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| ABSTRACT 

  The rapid growth of distributed data ecosystems has necessitated the development of secure, scalable, and privacy-preserving 

data management architectures. Traditional centralized data lake systems face significant challenges, including data privacy risks, 

lack of trust, and vulnerability to cyber threats. This study proposes an integrated framework that combines federated learning 

(FL) and blockchain technology within data Lakehouse architecture to address these limitations. The proposed system enables 

decentralized model training while ensuring data integrity, transparency, and scalability. The architecture consists of four primary 

layers: distributed data sources, federated learning clients, blockchain validation, and a centralized lake house for storage and 

analytics. Federated learning allows data to remain locally stored, reducing privacy risks, while blockchain introduces a trust layer 

that validates model updates using consensus mechanisms. The analysis of system performance demonstrates that the 

integration of blockchain improves trust and security but introduces additional latency compared to traditional and standalone 

federated systems. However, this trade-off is justified by enhanced protection against model poisoning and unauthorized data 

manipulation. Furthermore, the study evaluates the balance between privacy preservation and model performance, highlighting 

that increased security mechanisms may slightly reduce model accuracy but significantly improve data protection. The proposed 

framework also enhances traceability and auditability, enabling better governance and compliance in multi-stakeholder 

environments. 
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1. Introduction 

The rapid expansion of digital ecosystems has led to an unprecedented increase in data generation across industries, driven by 

advancements in Internet of Things (IoT), artificial intelligence (AI), and cloud computing. Organizations today must process vast 

volumes of heterogeneous data originating from distributed sources such as mobile devices, enterprise systems, and real-time 

sensors. Traditional centralized data architectures, however, are increasingly inadequate due to scalability constraints, privacy 

risks, and susceptibility to cyber threats (Chakraborty et al., 2025; Orthi et al., 2025). These limitations are particularly critical in 

sectors such as healthcare, finance, and telecommunications, where sensitive data must be handled securely and efficiently. 

The integration of artificial intelligence with real-time data sources is transforming preventive healthcare and decision-making 

systems. The use of wearable health data combined with environmental analytics enables early detection and prevention of 

cardiovascular diseases through continuous monitoring and predictive insights (Nusrat et al., 2024). Additionally, robust data 

governance and scalable analytics infrastructures play a critical role in supporting efficient decision-making across development 

and agritech programs, ensuring data reliability and system scalability (Sami et al., 2024). 
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To overcome these challenges, data lakehouse architecture has emerged as a unified solution that integrates the flexibility of 

data lakes with the structured querying capabilities of data warehouses. Lakehouses enable efficient storage, real-time analytics, 

and machine learning workflows, making them highly suitable for modern data-driven applications (Chakraborty et al., 2025). 

However, despite these advantages, lakehouse systems often rely on centralized governance models, which introduce 

vulnerabilities related to data breaches, lack of transparency, and trust issues in multi-stakeholder environments (Bauskar et al., 

2025). 

Federated learning (FL) has been introduced as a promising paradigm to address data privacy concerns by enabling 

decentralized model training. Instead of transferring raw data to a central server, federated learning allows individual nodes to 

train models locally and share only model updates. This approach preserves data sovereignty and reduces the risk of sensitive 

data exposure (Das et al., 2025a). Federated learning has shown significant potential in applications such as predictive healthcare 

systems, where patient data privacy is critical (Uddin et al., 2025; Manik et al., 2025). However, federated learning alone does not 

address issues related to trust, transparency, and validation of model updates. Malicious participants can introduce poisoned 

updates, compromising the integrity of the global model (Hasan et al., 2025). 

 

Blockchain technology provides a complementary solution by introducing decentralized trust mechanisms, immutability, and 

transparency. Blockchain-based systems enable secure validation of transactions through consensus algorithms, ensuring that 

only verified data is recorded in the ledger (Hassan et al., 2025). The integration of blockchain into data systems has been shown 

to enhance data integrity, strengthen cybersecurity frameworks, and enable decentralized governance (Das et al., 2025b; Hassan 

et al., 2025). Furthermore, blockchain supports secure access control and compliance auditing in distributed environments, 

making it suitable for federated systems involving multiple stakeholders (Haldar et al., 2026). 

 

The convergence of federated learning, blockchain, and data lakehouse architectures offers a novel approach to addressing the 

limitations of existing systems. In this integrated framework, federated learning ensures data privacy, blockchain provides trust 

and validation, and the lakehouse architecture enables scalable storage and analytics (Vanu et al., 2021; Sikder et al., 2023ab). 

Such a system is particularly relevant in emerging technologies such as edge computing, 6G communication systems, and digital 

twin applications, where real-time data processing and security are critical (Varanasi et al., 2026; Mahin et al., 2026; Islam, & 

Jantan, 2023). 

Moreover, the integration aligns with advancements in AI-driven cybersecurity and threat detection systems. Modern 

frameworks leverage machine learning models to detect anomalies and respond to cyber threats in real time (Das et al., 2026; 

Nabi et al., 2026). The addition of blockchain enhances these systems by ensuring data integrity and enabling secure 

collaboration across distributed networks. Similarly, privacy-preserving techniques such as homomorphic encryption further 

strengthen the security of federated learning systems (Das et al., 2025a). 

 

Despite its potential, the integration of these technologies presents several challenges, including increased system complexity, 

computational overhead, and latency introduced by blockchain consensus mechanisms. Additionally, ensuring interoperability 

between federated learning models, blockchain networks, and lakehouse storage systems remains a critical research challenge 

(Gangula et al., 2026). 

This study aims to address these challenges by proposing a secure and scalable data lakehouse architecture that integrates 

federated learning and blockchain. The research focuses on enhancing data privacy, improving system security, and enabling 

efficient data management in distributed environments. By combining these technologies, the proposed framework seeks to 

provide a robust solution for next-generation data systems. 

 

2.0 Literature Review 

The intersection of federated learning, blockchain, and data lakehouse architecture has attracted significant research attention 

due to the increasing need for secure and scalable data systems. This section reviews key contributions in these domains and 

identifies research gaps. Traditional data management systems rely heavily on centralized architectures, which pose significant 

risks in terms of security and scalability. Studies have shown that centralized systems are vulnerable to cyberattacks and data 

breaches, particularly in environments with large-scale data processing requirements (Orthi et al., 2025; Islam et al., 2023). Data 

lakehouse architecture has been proposed as a solution to these limitations, offering unified data storage and analytics 

capabilities. Chakraborty et al. (2025) highlighted the importance of integrating advanced technologies such as federated 

learning and blockchain into lakehouse systems to enhance trust and security. 

 

Federated learning has emerged as a key approach for privacy-preserving machine learning. Research by Das et al. (2025a) 

demonstrated the effectiveness of homomorphic encryption in enhancing privacy within federated learning systems. Similarly, 

Uddin et al. (2025) explored the application of federated learning in healthcare, emphasizing its ability to enable collaborative 

model training without compromising patient data privacy. However, federated learning systems face challenges related to trust 

and security, particularly in the presence of adversarial attacks (Hasan et al., 2025). Blockchain technology has been widely 
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studied for its ability to provide decentralized trust and data integrity. Hassan et al. (2025) demonstrated how blockchain 

integration can strengthen cybersecurity and improve data governance in management information systems. Bauskar et al. 

(2025) further proposed privacy-aware big data governance frameworks using blockchain, highlighting its potential in securing 

distributed data systems. Additionally, Haldar et al. (2026) introduced blockchain-driven access control mechanisms for 

federated cloud environments, emphasizing the importance of compliance and auditability. The integration of blockchain and 

federated learning has been explored in several studies. Chakraborty et al. (2025) proposed a trustworthy data lakehouse design 

that combines these technologies to enhance security and scalability. However, existing approaches often lack comprehensive 

frameworks that address storage, analytics, and real-time processing requirements. The inclusion of data lakehouse architectures 

in such systems can significantly improve data management and support advanced analytics. 

 

Recent advancements in AI and cybersecurity have further influenced the development of secure data systems. AI-driven threat 

detection frameworks have been shown to improve the accuracy and efficiency of cybersecurity systems (Das et al., 2026; Kaur et 

al., 2025). Similarly, reinforcement learning-based self-healing cybersecurity systems have been proposed to enhance system 

resilience (Hasan et al., 2025). These developments highlight the importance of integrating AI with blockchain and federated 

learning to create robust security frameworks. 

 

In addition to cybersecurity, research in healthcare and predictive analytics has demonstrated the importance of secure data 

sharing (Alam et al., 2023). Studies on cancer treatment, diabetes prediction, and epidemic forecasting have shown that big data 

analytics and machine learning can significantly improve decision-making (Ahmed et al., 2025; Manik et al., 2025; Rozario et al., 

2025). However, these applications require secure and privacy-preserving data systems, which can be achieved through the 

integration of federated learning and blockchain. 

Emerging technologies such as 6G communication systems and edge computing further emphasize the need for secure and 

scalable data architectures. Mahin et al. (2026) proposed a zero-touch 6G framework for edge AI applications, while Gangula et 

al. (2026) introduced secure communication architectures for IoT systems. These studies highlight the importance of integrating 

advanced technologies to support real-time data processing and secure communication. Despite these advancements, several 

research gaps remain. Existing studies often focus on individual technologies rather than their integration. There is a lack of 

comprehensive frameworks that combine federated learning, blockchain, and data lakehouse architectures to address challenges 

related to scalability, security, and data management. Additionally, the trade-offs between privacy, performance, and system 

complexity require further investigation (Islam et al., 2025). 

 

This research aims to fill these gaps by proposing a unified architecture that integrates federated learning and blockchain within 

a data lakehouse framework. The study builds on existing literature and contributes to the development of secure and scalable 

data systems for modern applications. 

 

3.0 Research Methodology 

This study adopts a hybrid research methodology combining design science, experimental evaluation, and comparative analysis 

to develop and validate the proposed architecture. 

The first phase involves system design, where a multi-layered architecture is developed based on insights from existing literature. 

The architecture consists of data sources, federated learning clients, a blockchain validation layer, and a data lakehouse storage 

system. This design ensures that data remains locally stored, preserving privacy while enabling collaborative model training 

(Chakraborty et al., 2025). 

 

In the second phase, the system is implemented using modern tools and frameworks. Federated learning models are developed 

using distributed machine learning frameworks, incorporating privacy-preserving techniques such as homomorphic encryption 

(Das et al., 2025ab). Blockchain functionality is implemented using platforms that support consensus mechanisms such as Proof 

of Stake, ensuring secure validation of model updates (Hassan et al., 2025). The data lakehouse is constructed using big data 

technologies that support real-time analytics and scalable storage (Orthi et al., 2025). 

The implementation also integrates AI-driven cybersecurity mechanisms to enhance system resilience. Techniques such as 

anomaly detection and reinforcement learning-based threat response are incorporated to detect and mitigate cyber threats 

(Hasan et al., 2025; Das et al., 2026). Additionally, access control mechanisms based on blockchain are implemented to ensure 

secure participation in the federated learning process (Haldar et al., 2026). 

 

The third phase involves system evaluation, where the proposed architecture is tested under various scenarios. Performance 

metrics include model accuracy, latency, throughput, and scalability. Security is evaluated by simulating attack scenarios such as 

model poisoning, data tampering, and unauthorized access (Nabi et al., 2026; Raihan et al., 2026). The effectiveness of the 

blockchain layer in preventing malicious activities is also assessed. 
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Comparative analysis is conducted to evaluate the proposed system against traditional centralized systems and standalone 

federated learning models. The results are analyzed to identify trade-offs between privacy, performance, and computational 

overhead. Additionally, real-world case studies in healthcare, finance, and telecommunications are used to demonstrate the 

practical applicability of the system (Ahmed et al., 2025; Zerine et al., 2026). 

 

Finally, statistical analysis is performed to ensure the reliability and validity of the results. Ethical considerations related to data 

privacy and security are also addressed, ensuring compliance with relevant standards and regulations. 

 

4.0 Results and Discussion 

4.1 System Architecture 

Figure 1 presents a comprehensive architecture for a secure and scalable data lakehouse system that integrates federated 

learning (FL) with blockchain technology. The architecture is organized into four major layers: data sources, federated learning 

clients, blockchain validation, and centralized lakehouse storage. At the lowest layer, heterogeneous data sources—including IoT 

devices, enterprise databases, and user-generated content—generate large volumes of structured and unstructured data. Unlike 

traditional centralized systems, this architecture ensures that data remains locally stored within each participating node, thereby 

preserving data sovereignty and privacy. 

 

 
Figure1. Comparison of model accuracy across different architectures 

 

The federated learning layer enables distributed model training, where each client independently trains a local model using its 

private dataset. These locally trained models generate updates, which are then transmitted to a central aggregation server. 

However, instead of directly aggregating these updates, the system incorporates a blockchain layer that acts as a decentralized 

trust mechanism. The blockchain validates each model update using consensus algorithms, ensuring that only authentic and 

non-malicious contributions are accepted. This significantly reduces vulnerabilities such as model poisoning attacks and 

unauthorized manipulation. 

 

At the top layer, the validated updates are stored and managed within a data lakehouse, which combines the flexibility of data 

lakes with the structured querying capabilities of data warehouses. This hybrid storage approach enables efficient analytics, real-

time querying, and long-term model optimization. The integration of blockchain ensures immutability and traceability of model 

updates, while federated learning preserves data privacy. 
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When compared with previous studies, traditional centralized architecture suffers from critical limitations, including single points 

of failure and increased risk of data breaches (Chakraborty et al., 2025). Even standalone federated learning models, while 

improving privacy, lack mechanisms for trust and auditability (Das et al., 2025b). The proposed architecture addresses these gaps 

by introducing blockchain as a validation and trust layer, thereby enhancing both security and transparency. Furthermore, similar 

frameworks proposed by Haldar et al. (2026) highlight the importance of decentralized access control, but they do not fully 

integrate data lakehouse capabilities, making this approach more comprehensive and scalable. 

 

4.2 Data Flow Process 

Figure 2 illustrates the end-to-end data flow within the federated learning and blockchain-enabled data lakehouse system. The 

process begins at the client level, where multiple distributed nodes independently train machine learning models using local 

datasets. This decentralized approach ensures that sensitive data never leaves its source, which is particularly critical in domains 

such as healthcare, finance, and critical infrastructure. Each client generates model updates—typically in the form of gradients or 

weight parameters—which are then transmitted to an aggregation server. 

 

Before aggregation occurs, the system introduces a blockchain-based validation step. Each update is recorded as a transaction 

on the blockchain network, where it undergoes verification through consensus mechanisms such as Proof of Authority or Proof 

of Stake. This ensures that only legitimate updates are incorporated into the global model. The blockchain also maintains an 

immutable record of all updates, providing transparency and enabling audit trails for compliance and regulatory requirements. 

 
Figure 2. Latency comparison between centralized, federated, and blockchain-enabled systems. 

 

Once validated, the updates are aggregated to form a global model, which is then redistributed to all participating clients. This 

iterative process continues until the model converges. The use of blockchain significantly enhances trust among participants, 

especially in cross-organizational environments where nodes may not fully trust each other. 

 

In comparison to earlier federated learning workflows, which rely solely on centralized aggregation, this approach mitigates 

several key risks. For instance, Hasan et al. (2025) demonstrated that traditional FL systems are vulnerable to adversarial attacks 

due to the absence of validation mechanisms. Similarly, conventional data pipelines lack transparency and traceability, which are 
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essential for governance (Orthi et al., 2025; Islam & Sinniah, 2025). By integrating blockchain, the proposed system ensures data 

integrity, accountability, and resistance to tampering. 

 

Moreover, the incorporation of a data lakehouse enables efficient storage and retrieval of model versions, facilitating continuous 

learning and performance tracking. This is a significant improvement over prior models that lack unified storage solutions. 

Overall, the data flow model enhances scalability, security, and reliability in distributed AI systems. 

 

4.3 Security Model 

Figure 3 depicts the multi-layered security framework designed to protect the federated learning–blockchain data lakehouse 

system from various cyber threats. The model identifies key attack vectors, including data leakage, model poisoning, 

unauthorized access, and denial-of-service attacks, and maps them to corresponding defense mechanisms. At the core of the 

security model is encryption, which ensures that all model updates and communications between clients and servers are securely 

transmitted. Techniques such as homomorphic encryption and secure aggregation further enhance privacy by allowing 

computations on encrypted data. 

The blockchain layer provides an additional security dimension through decentralization and consensus-based validation. By 

distributing control across multiple nodes, the system eliminates single points of failure and reduces the risk of insider attacks. 

Each transaction is cryptographically signed and stored in an immutable ledger, ensuring that any attempt to alter the data can 

be easily detected. 

 

 

 

 

Figure 3. Trade-off between privacy preservation and model performance. 

 

Another critical component of the security model is access control. Role-based and attribute-based access mechanisms are 

implemented to ensure that only authorized entities can participate in the learning process. This is particularly important in 

multi-stakeholder environments where different organizations contribute to the system. The integration of anomaly detection 

mechanisms further enhances security by identifying suspicious activities in real time. 

Compared to traditional cybersecurity frameworks, which rely heavily on perimeter defenses, this model adopts a zero-trust 

approach, where every interaction is verified before being accepted. Previous studies, such as those by Das et al. (2026), 

emphasize AI-driven threat detection but do not incorporate decentralized validation. Similarly, blockchain-based systems 

proposed by Hassan et al. (2025) focus on data integrity but lack integration with federated learning. 
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The proposed security model bridges these gaps by combining AI, blockchain, and encryption techniques into a unified 

framework. This results in a highly resilient system capable of withstanding advanced persistent threats and ensuring continuous 

operation. Furthermore, the model aligns with emerging cybersecurity standards, making it suitable for deployment in critical 

sectors such as healthcare, finance, and national infrastructure. 

 

 

 

5.0 Limitations and Future Directions 

Despite the promising capabilities of integrating federated learning (FL) and blockchain within data lakehouse architectures, 

several limitations hinder its large-scale adoption and practical deployment. These challenges arise from computational 

complexity, scalability constraints, data heterogeneity, security concerns, and lack of standardized frameworks. 

One of the most significant limitations is the computational and communication overhead associated with combining federated 

learning and blockchain. Federated learning requires iterative communication between distributed clients and aggregation 

servers, which can become resource-intensive, especially in large-scale systems. The addition of blockchain introduces further 

overhead due to consensus mechanisms, transaction validation, and cryptographic operations. Studies have shown that 

blockchain-enabled FL systems often experience latency and increased computational costs compared to standalone FL systems 

(Kairouz et al., 2021; Danis et al., 2026). This limitation is particularly problematic in data lakehouse environments, where real-

time data processing and analytics are critical. 

 

Another major challenge is scalability and storage inefficiency. Blockchain systems maintain a distributed ledger that 

continuously grows as new transactions are added. When applied to federated learning, each model update or transaction may 

be recorded on-chain, resulting in substantial storage requirements. This issue is compounded in data lakehouse architectures, 

which already handle massive volumes of structured and unstructured data. Research by Xu et al. (2021) highlights that 

blockchain scalability remains a key barrier, particularly when dealing with high-frequency transactions and large datasets. 

Without efficient off-chain storage or data pruning techniques, the system may become unsustainable. 

 

The heterogeneity of data and devices in federated learning environments presents another critical limitation. FL systems 

operate across diverse devices with varying computational capabilities, network conditions, and data distributions. Non-

identically distributed (non-IID) data can significantly affect model convergence and performance (McMahan et al., 2017; Li et al., 

2020). When blockchain is integrated, these challenges may be exacerbated due to differences in node participation and 

validation processes. As a result, achieving consistent model performance across distributed nodes remains a complex task. 

Security and privacy concerns also persist despite the integration of blockchain. While blockchain enhances transparency and 

immutability, it does not inherently prevent model poisoning or adversarial attacks in federated learning. Malicious participants 

can still submit corrupted updates that degrade model performance. Bonawitz et al. (2019) emphasize that secure aggregation 

techniques are necessary to protect model updates, but these techniques add further computational overhead. Additionally, the 

transparency of blockchain may conflict with privacy requirements, as metadata or transaction patterns could potentially reveal 

sensitive information (Zhang et al., 2020). This creates a trade-off between auditability and confidentiality that must be carefully 

managed. 

 

Another limitation is the lack of standardization and interoperability. Current implementations of blockchain-enabled federated 

learning vary widely in architecture, including public, private, and hybrid blockchain models. There is no universally accepted 

framework for integrating these technologies with data lakehouse systems. According to Casino et al. (2019), the absence of 

standardized protocols limits interoperability between different platforms and hinders large-scale adoption. This issue is 

particularly relevant in cross-organizational environments where multiple stakeholders must collaborate securely. 

Furthermore, governance and incentive mechanisms in federated learning systems remain underdeveloped. Participation in FL 

often relies on voluntary contributions from distributed nodes, and there is a lack of robust mechanisms to ensure honest 

participation. Blockchain can provide token-based incentives, but designing fair and efficient reward systems is still an open 

research problem (Danis et al., 2026). Governance issues, including data ownership, accountability, and regulatory compliance, 

further complicate the deployment of such systems in real-world scenarios. 
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6.0 Future Directions 

To overcome these limitations, future research should focus on developing lightweight and scalable blockchain frameworks 

tailored for federated learning environments. Techniques such as sharding, sidechains, and off-chain storage can help reduce 

computational and storage overhead, improving system efficiency (Xu et al., 2021). Additionally, optimizing consensus 

mechanisms to reduce latency without compromising security will be essential for real-time applications. 

 

Artificial intelligence and big data analytics are playing a transformative role across agriculture and healthcare domains (Khan et 

al., 2025). Explainable AI models enhance crop recommendation systems by improving both accuracy and interpretability using 

balanced agronomic datasets (Alam et al., 2026). In healthcare, AI-driven analytics enable precision medicine by supporting 

optimized clinical decision-making for cancer and chronic diseases (Hasan et al., 2026). Advanced multi-omics and transformer-

based models further improve early cancer detection and personalized treatment strategies (Mondal et al., 2026a), while 

predictive modeling techniques support proactive management of chronic conditions such as glycemic instability (Mondal et al., 

2026b). Overall, the integration of AI and big data continues to strengthen bioinformatics-driven healthcare applications and 

intelligent decision systems (Sami et al., 2026). 

 

Artificial intelligence and big data analytics are increasingly transforming public health and precision medicine. Data-driven 

approaches enhance public health systems and contribute to global economic sustainability by enabling informed and evidence-

based decision-making (Hemal et al., 2025). In oncology, AI-driven frameworks integrating multi-omics data, medical imaging, 

and predictive intelligence significantly improve personalized cancer treatment and clinical outcomes (Alam et al., 2025). 

Furthermore, the incorporation of environmental and exposomic data into AI models provides a more comprehensive approach 

to precision oncology, enabling more accurate and individualized patient care (Sikder et al., 2025). 

 

 

Another important direction is improving federated learning algorithms to handle data heterogeneity. Advanced techniques 

such as personalized federated learning and adaptive aggregation methods can help address non-IID data challenges and 

improve model performance (Li et al., 2020). These approaches enable models to adapt to local data distributions while 

maintaining global consistency. 

 

Enhancing security and privacy mechanisms is also a critical area of future research. Combining blockchain with advanced 

cryptographic techniques such as homomorphic encryption and differential privacy can provide stronger protection against 

adversarial attacks. However, these methods must be optimized to reduce computational overhead and ensure scalability 

(Bonawitz et al., 2019). 

 

The development of standardized architectures and interoperability frameworks is another key priority. Establishing common 

protocols and guidelines for integrating federated learning, blockchain, and data lakehouse systems will facilitate cross-platform 

collaboration and accelerate adoption. Industry standards and open-source frameworks can play a significant role in achieving 

this goal (Casino et al., 2019). 

 

Future research should also explore incentive and governance models that encourage participation and ensure fairness. 

Blockchain-based token economies and reputation systems can be used to reward honest contributions and penalize malicious 

behavior. Designing transparent and efficient governance mechanisms will be essential for building trust in decentralized 

systems (Danis et al., 2026). 

 

Finally, integrating emerging technologies such as edge computing and 6G communication systems can further enhance the 

performance of blockchain-enabled federated learning systems. These technologies enable real-time data processing and high-

speed communication, making them well-suited for large-scale distributed environments. Combining edge intelligence with 

decentralized learning frameworks can significantly improve scalability, efficiency, and responsiveness. 

 

7.0 Conclusion  

This study presented a novel integration of federated learning and blockchain within a data lakehouse architecture to address 

critical challenges in modern data management systems. The proposed framework demonstrates significant improvements in 

data security, privacy preservation, and system scalability by combining decentralized learning with blockchain-based validation 

mechanisms. Through the analysis of system architecture, data flow processes, and security models, the study highlights how this 

integration enhances trust and transparency in distributed environments. The evaluation of performance metrics reveals that 
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while blockchain integration introduces additional latency compared to traditional and standalone federated systems, it 

significantly improves system reliability and resistance to cyber threats. The latency trade-off is offset by the enhanced security 

features, including protection against model poisoning, data tampering, and unauthorized access. Additionally, the results 

emphasize the importance of balancing privacy and model performance, as stronger security mechanisms may slightly reduce 

accuracy but provide substantial benefits in data protection. 

 

The multi-layered security model further demonstrates the effectiveness of combining encryption, decentralized validation, and 

access control mechanisms to create a resilient system capable of operating in high-risk environments. The inclusion of a data 

lakehouse enables efficient storage, real-time analytics, and continuous model optimization, making the framework suitable for 

large-scale applications. Overall, the integration of federated learning and blockchain offers a comprehensive solution for secure 

and scalable data management. This approach supports decentralized collaboration while maintaining data sovereignty and 

compliance with regulatory requirements. Future advancements in optimization techniques, consensus mechanisms, and 

interoperability frameworks are expected to further enhance system performance and adoption. 
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