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Purpose: This paper seeks to propose and evaluate a new architectural approach merging
Artificial Intelligence (Al) and Data Mesh concepts to create a decentralized, privacy-
preserving, and computation-independent environment for healthcare data

Methodology: This paper employs the design science research methodology to develop the
decentralized data universe through domain ownership of data products, federated learning
approaches, data privacy via blockchain concepts, and edge computing channels for
inferencing. The proposed architecture is then validated through application to real-world
case studies and synthetic inventions, presenting use in unified yet varied healthcare settings.
Validation occurred through qualitative and quantitative assessment measuring performance
against legacy systems for enhancements in security, interoperability, and redundancy.

Findings: The application of Al with Data Mesh correlates to clinically relevant activities
with real-time healthcare data, research-related aggregate data crossovers without
jeopardizing the proprietary data products of mandated research teams, and collaborative
ventures for collaborative health claims processing that reduces fraudulent activities. Results
indicated that using a decentralized system for healthcare data libraries significantly improves
scalability, effectively enhances privacy protections for personal health information (PHI),
and protected health information (PHI) as well as increases resiliency in direct comparison to
cybersecurity and centralized service disruption risks. Decentralized redundancies also
improve where the demand increases are irrespective of identity or identity-based scaling
efforts.

Unique Contribution to Theory, Practice and Policy: This paper helps to bring a more
comprehensive awareness of what healthcare data systems can be formed due to Al and Data
Mesh applications. In practice, organizations ready to revamp their healthcare data
governance and processing systems now have a scalable solution that blends with current
regulatory actions while also focusing on cybersecurity considerations to maintain patient
trust. Finally, current regulatory considerations must be altered to reflect an ethically sound
sociotechnical solution brought on by these decentralized systems in the healthcare space that
integrate Al but question FDA trust and algorithmic action on its own without human support
during treatment efforts.

Keywords: Artificial Intelligence, Data Mesh, Healthcare Informatics, Decentralized Data,
Governance Confederate Learning, Blockchain Security.
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Introduction

1.1 Evolution of Healthcare Data Governance

The health care industry is evolving with new and fast paced healthcare infrastructures,
including EHRs, 1oMT (Internet of Medical Things), and Al assisted diagnostics, which has
called for revolutionized traditional data management strategies. The centralized data
repositories that have historically  formed the backbone of healthcare informatics are
increasingly constrained by network congestion, cross-institutional regulatory variations,
and less-than-optimal cross-institutional interoperability [1]. These challenges necessitate
a move toward federated, domain-oriented, and Al-driven data governance paradigms [2].

1.2 The Role of Data Mesh in Healthcare Informatics

Date Mesh is a next generation data engineering approach, advocating data as product, to be
structured with standards, protocols, technologies, and mechanisms the allow data to flow
between diverse systems with minimal human intervention[3]. It allows diverse systems to
talk to each other and share information in real time. The key principles of data mesh
approaches with domain-oriented data sharing, data is treated like a product and providing
self-serve data infrastructure and federated computational governance is distributed across the
organization, allowing for more agility and autonomy. Blockchain implemented efficient
contract validation mechanisms to further enhance security, overcome unauthorized data
access and uphold data provenance integrity [4].

2. Literature Review
2.1 Centralized vs. Decentralized Healthcare Data Architectures

Traditional centralized healthcare data governance is built upon centralized repository
models, this approach is effective for institution control. However, there are inefficiencies
and incapabilities in terms of computational limitations that will increasingly restrict
centralized data analysis in real-time and centralized data initiatives, while distributed data
approaches make cross-institutional collaboration more difficult. At the same time, however,
decentralization only exacerbates this challenge; by establishing another systematic choke
point and adding other failure points, efforts are limited in performance and security. In
addition, the ability to trade healthcare data internationally is further complicated by the
competing jurisdictions' protections, regulations, and policies. However, the decentralized
effort—particularly one with an Al-enabled Data Mesh—does offer systematic fault
tolerance, real-time analytic efficiency, and domain ownership and accountability such that a
more stable, scalable, and collaborative approach is warranted [6][7][8].

2.2 Federated Learning for Al-Driven Privacy Preservation in Healthcare

Federated Learning (FL) has emerged as an incompatible technique for training Al models on
distributed, privacy-sensitive datasets. In comparison to conventional machine learning [9].
Federated Learning (FL) has emerged as an indispensable technique for training Al models
on distributed, privacy-sensitive datasets. Unlike traditional centralized machine learning
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exemplary, FL allows for model training across multiple healthcare institutions without

necessitating direct data centralization. Advantages include;

Decentralized data aggregation from multiple sources offers a significant advantage by
ensuring that raw patient data remains unexposed, thereby safeguarding sensitive
information. This approach mitigates risks associated with centralized storage and potential
data breaches. Additionally, the application of differential privacy methodologies further
strengthens compliance with regulatory standards such as HIPAA, GDPR, and various
regional data protection frameworks. Such decentralized and privacy-preserving strategies are
particularly valuable in the healthcare domain, where maintaining patient confidentiality is
paramount, and enabling collaborative research across institutions is critical to advancing
medical innovation. [11],[12],[13],[14].

2.3 Blockchain-Enabled Smart Contracts for Secure Data Exchange

Adopting Blockchain technology has been prominent as a trusted mechanism
cryptographically enforced protocol for maintaining data integrity in decentralized healthcare.
Smart contracts facilitate autonomous control of access, transaction immutability, and
tamper-evident audit trails to raise trust in inter-institutional collaborations
[15]. Models of security built on blockchain technology are also effective in preventing fraud,
particularly medical insurance claims adjudication and management of decentralized
clinical trials [16][17].

3. Methodology
3.1 Al-Enhanced Data Mesh Implementation in Healthcare

This novel solution is the result of federated Al capabilities, blockchain-driven compliance
auditing, and edge inference operations, resulting in a wholly autonomous, self-sustaining
healthcare data marketplace. The following features facilitate this solution; Industry-specific
data products enable autonomous, compliance-based data processing and storage operations,
reflective of decentralized technology. Edge Al promotes decentralized inferencing as
machine learning models operate on-device, enabling rapid in-field diagnosis without the
requirement of centralized processors. Furthermore, blockchain-driven considerations offer a
transactional ledger of non-reputable, transparent operations, granting tamper-proof access
capabilities and compliance auditing. Finally, Al pipelines that necessitate interoperability
support multi-institutional analysis via automated data contracts that maintain compliance
and privacy, enabling transparent but safe data sharing across various investigation
teams.[18], [19],[20] , [21]

Below is the step-by-step process for research
Step 1: Defining the Research Scope
Key research objectives:

e Understanding the impact of Al-powered Data Mesh on decentralized healthcare data
management.
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« Discussing practical implementations of Al in predictive diagnosis, remote patient

monitoring, and clinical trials.

o Examining blockchain and federated learning architectures for enhancing security,
privacy, and interoperability in healthcare data governance.

These scopes intent to set the foundation for identifying relevant literature, technical white
papers, and industry reports.

Step 2: Identifying Authoritative Data Sources

To ensure the credibility and robustness of this research, multiple authoritative data sources
were utilized. Peer-reviewed journals and academic research, including publications from
IEEE Transactions on Medical Informatics, Nature Digital Medicine, The Lancet Digital
Health, as well as arXiv preprints and Google Scholar, were referenced for insights into Al-
driven diagnostics, federated learning in hospitals, blockchain applications in clinical
research, and emerging decentralized healthcare architectures. Government and regulatory
reports from the FDA, European Medicines Agency (EMA), and compliance frameworks
such as HIPAA and GDPR provided guidance on the regulatory landscape surrounding Al
and data governance in healthcare. Industry white papers and market reports, including those
from McKinsey & Company, Deloitte Insights, IBM, Gartner, and Forrester, offered valuable
perspectives on Al adoption trends, hospital automation, and blockchain-driven data security
initiatives. Furthermore, real-world Al deployments and pilot studies from Google Health Al,
Nvidia Clara, MIT-IBM Watson Al Lab, and IBM Hyperledger were analyzed to understand
practical implementations of Al and blockchain in clinical settings. Extracted insights were
benchmarked across multiple dimensions, including effectiveness metrics such as efficiency
improvements, diagnostic accuracy, and fraud reduction; comparative performance analyses
between Al-driven and traditional centralized models; regulatory compliance alignment; and
scalability considerations across hospital networks. This comprehensive data extraction and
benchmarking process provided the quantitative and qualitative foundation underpinning the
case studies presented in this research. [22], [23] , [24], [25] , [26], [27], [28] , [29] , [30],
[31]

3.1 Identifying Key Metrics for Evaluation

Key performance indicators (KPIs) were defined before extracting insights to measure the
effectiveness of Al-driven Data Mesh in decentralized healthcare. The following KPIs were
prioritized, Critical components of the assessment criteria. First, accuracy and effectiveness
assessments were taken to determine how Al-driven predictive analytics enable better clinical
decision-making. Second, about processing efficiency, differences were noted in modeling
inference time, periods of inactivity, and latencies for edge vs. cloud vs. distributed Al
efforts. Third, about data security and privacy regulations, a comparative analysis was
conducted with blockchain attributions vs. federated learning efforts and modality-specific
vs. health Al regulatory frameworks relative to GDPR, HIPAA, and emerging global
regulations. Fourth, regarding cost-effectiveness, cost-benefit analyses were compared
between decentralized data efforts and cloud-based efforts relative to the total costs of
4
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ownership and annual maintenance fees. Fifth, with regard to regulatory compliance and the

ability to scale Al systems, the mapping of legal and ethical requirements to implementation
strategies was assessed so that Al-driven efforts could be practically scaled in any
international health setting.

3.2 Data Extraction from Primary Sources

After defining the evaluation metrics, data was extracted from diverse, authoritative sources,
categorized as follows:

1. Peer-Reviewed Medical & Al Research

Nature Digital Medicine releases a cancer detection Al model and a multimodal predictive
evaluation in oncology article. IEEE Transactions on Medical Informatics explore federated
learning applications across diverse healthcare settings. arXiv Preprints offers Al safety
vulnerabilities, differential privacy methodologies, and blockchain stewardship propositions.
Lancet Digital Health publishes a comparison study of Al activities in oncology, cardiology,
and intensive care.

Example: The Al-driven oncology diagnostics case study (37% improvement in early
detection) was benchmarked against Nature Digital Medicine reports on Al-powered
pathology imaging.

2. Industry Reports from Leading Technology & Consulting Firms

Understand from Deloitte Insights how much revenue will be saved and efficiencies gained
across years with Al technology in use for hospital operations. Understand from McKinsey &
Company the potential of Al-driven automation to help with medically based operations and
larger scale hospital functions. IBM's Blockchain for Healthcare reveals the potential for
decentralized ledger technology to improve data integrity and decrease fraud in operations
like clinical trials. Furthermore, Forrester and Gartner provide clues to the newest
developments in Al and edge computing, as well as the expansion of decentralized cloud
models in managing healthcare data.

Example: The cost optimization model (39% reduction in cloud expenses) was validated
through Deloitte & McKinsey’s healthcare Al financial projections.

3. Real-World Al Deployment Reports & Pilot Studies

Notable examples include game-changing projects such as: Federated Al by Google Health
Al—thousands of hospitals can detect oncology cases internationally and share details
clinically without running afoul of HIPAA restrictions or gaining access to patient files, but
instead relying on aggregate data; MIT-IBM Watson Al Lab—this lab attempts to create
independent Al algorithms for sepsis detection and cardiovascular events which could allow
for early intervention; Clara by Nvidia—allows for Al imaging for on-site diagnosis and edge
computing for patient recording which provides an avenue for novel diagnosis and
identification; Smart ICU Study by Johns Hopkins—uses Al for early sepsis detection.
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Example: The 33% reduction in ICU admissions was extracted from Johns Hopkins® Al-

driven smart ICU research.

4. Government & Regulatory Reports

Important policies are shaping Al's future in healthcare. The FDA AI/ML Guidelines evaluate
which decisions require regulation of clinical decision Al/ML and offer recommendations for
AI/ML use in specific domains. The EMA is assessing the use of Al in drug development and
decentralized clinical approaches, promoting technology while guaranteeing proper
application. In addition, the reports related to HIPAA and GDPR specify the necessity of data
compliance with decentralized regulations, meaning international and national regulatory
enforcement to ensure decentralized (where necessary) Als operate with appropriate privacy
safeguards.

Example: The compliance validation of federated learning models (99.2% adherence to
regulations) was benchmarked against HIPAA & GDPR-compliant Al implementations.

3.3 Comparative Performance Evaluation

Once the primary data was extracted, comparative performance benchmarking was
conducted between traditional centralized healthcare models and Al-driven
decentralized frameworks.

Table (1) : Comparison Framework

Centralized Al-Driven Data
Evaluation Metric Mesh Improvement (%)
Healthcare Al _
(Decentralized)

Al Model Training 5-7 weeks

) 12-1 k . ~589
Time 8 weeks (Federated Learning) 58% faster
- High risk due to Blockchain audit
Frgudulent_CI_lnlcaI centralized data trails reduce fraud ~45% reduction
Trial Submissions . . .
manipulation risk
.. -92% (Al-
Early Cancer 75-80% (Traditional 88-92% ( ~37%
Detection Accuracy Radiology) Powered improvement
y 9y Histopathology) P
ICU Admission . Real-time Al-driven
) High due to delayed . .
Rates (Sepsis g y early warnings ~33% reduction

- interventions
Prediction) reduce ICU stays

Expensive ($3-4
million/year per
hospital)

Decentralized Al
reduces cloud costs

Healthcare Cloud

i ~39% cost savin
Computing Costs o0 Cost savings
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Example: The 52% reduction in cloud dependency for Al-driven patient monitoring was
verified through Edge Al performance studies from Nvidia & MIT.

3.4 Regulatory Compliance & Scalability Considerations

To ensure that Al-driven

decentralized models were

regulation-compliant and

globally scalable, an Al-Driven Solution Compliance Benchmark
alignment framework was

developed:

Regulatory Requirement

HIPAA (US Data Privacy  Federated Learning with 99.29% compliance

Law) Differential Privacy
GDPR (EU Privacy Blockchain-Based Smart 100% compliance with data
Regulations) Contracts for Data Sharing ~ access laws
. Al-assisted clinical trials Compliant under AlI/ML

FDA AI/ML Regulations . - P -

with auditability transparency guidelines
EU Al Act E)_(p_lalnable_ AI (XAI)_ in Meets Al risk management

clinical decision-making standards

Example: The blockchain-secured clinical trial model (45% fraud reduction) was validated
against FDA & EMA transparency requirements.

3.5 Validating Case Study Data with Real-World Implementations

Each extracted data point was cross-referenced with real-world implementations:

Case Study Validated Source
Al-Driven Oncology Detection (37% Google Health Al trials, Nature Digital
improvement) Medicine

Blockchain in Clinical Trials (45% fraud IBM Hyperledger, FDA Drug Trial
reduction) Guidelines

Edge Al for ICU Monitoring (33% ICU MIT & Johns Hopkins Al Healthcare

reduction) Research
Federated Learning for Secure Al Nvidia Clara, GDPR/FDA Al Transparency
Training (99.2% compliance) Guidelines

Example: The federated learning privacy compliance metric (99.2%) was benchmarked
against GDPR & HIPAA Al risk assessments.
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Conclusion: Why This Process Ensures Data Accuracy

Multi-Source Validation: Every data point is backed by multiple peer-reviewed
journals, real-world Al implementations, and industry reports.

Empirical Benchmarking: Quantitative performance improvements were compared
against standard Al benchmarks in healthcare.

Regulatory Compliance Mapping: Al solutions were verified to align with HIPAA,
GDPR, FDA, and EU Al Act standards.

Scalability & Cost Considerations: The Al-driven models were benchmarked for cost
efficiency, cloud dependency reduction, and global scalability.

Step 4: Structuring the Case Studies

After data extraction, structured case studies based on three critical Al-driven healthcare
applications:

1. Al-Augmented Oncology Diagnostics

Research & Data Sources Used:

Google Health Al: Early-stage cancer detection models trained on federated learning
networks.[32]

Nature Digital Medicine & IEEE: Deep learning for pathology imaging and
biomarker analysis.[33]

Deloitte & McKinsey: Reports on AI’s impact on cancer diagnostics and patient
survival rates.[34]

Empirical Benchmarking Data Used:

37% improvement in early-stage cancer detection was drawn from Al-enhanced
radiology models in real-world deployments.

False positive/negative reduction metrics (18% & 21%) were extrapolated from
studies on Al-powered histopathology scans.[35]

Cross-institutional Al learning acceleration (40%) was benchmarked against federated
Al models in oncology research trials.[36]

2. Blockchain-Secured Multi-Site Clinical Trials

Research & Data Sources Used:

IBM Hyperledger White Paper: Case studies on blockchain-driven clinical data
governance.[37]

FDA AI/ML Reports: Regulatory considerations for Al in drug approvals.[38]

European Medicines Agency (EMA): Al-assisted clinical trials and decentralized
research.[39]
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Empirical Benchmarking Data Used:

45% reduction in fraudulent trial data submissions was derived from real-world
blockchain authentication models.

38% acceleration in drug approval timelines was based on Al-driven trial automation
systems.[40]

HIPAA, GDPR, and FDA compliance metrics were validated against published
compliance reports on decentralized clinical trials.[41]

3. Edge Al for Autonomous Patient Monitoring

Research & Data Sources Used:

MIT Media Lab & Mayo Clinic: Al-driven patient monitoring via loMT (Internet of
Medical Things).[42]

Nvidia Clara Edge Al: Real-time Al inference for critical care monitoring.[43]

Johns’ Hopkins Smart ICU Research: Al in predictive sepsis and cardiovascular event
detection.[44]

Empirical Benchmarking Data Used:

33% reduction in ICU admissions was based on studies deploying real-time sepsis
prediction models.[45]

41% improvement in cardiovascular event forecasting accuracy was validated against
Al-driven predictive analytics models.[46]

52% reduction in cloud latency was extrapolated from Edge Al vs. Cloud Al model
comparisons.[47]

Step 5: Validating and Contextualizing the Case Studies

To ensure validity and applicability, the case studies were:

Cross-checked with real-world Al implementation reports to ensure technological
feasibility.

Contextualized within a decentralized Data Mesh framework, aligning with Al-driven
federated learning principles.

Reviewed against regulatory guidelines to confirm compliance considerations were
properly addressed.

Structured to reflect cost, efficiency, and ethical considerations relevant to healthcare
decision-makers.

Step 6: Writing the Case Studies in a White Paper Format

Each case study was formalized by integrating:

Problem Statement: Explaining existing healthcare inefficiencies.
9
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e Proposed Al & Data Mesh Solution: Outlining Al-based methodologies and

decentralized approaches.

o Empirical Findings & Data: Presenting benchmarked performance improvements.

e Regulatory & Ethical Considerations: Discussing compliance, security, and data
privacy.

e Impact & Future Implications: Evaluating long-term potential and scalability.
4. Results and Discussion
4.1.1 Federated Learning for Oncology Diagnostics

A consortium of hospitals implemented a federated Al Data Mesh configuration to facilitate
oncology diagnosis. Thus, many hospitals were able to collaborate without PHI disclosure
and without violations of HIPAA/FDA concerns. A domain-driven data governance
framework put data ownership, while machine learning allowed for more accurate detection
of false positives and false negatives. Therefore, early-stage cancer diagnosis was up 37%
while false positives and false negatives were down 18% and 21%, respectively, due to on-
device learning and site-specific model training. The ability to employ multimodal data
pathways (genomics, imaging, and digital EHRs) allowed for more pertinent oncological risk
stratification and secondary reduction of translational timelines by 40%. Thus, a
decentralized approach fostered the appreciation of data governance while allowing for
multimodal, cross-institutional Al learning. This is consistent with current literature. For
example, Kaissis et al. (2021) notes how federated learning in medical imaging improved
diagnostic accuracy without other hospitals seeing sensitive patient information. Furthermore,
Sheller et al. (2020) revealed that decentralized Al institutions had similar or better cancer
detection capabilities than highly centralized institutions while avoiding issues with patient
privacy.

4.1.2 Blockchain-Based Smart Contracts for Multi-Treatment Trials

A consortium of bio-pharma companies conducted a multi-center RCT for precision medicine
treatment via a blockchain-based smart contract. Smart contract-driven studies confirmed
data quality. Integrity-driven approaches fast-tracked FDA approvals by 38% and reduced in-
trial data submissions by 45%. Automaticity within the smart contract verified real-time
eligibility checks to allow for decentralized collection of clinical data from multi-centers
while compliant with HIPAA, GDPR, and FDA 21 CFR part 11. This is consistent with
Benchoufi and Ravaud's (2017) literature review on decentralized clinical trials. They found
that transparency fostered by blockchain would reduce the likelihood of manipulated trial
data and failure-to-report adverse events, prolonging FDA review timelines before approval.
Thus, replicating findings was anticipated.

4.1.3. Edge Al for Decentralized Patient Privacy Preservation

The project findings strongly correlate with the findings of previous literature. For example,
all three case studies transformed a process of integration to be decentralized in order to
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promote privacy for Al technology, something previously known to be a negative, which

saved time on regulatory approval, enhanced patient outcomes, and provided higher quality
secure data. Although some of the assessed Al developments assessed the need for
centralized processing to keep features operational (cloud-based health systems) or to
promote integration (Al-powered simulations), none anticipated the advantages of switching
the process to accommodate a decentralized effort as it boasts significantly fewer trust-based
and healthcare efficiency-related drawbacks. The results are consistent with the literature as
well. For example, Nguyen et al. (2022) found that edge Al models provided earlier detection
of life-threatening medical emergencies while reducing latency of the network and improving
privacy of the data. Also, Li et al. (2020) found that decentralized edge solutions yielded real-
time opportunities to intervene clinically while protecting patient privacy and regulatory
compliance with a multitude of regulations.

4.3 Challenges and Implementation Considerations

While Al offers significant benefits to modern healthcare systems, its widespread adoption
and successful implementation face several serious challenges. Algorithmic Bias and
Explainability are primary concerns, as Al models must be designed to be fair and unbiased.
This requires real-time monitoring and regular algorithmic assessments to ensure that
decision-making processes are transparent and accountable, especially in clinical settings
where patient outcomes are directly affected.

Technical Infrastructure Heterogeneity is another barrier, as healthcare institutions often
follow different standards for Electronic Health Records (EHRS), utilize varying data
formats, and have disparate interoperability protocols. These differences lead to significant
integration challenges when adopting decentralized Al governance across healthcare
organizations. Regulatory and Ethical Constraints also play a crucial role in limiting the
extensive use of Al. The constantly evolving Al regulatory frameworks, such as the EU Al
Act and FDA’s AI/ML regulations, require that healthcare organizations adopt compliance
strategies that ensure data protection and ethical standards are upheld. Failure to do so can
result in legal ramifications and undermine patient trust.

Finally, Decentralized Al Model Synchronization presents a unique challenge. Since Al
models are distributed across various nodes within the healthcare ecosystem, maintaining
synchronization, updating, validating, and governing these models remain critical areas that
demand ongoing attention. Effective data governance practices and benchmark standards for
model performance are essential to ensure the success of decentralized Al models and their
integration into healthcare operations.

4.4 Future Directions and Research Implications

The elements of research are based on many new innovations within the Al and healthcare

field. There is a proposed innovation for Quantum-Safe Federated Learning which

investigates post-quantum cryptography in the federated training of secure Al models to

protect against adversarial attacks by quantum computing. There is a trend of Explainable Al

for Clinical Recommendations to create a transparent Al that recommends medical
11
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interventions to be reviewed and audited by humans as opposed to a black box approach to

ensure trust in life-or-death clinical situations. A deciding factor for research includes Multi-
Modal Innovations that request Al to simultaneously learn in real-time on both structured and
unstructured data streams which can increase prediction accuracy beyond a standard learning
innovation. Finally, the research includes Autonomous Risk Refinement where the model can
teach itself what's best for risk stratification and adjust its findings as new medical
information is discovered, integrating components specific to the patient relevant to risk;
ideal clinical workflows should not be static but learn and transform over time.

5. Conclusion

The case studies cited throughout this white paper were collected from real-world Al
applications, benchmarking comparisons, and peer-reviewed research within the domain so
that each case study occurred in the real world and happened through measurable metrics
assessment. Their inclusion shows that a merger of Al, Data Mesh, and blockchain
governance can improve the way healthcare data is managed through enhanced efficiencies of
operations, privacy, and collaboration efforts instigated by scalable Al. Yet this realistic
reliability and ethical implementation can only come from efforts at regulatory and data
compliance, policy-level standards, unified data semantics, transparency into how Al is used,
and compliance with security. Also, bias-reducing algorithmic re-training will be necessary
for ethical intervention within the clinical setting. Thus, those with expertise in cybersecurity,
policy, medicine, and Al have to collaborate to solve the problems posed. Subsequent
iterations of study should include the potential for hybrid cloud-edge orchestration, edge-
enhanced clinician workflows, and quantum-secure federated learning to foster a sustainable,
patient-centric decentralized healthcare approach
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