, blockchain, and other Industry 4.0 technologies such as loT and Al offers
transformative potential for collaborative healthcare system.

2. Open Challenges: Effective cross  company collaboration and overcoming fragmented data

ecosystems remain critical areas for research methodology.

TABLE I
COMPARISON OF EXISTING RELATED WORK
Ref. highlighte Applications Domains
[19] (2020) | Decentralized tourism destinations recommendation system Tourism Blockchain, data-sharing
[20](2020) | Improving interorganizational information sharing for vendor | Supply chain management Blockchain, vendor-managed inventory
managed inventory
[21] (2019) | Building a secure biomedical data-sharing decentralized app Biomedical research Blockchain, data-sharing
[22] (2022) | Decentralized congestion control methods for vehicular com- | Vehicular networks Blockchain, congestion control
munication
[23](2021) | Decentralized trusted data-sharing management on IoVEC net- | Internet of Vehicle Edge | Blockchain, data-sharing
works Computing
[11] (2020) | Decentralized data-sharing infrastructure for off-grid network- | Off-grid networking Blockchain, data-sharing
ing
[24] (2019) | Framework of data-sharing system with decentralized network | General data-sharing Blockchain, data-sharing
[25] (2017) | P2P platform for decentralized Logistics Peer-to-peer, decentralized logistics
[26] (2022) | Decentralized network secured data-sharing General data-sharing Blockchain, data-sharing
[27] (2020) | Unlocking the potential of Al in assisted reproduction Assisted reproduction Blockchain, Al, data-sharing
1. PROPOSED MODEL

System Architecture: The proposed architecture integrates Federated Learning (FL) with blockchain technology is to improve privacy,
security, and efficiency in healthcare data sharing System. The architecture includes the following components:

Federated Learning Clients: Healthcare institutions act as Federated Learning clients, training local machine learning models on their
private datasets. These clients share only model updates (e.g., gradients) with a central server to ensure that raw, sensitive data would
never leaves their premises.

Blockchain Network: A permissioned blockchain network maintains a decentralized and fixed ledger. This ledger records and stores
access control policies and transaction logs, ensuring that data transparency and system integrity is maintained.
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Access Control Module: Smart contracts embedded in the blockchain authenticate system by participating institutions and enforce
predefined roles and permissions. These contracts log all access and transactions to ensure that only authorized entities one can contribute
to the Federated Learning process.

Blockchain Based Access Control: To manage authentication and authorization, the framework is employed a blockchain based access
control mechanism system:

Institution Registration: Participating healthcare institutions registered on the blockchain network system. Then Smart contracts verify
their identity and grant access to the Federated Learning process.

Decentralized Authorization: Smart contracts enforce roles and permissions to allow for decentralized governance that eliminates
the risk of single points of failure in the system.

Transparent Logging: All transactions and access events are securely logged on blockchain system which provide a fixed and transparent
record for audit purposes.

model_updates
UpdatelDd [INTEGER] NOT NULL
InstitutionlD [INTEGER]
Modefversion [VARCHAR]
Timestamp [DATETIME]
UpdateContent [VARCHAR]

patient_data
Datalld INTEGER] NOT NULL
DataContent [WARCHAR]
DaraType [WARCHAR]
InstitutioniD [INTEGER]
Timestamp [DATETIME]

institutions
InstituioniD [INTEGER] NOT NIrHl_ln}gTi:
Address [MARCHAR]
Contactinfo [WARCHAR]
Mame [WARCHAR]

users
UserlD [INTEGER] NOT NULL
Comactinfo [VARCHAR]

blockchain

0,17 BlockiD [INTEGER] NOT NULL
PreviousBlockiD [INTEGER]
V| Timestamp  [DATETIME]

InstitutionID [INTEGER]
Name [VARCHAR]
Role [WARCHAR]

TransactonData  [WMARCHAR]

Figure 3: E-R Diagram of the Proposed System

Data Privacy and Security: To address privacy concerns and enhance security, the proposed framework incorporates with system:
Differential Privacy Techniques: Differential privacy is applied to model updates to prevent sensitive and critical information from being
inferred from shared gradients.

Blockchain Based Security: The blockchain ensures a fixed audit trail for all transactions, access events, and data sharing activities, and
also for maintaining accountability and transparency in healthcare data exchanges.

Interoperability: The framework prioritizes inter-operability by adopting standardized data ontologies as:

Standardized Data Formats: Common data standards ensure seamless data exchange between diverse healthcare institutions for enabling
collaborative analytics.

Cross System Integration: The framework supports integration with various healthcare systems and platforms to enhance the efficacy

and scope of Federated Learning applications in healthcare.

Institution Authentication Data

ModelUpdateStore Access Control

ModelUpdate
Y

Transaction Logs
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Model Aggregation Blockehain Network
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Figure 4: Data-Flow Diagram of the Proposed System
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Scalability: Scalability is achieved through an efficient system design as:

Permissioned Blockchain: The use of a permissioned blockchain allows for faster consensus mechanisms system and reduce the
calculational overhead compared to public blockchains.

Optimized Resource Allocation: The design ensure that the system can handle a large number of transactions and participants while
maintaining high performance effectively.

Iv. IMPLEMENTATION

The proposed system was implemented using cutting of edge technologies to ensure the robustness, security, and scalability. The
following sections describe the technologies, deployment process, and experimental setup as:

Technologies Used: The implementation utilizes the following tools and frameworks as:

Federated Learning Framework:

TensorFlow Federated (TFF) was used to simulate the Federated Learning process.

TensorFlow Federated provides a flexible and scalable platform for allowing healthcare institutions to train models locally while it can
privately share updates.

Key Feature: It supports the implementation of the advanced privacy preserving algorithms for Federated Learning.

Blockchain Platform:

Hyperledger Fabric was selected for the permissioned blockchain implementation due to which its modular architecture and support for
pluggable consensus protocols.

Key Feature: Its high performance and privacy oriented design to make it suitable for enterprise grade applications.

Smart Contracts:

Smart contracts were developed in Go, leveraging its high concurrency and performance capabilities. These contracts handled the
authentication, authorization, and transaction logging effectively.

Datasets:

Synthetic healthcare datasets were used for training and evaluation. These datasets were designed to mimic real world healthcare
scenarios for ensuring the experimental relevance while preserving data privacy.

System Deployment: The deployment process involved integrating Federated Learning with blockchain technology to create a seamless
and secure framework as:

1. Setup of Federated Learning Clients:
i. Simulated healthcare institutions operated in local instances of TensorFlow Federated.
il. Each client trained machine learning models on synthetic datasets to ensure data remained local.
2. Blockchain Network Configuration:
i. A permissioned blockchain network was established using Hyperledger Fabric.
il. Tasks included setting up nodes, configuring consensus mechanisms system, and deploying the smart contracts for access
control and logging.
3. Integration of the Federated Learning and Blockchain:
i. Federated Learning clients are used to transmit model updates (e.g., gradients) securely to a central server for aggregation.
il. The blockchain network logged all transactions, authenticated participants, and enforced access to control policies.

Experimental Setup: The experimental setup simulated to a real world healthcare environment for the evaluation of the framework's
performance as:

1. Simulated Healthcare Institutions:
i. Each institution is functioned as an Federated Learning client which is used for training a local model on varying volumes of
synthetic healthcare data.
il. The simulation included institutions of different sizes to emulate the diverse healthcare scenarios fully.
2. Blockchain Network: The permissioned blockchain comprised multiple nodes, including endorsing peers and orders which is
used to ensure resilience and fault tolerance.
3. Performance Metrics: The system was evaluated using the following metrics as:
1. Privacy: Assessed by ensuring no raw data was shared between institutions.
ii. Security: Measured by the effectiveness of blockchain based access control and transaction logging mechanisms system.
iii. Computational Overhead: Evaluated by the delay which is introduced by the blockchain layer.
iv. Model Accuracy: Determined using standard classification metrics for ensuring the global model retained high performance

despite the distributed and privacy preserving nature of the system.
V. RESULTS

This section highlights the outcomes of implementing the proposed Federated Learning and blockchain-based framework model that
focusing on privacy, security, computational performance, model accuracy, scalability, and interoperability.
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Privacy and Security:
Privacy: The integration of blockchain ensured that no raw data was shared during the Federated Learning process for significantly
enhancing data privacy.

Security:
i. Unauthorized access was effectively blocked through blockchain based authentication and authorization.
ii. An fixed audit trail provided transparency and accountability for all the transactions that ensure the compliance with healthcare

rules and regulations like HIPAA.
Mitigated Risks: The framework reduced risks associated with data breaches and centralized system vulnerabilities, reinforcing that
trust in collaborative healthcare analytics .

Computational Overhead:

Transaction Delay: The blockchain layer introduced an average delay of 0.5 seconds per transaction which is acceptable for healthcare
applications that prioritize privacy and security for managing.

Impact on System Performance: The minimal computational overhead demonstrated the feasibility of the framework in real world
settings without compromising operational efficiency effectively .

Model Performance:

Accuracy: The Federated Learning model achieved a classification accuracy of 92% on synthetic healthcare data which validate the
framework’s ability to learn effectively from distributed datasets.

Training Efficiency: The integration of blockchain did not adversely impact the convergence speed of the Federated Learning model for
maintaining the efficient training and global model updates.

Key Insight: The high accuracy and convergence efficiency affirm the viability of combining Federated Learning and blockchain for
secure and accurate healthcare data analysis effectively.

Scalability and Interoperability:

Scalability:

The use of a permissioned blockchain allows the system to handle a large number of transactions and participants without performance
degradation.

Efficient consensus mechanisms system ensures the scalability for growing network demands.

Interoperability:

Standardized data ontologies enabled the seamless data exchange among the diverse healthcare institutions.

0 This capability is crucial for facilitating the large scale collaborative analytics and this helps in improving healthcare outcomes
through shared insights.

Widespread Adoption: The framework's scalability and interoperability demonstrate its potential for adoption across the healthcare
industry efficiently.

Overall System Evaluation

The system met critical requirements for privacy, security, performance, and scalability in the healthcare data sharing mechanism system.
The integration of Federated Learning with blockchain technology provides a robust, transparent, and decentralized solution for secure
healthcare analytics efficiency.

These results confirm the framework's effectiveness in enabling privacy preserving collaborative healthcare data analysis effectively.

VI. DISCUSSION

The proposed system effectively combines Federated Learning (FL) and blockchain technology to address key challenges in healthcare
data sharing which offers a secure and decentralized framework that aligns with industry rules and regulations like HIPAA. The
following points summarize the discussion as:

Enhanced Privacy and Security:

Decentralization: By eliminating centralized data storage by which the system mitigates risks of data breaches and a single points of
failure.

Differential Privacy: Ensuring that shared model updates do not compromise individual data, and the system strengthens compliance
with stringent data protection standards.

Performance and Feasibility:

Model Performance: The framework achieved a high classification accuracy of 92%, demonstrating that its robustness in collaborative
healthcare analytics.

Computational Overhead: The blockchain layer introduced a delay of 0.5 seconds per transaction, deemed is acceptable for real world
healthcare applications that prioritize the privacy and security.

Feasibility: These results confirm that the practical applicability of the framework in operational healthcare environments is good.
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Scalability and Interoperability:

Scalability: The use of a permissioned blockchain ensures that the framework can be scale to accommodate for growing numbers of
participants and transactions without compromising performance.

Interoperability: Standardized data ontologies enables the seamless collaboration between diverse healthcare institutions for enhancing
the utility and adoption of the framework in the large scale deployments.

Future Research Directions:

Optimizing Consensus Mechanisms System:

Research can be focused on reducing computational overhead which is associated with consensus in blockchain networks.

Exploring lightweight consensus algorithms that could enhance the transaction speeds and scalability.

Advanced Privacy Techniques:

Integrating privacy preserving technologies like homomorphic encryption or secure multiparty computation which could be further
enhance the data security.

These techniques could be helpful to addressing scenarios which require computation on encrypted data without exposing raw
information.

3. Cross Domain Applications:

Extending the framework to other domains that demand secure and privacy preserving data sharing (e.g., finance, education, or smart
cities) could be validate its adaptability and versatility efficiently.

The discussion underscores the system’s ability to address pressing challenges in the healthcare data sharing mechanism system while
maintaining robust performance and scalability. Future enhancements could refine its efficiency and broaden its impact to pav the way
for widespread adoption across industries requiring to secure, privacy-preserving analytics.

VII. CONCLUSIONS

This paper presents a novel framework that integrates Federated Learning (FL) and blockchain technology for aiming to address the
critical challenges of privacy, security, and scalability in healthcare data sharing system. By combining the decentralized nature of
blockchain with the privacy preserving features of Federated Learning by which the system bridges significant gaps in current
methodologies.

Key Achievements:

Privacy and Security:

The framework ensures that no raw data is shared, leveraging differential privacy and blockchain's immutability to protect sensitive
healthcare information effectively.

Smart contracts enhance authentication and access control which is used to reduce the risks of unauthorized data use.

Performance:

High classification accuracy (92%) and minimal computational overhead (0.5 seconds per transaction) confirms that the framework’s
practicality is good for healthcare applications.

Scalability and Interoperability:

The system is designed to accommodate for a large scale deployments with standardized data ontologies for seamless collaboration
across diverse institutions.

Real World Applicability: The successful implementation in a simulated environment validates that the framework's feasibility for real
world adoption is good. And it aligns with the regulatory requirements like HIPAA, offering a secure and decentralized approach to
healthcare analytics. This makes the framework highly suitable for the regulated environments which is required for robust privacy and
accountability.

Path Forward: The integration of Federated Learning and blockchain provides a foundation for the further innovation.

Future research and enhancements could focus on optimizing blockchain consensus mechanisms system, incorporating advanced privacy
preserving techniques, and extending the framework to other domains effectively.

This work demonstrates the transformative potential of combining the emerging technologies to tackle pressing challenges in healthcare
and beyond to pave the way for secure, decentralized, and scalable analytics.
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