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1. Introduction 
Artificial intelligence and big data improve healthcare, but developments are hampered by the inability to share sensitive 

data. Although federated learning for AI training can help, such architectures must also be integrated with big data management, 

storage, processing, and distribution. Global pandemic surveillance and response and precision medicine with genomics require 

collaboration between federated AI and big data systems. The combination enables global hospitals, pharmaceutical companies, 

universities, research institutes, and laboratories to work together to develop AI models while meeting strict requirements for 

security, privacy, data protection, and discrimination. Although innovations in AI and Big Data are advancing the healthcare 
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sector, there are still countless opportunities and needs where these technologies can improve healthcare processes. For 

example, the COVID-19 pandemic is a vivid reminder that influenza-like pandemics may still arise from animal viruses, and a 

proper preparatory research plan is essential for future.  

 

AI can assist in quickly collecting early diagnosis information. AI systems can connect online healthcare services and 

detect infection with COVID-19 based on cough and breath. AI can summarize medical knowledge at a level comprehensible to 

the public, constantly update vaccination information, and give suggestions on preventing infection by wearing masks. During a 

pandemic, progress in designing vaccines and medicines can be accelerated through collaboration with pharmaceutical 

enterprises, enabling the public to obtain vaccines as early as possible. 

 

1.1. Overview of the Global Healthcare Data Landscape 

By 2025, society can expect to see the first results of substantial investments in global healthcare data architecture. The 

need for federated AI and big data technologies is now widely recognized by the health community, and a growing number of 

projects with global, regional, and national focus are laying the groundwork for a coherent, collaborative landscape. Progress is 

being made in building frameworks, principles, and standards to ensure security, compliance, and trust in the technologies.  

 

 
Figure 1. Navigating the Global Healthcare Data Frontier: Federated Learning Frameworks for Privacy-Preserving 

Precision Medicine and Public-Good Research 

 

During the pandemic, the relationships and technologies that made timely global data sharing possible were tested and 

strengthened. In precision medicine, the high-dimensional nature of the discovery space, combined with international data 

protection regulations and local restrictions, make federated-learning methods and approaches—such as data hubs and 

synthetic-data generation essential. Data-lake models, common in the private sector, are now emerging for public-good datasets. 

At the data-user level, however, the privacy and ethical concerns of individuals remain paramount. Widespread adoption of 

federated techniques is still some way off, but the basic research has matured, and successful pilot implementations in sensitive 

domains have proven the value and feasibility of deploying federated-learning techniques in real-world scenarios. Major efforts 

are now seeking to define an integrated set of principles, protocols, and frameworks that guide the responsible use of artificial-

intelligence and federated-learning technologies while enabling community-driven formal review and approval processes to 

deliver representative and usable datasets for public-good research. 

  

2. The Landscape of Global Healthcare Data 
The healthcare community and other domains generate a wealth of health-related data worldwide. Hospitals record 

patient information and medical imaging. Pharmaceutical companies and laboratories create clinical trial results and genomics. 

Companies issue data from wearables and smart devices. The rapidly growing Internet of Things brings health signals and 
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parameters straight from homes. National health organizations and international institutions generate health authority 

documents. The volume is great. But the value of this information and knowledge is underused. The full potential of these assets 

is not being realized because more than 80% of them are generated in silos, recording rich histories and compelling patterns but 

seldom shared or combined with the data from other sources. Consequently, knowledge gaps remain wide open. For instance, 

the COVID-19 pandemic, with its surge in cases, mutations, variants, and millions of patients scattered around the world, had 

several consequences that could and should have been anticipated with precision by the community learning from data. Yet 

when the next pandemic comes, those gaps are likely to persist, still challenging pandemic surveillance and significantly 

increasing risks and uncertainties. 

 

Equation 1) Step-by-step derivation of core Federated Learning equations (FedAvg) 

1. Notation 

 Client/site index:   *     + 

 Local dataset at site  :   , size    |  | 

 Total samples:   ∑   
 
    

 Model parameters:      

 

2. Global objective from local objectives 

Start from classical empirical risk minimization: 

 Local loss at client  : 
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∑  
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 Weighted global loss (each site weighted by its data volume): 
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Derivation (why this is correct): 
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So it equals the loss you would compute if all data were pooled—without actually pooling it. 
 

3. Gradient of the global objective 

Differentiate: 
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4. One FL communication round with local SGD 

Local step (SGD) at site  : for local steps           
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After   local steps, client   returns: 

  
( )

     
( )

 

 

5. FedAvg aggregation (the key equation) 

Coordinator forms the next global model as the weighted average: 
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Figure 2. Illustrative Convergence behavior 

 

2.1. Current Challenges and Opportunities in Global Healthcare Data 

As previously outlined, data refers to factual information (usually numeric) collected and used for reference, analysis, or 

calculation, but its use is not isolated to informatics. Data is collected by individuals and groups registering it or sending it to 

repositories. Jumping ahead, the state of the Global Data Landscape points to a global “Data Capital” of 59 ZB in 2020, which will 

grow to nearly 180 ZB by 2025 and ultimately to 463 ZB by 2035 (Verizon, 2020). The last data set delineates different data 

types, showing that many types are expected to grow more than 30% every five years. Using the Data Capital metaphor, it is 

possible to state that the healthcare industry represents only 1% of these data but expects to grow three times by 2025. Public 

health organizations, regulatory agencies, and research organizations are large consumers of Global Data Capital, aiming to 

protect and maintain the health of individuals and populations. These organizations use data to study the pandemic’s crisis 

management, biological markers of infections and other diseases, and ways to mitigate the infection spread. An initial reflection 

over the Global Data Capital reveals that the origin of most of this data type is the pharmaceutical industry and trading 

companies for Information and Technology (IT), and that they were originally consuming the “public health data” generated by a 

few healthcare sectors worldwide. As the speed of the pandemic shocked the entire world, it is still possible to see several 

societies and industries “helping” the cause. However, these types of “help” may also disappear, and data sharing may drastically 

decrease. Therefore, several questions and answers arise from the current disruption in the healthcare sector at the Global Data 

Capital level. 

  

Table 1. Comparison of Federated Learning Architectures in Healthcare 

Architecture / 

pattern 
What is shared Why used in healthcare Key risks/limits 

Centralized FL Model updates ↔ aggregator Simpler governance & ops Single point of failure; trust in 

aggregator 

Decentralized ring 

topology 

Predictions to non-custodians; updates 

among subset nodes 

Handles asymmetric 

participation 

Potential leakage via predictions; 

coordination 

Fully decentralized FL 

(FD-FL) 

Peer-to-peer updates/params Stronger decentralization, less 

single point 

High comms + heterogeneity 

makes hard 

 

3. Federated Learning in Health: Concepts and Architectures 
As a subset of distributed machine learning, Federated Learning (FL) enables multiple parties to jointly train a machine-

learning model without wholesale data sharing, allowing for greater privacy, confidentiality and possibly less data governance 

friction. Building upon a standard Federated Learning framework, two hybrid FL architectures have been established that 

support the integration of more advanced security methods (i.e. Secure Multi-Party Computation) as well as Privacy-Preserving 

Input Perturbation techniques (PPIP). Each architecture has been developed to enable distinct federated data-science use cases. 

By making dark data operational in global efforts such as pandemic surveillance and response and precision medicine, FL 

promises to deliver impactful advances across the whole span of human health.  

 

Traditional ML and data-sharing approaches do not adequately meet the distinct privacy and regulatory requirements 

around global healthcare data collaboration. FL provides an alternative: COVID-19, genomics, drug discovery, and other extended 
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healthcare scenarios face the same privacy, governance, knowledge-gap tension as security-critical sectors such as defence, 

finance, and telecommunications, and for similar reasons are embracing federation as a route to data wealth creation without 

the associated privacy liabilities. Existing use cases highlight the importance of extending the concept of RL to FL in order to 

realise these outcomes. 

 

Equation 2) Derivations for the “hybrid / decentralized” topologies 

1. Ring topology update (decentralized subset nodes) 
Let each node   average with neighbors    ( ). A standard formulation uses a mixing matrix   (row-stochastic,      , 

∑       ): 

 Local compute step: 

 ̃ 
(   )

   
( )

     (  
( )

) 

 Ring mixing step: 

  
(   )

 ∑    

   ( ) * +

  ̃ 
(   )

 

Interpretation: you replace the “central aggregator” with neighbor averaging—consistent with ring communication. 

 
2. Fully decentralized all-to-all (FD-FL) 

Same form, but  ( ) is large (potentially all peers). The equation is identical; only the topology changes, which increases 

overhead and coordination burden (the notes operational challenges for FD-FL). 

 
3. Multi-model hybrid FL (two groups: custodians + non-custodians) 

A clean mathematical way: 

 Custodian group  , non-custodians   

 Custodian     trains model    using FedAvg within   (or locally), then shares    outward. 

 A non-custodian     uses an ensemble prediction: 

 ̂ ( )  ∑     

   

  (    ) with         ∑     

   

   

 

3.1. Federated Learning Paradigms 

Federated Learning (FL) systems can be broadly categorized based on the levels of data ownership and participation. The 

simplest scenario occurs when all the participating institutions share a common federated model (centralized FL). In contrast, a 

ring topology is defined when only a subset of institutes acts as nodes in a FL process, i.e., data-custodians of their respective 

data repositories, while the remaining stakeholders share the model predictions derived from the nodes (decentralized FL). True 

privacy-preserving FL architectures, where institutes keep data within their environments without sharing model parameters or 

predictions, such as all-to-all communication topologies in Fully Decentralized FL (FD-FL), are less commonly implemented in 

operational settings due to the challenges in harmonizing model training across dissimilar institutions engaged in decentralized 

health projects. 

  
The multi-model federated approach elegantly merges centralized- and decentralized-architecture concepts to help define 

secure and manageable communication topologies in interaction scenarios characterized by asymmetric data distribution and 

unequal data privacy constraints among partners. It explicitly defines two groups of disease-diagnosing partners; the model-

custodians are responsible for training the models and share only model parameters with the non-custodian sites in a prediction-

accessible ring topology. 

 

3.2. Privacy-Preserving Techniques 

Different privacy-enhancing technologies can be deployed to protect the local data remaining at the data provider site, the 

distributed model weights during training, or the final model resulting from training. With the former, the raw data, which is 

often patient records, is either disclosed only to authorized users or encrypted with cryprographic schemata. The final model 

training returns therefore the best model, without directly providing sensitive data. With the second, by using secure multi-party 

computation (MPC) or homomorphic encryption on the shared model weights during updates, the data provider network joins 

its contribution (the training results) without disclosing its sensitive information. Finally with the last, differential privacy 

assures that the contribution of any individual dataprovider cannot be inferred from the distributed model. Federated Learning 

is a promising approach as data is kept where it is generated. Regulation policies adopted in some regions impose restrictions on 

data exportation outside the region or impose not to keep certain classes of data for long. The integration with respective 

regulations need to be considered building health applications with a federated approach. 
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Figure 3. Hybrid Federated Learning Architectures: A Multi-Model Approach to Asymmetric Data Privacy in 

Decentralized Health Systems 

 

4. Big Data Architectures for Healthcare 
Considerable progress has been achieved over the past decade in implementing Big Data capabilities in Health, and there are 

currently numerous on-going and completed projects showing innovative use cases for these systems. However, such 

implementations still only cover a small number of the use cases for the Global Health sector. Critical challenges and strategic 

recommendations may thus be defined for Big Data systems in Health: 

 Building Data Lakes and Data Hubs in Health: Organizations such as the European Data Protection Board (EDPB) 

underline the necessity of many Data Lakes or Data Hubs in Health to group dedicated healthcare data related to a 

specific context. Currently, many data feeds are being established to support pandemic surveillance, whether for COVID 

or any future emerging disease, but the construction of additional federated Data Lakes or Data Hubs is urgently needed 

to implement any of the other use cases defined in the health zone of the FD-DataSpace such as disease control, 

pathogenic evolution, zoonosis detection, health preparedness or human security. 

 Enabling Open Data Standards for Health Data: The implementation and availability of open data standards in 

healthcare is essential to promote connections and interoperability of the many systems related to Health. Not only the 

open healthcare sediments previously mentioned, also existing reference architectures and information mapping 

frameworks need to be extended and equipped with open data standards to simplify and accelerate the creation of data 

feeds from various health sources into the dedicated Data Lakes or Data Hubs in Health. Equally important is to ensure 

the existence of trusted open data spaces in health. 

 Guaranteeing Compliance, Security, Trust and Privacy: In addition to the above-enabling factors, it is obvious that 

compliance to privacy requirements, cyber-security and security of the entire system need to be ensured. It is equally 
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important to foster public and private trust that such requirements are indeed guaranteed and that, in turn, public and 

private entities benefit from establishing data feeds into the systems. 

 

Equation 3) Step-by-step derivations of privacy-preserving techniques  

1. Secure aggregation (MPC-style) for FedAvg 

Goal: aggregator learns only the sum ∑     (updates), not each   . 

Let client update be      
( )

  ( ). 

Masking derivation (classic secure-aggregation idea): 
 Each pair of clients     agrees on random mask vector      such that           . 

 Client   sends masked update: 

 ̃     ∑     

   

 

 Aggregator sums: 

∑  ̃ 

 

   

 ∑   

 

   

 ∑ ∑     

   

 

   

 

But masks cancel pairwise because           , so: 

∑ ∑     

    

   ∑  ̃ 

 

   

 ∑   

 

   

 

Aggregator gets the needed total update, not individual updates. 

 
2. Homomorphic encryption aggregation (conceptual math) 

With additive homomorphic encryption    ( ): 

 Client encrypts update:    (  ) 

 Aggregator computes encrypted sum: 

   (∑   

 

)  ∏  

 

  (  ) 

 
Figure 4. Comparison of Communication Overhead Across Federated Learning Topologies 

 

4.1. Data Lakes and Data Hubs 

While federated learning enables the distributed execution of training algorithms without transferring raw data, Big Data 

architectures such as data lakes and data hubs facilitate the sharing of data in compliance with privacy regulations and without 

breaching trust. Data lakes enable a large quantity of raw data, acquired from multiple sources, to be stored at low cost for 

potential future use. Data hubs combine semantically aligned data supplied by multiple organizations for cooperative AI 

analytics. In the healthcare context, regulatory frameworks discourage the transfer of personal patient data across jurisdictions. 

Data lakes thus collect information for future global health crises, while organizations employ data hubs to provide, rather than 
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acquire, data from other jurisdictions. A cross-border pandemic should be addressed through compliance with the WHO’s 

International Health Regulations (2005) and the establishment of an operational data hub for one or more infectious disease 

hubs of the European Union’s Digital Europe Programme. 

 

Federated AI architectures are iteratively enhanced through federated learning updates. The Federal Risk and 

Authorization Management Program grants interim security authorizations to cloud services for use by U.S. federal agencies. The 

System and Organization Controls reporting framework assists service organizations in building trust. Achieving compliance 

with these standards strengthens security, heightens the perception of compliance, and augments end-user trust in Health Data 

Lakes. Integrating these trust-enabling elements allows the operationalization of transparent procedures designed to grant end-

users confidence in the proper management of sensitive data in Health Data Lakes and across cooperative Federated Artificial 

Intelligence services. 

 

4.2. Data Standards and Interoperability 

Many factors impede interoperability on a global level. First and foremost, the semantic and syntactic mismatches 

between schemas hampers machine understanding. The compensation needs to be addressed manually with expensive 

annotation or mapping. Furthermore, the structure is not uniform. The original XML encoded data sources do not follow the 

structure necessary for a classical data hub approach. In case of access through copy-and-paste the mapping is still needed. 

Jurisdictional issues also arise from global operation of the virus data hub. Embedding copy-and-paste approaches makes the 

jurisdictional issues more flexible as the data are copied to a national data hub in the normal jurisdiction of the user. 

 

Nonetheless, establishing common syntax and semantic schemas is the primary means of enabling interoperability. By 

encoding data in the Fair Data Principles and through the Genetic Data Poster drafted by the UN Office of the Secretary-General’s 

Special Envoy for the 2030 Agenda for Sustainable Development, standard compliant data can be provided efficiently. Global 

networks involving a data hub within each corner of the world, to be operated by national authorities, is another way to enhance 

the compliance with regulations and laws. 

 

5. Integration of Federated AI with Big Data Systems 
The integration of AI with Big Data and Data Sciences is to support intelligent decision-making processes and provide 

public services. AI is employed to analyze the large amounts of unstructured data generated in Big Data systems, allowing 

predictive modeling and supporting decision-making processes. A contrasting architectural pattern utilizes decentralized 

intelligent systems together with global Big Data infrastructures. This approach allows collaborative public-services intelligent 

system development at a global scale. The Federated AI paradigm is supported by Decentralized Data Mining Foundations and 

allows supporting the security, compliance, and trust necessities of sensitive data analysis. 

 

These patterns facilitate multiple Federated AI Models in parallel, with no restrictions on collaboration with other models 

developed worldwide. Global healthcare collaboration in 2025 is expected to support pandemic surveillance, prediction, and 

control with the connection of autonomous intelligent systems strategically distributed across countries. In a complementary 

perspective, AI models based on AI4EU foundations enable the collaborative development of predictive healthcare-related 

models. Federated AI Models assist in predicting students' academic performance through the cooperation of educational 

institutions and associated organizations. In this collaboration model, local IQ data and academic failure rates are considered 

sensitive. 

 

Table 2. Comparative Analysis of Privacy-Preserving Techniques 

Privacy technique Protects Typical cost Trade-off 

Access control / encryption at rest Raw data locally Low–

medium 

Ops complexity vs usability 

Secure Multi-Party Computation (MPC) / 

secure aggregation 

Updates during aggregation Medium–

high 

Stronger confidentiality vs 

latency 

Homomorphic encryption (HE) on updates Updates during 

compute/aggregation 

High Strong security vs compute 

Differential Privacy (DP) Individual contributions to 

model 

Low–

medium 

Privacy vs accuracy 

 

 

 



*
Shashikala Valiki [2025]       Federated AI and Big Data Architectures for Global Healthcare Collaboration

 

 

 
112 

5.1. Architectural Patterns for Collaboration 

An architectural integration of federated AI and global healthcare data hubs addresses the need for privacy, security, and 

cross-organizational collaboration. It allows the construction of cross-organizational AI models while complying with data 

privacy regulations, and data providers controlled the sharing in a hub-and-spoke model. Beyond the healthcare domain, the 

proposed architecture pattern can be applied in other areas where different entities strive to collaboratively build AI models 

without disclosing sensitive and private data, such as finance and marketing. Increasing regulatory pressures mean that 

federated AI architectures supporting the privacy and protection of sensitive mission-critical data remain pertinent. Structured 

around a data hub, these designs eliminate the need to create point-to-point connections, allowing third parties — within as well 

as outside the project — to access the data without creating extra work for the data providers. Furthermore, such architectures 

are able to cope with data residing in different cloud infrastructures. 

 
Figure 3. The Hub-and-Spoke Federated AI Model: Scaling Cross-Organizational Collaboration through Privacy-

Preserving Data Hubs and Multi-Cloud Interoperability 

 

5.2. Security, Compliance, and Trust 

Global federated health systems must satisfy data security and regulatory compliance obligations for each data source yet 

be sufficiently flexible to support collaborative machine-learning workloads and different security and compliance models, 

including systems that do not require data-sharing or sharing sensitive information and models based on synthetic data. A recent 

proposal offers a multi-tier, multi-domain architecture pattern that addresses these requirements for the case of banking, 

insurance, and credit companies. Additional requirements stem from the need to build public trust in AI-based systems in 

general and in sensitive areas like global health in particular. A framework for responsible AI describes security and privacy 

aspects together with ethical, innovation, and sustainability considerations.  

 

It encourages the adoption of AI governance and risk management frameworks and tools based on principles of privacy 

and data governance, fairness, reliability and safety, inclusiveness, transparency and explainability, and accountability. In global 

health, these principles may need to be extended to also encompass data-sharing readiness and trustworthiness indicators. 

Processes to incorporate privacy and ethical-by-design solutions and ensure AI solutions meet expectations and standards may 

need to be included as well. 
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6. Use Cases in Global Health 
A few specific scenarios are then formulated to illustrate the integration of federated AI systems with big data 

architectures, establishing a direction for these technologies to support global healthcare collaboration by 2025. Federated AI in 

health is among the priority topics identified by the Global Coalition for AI in Health and Life Sciences, with pandemic 

surveillance and response as an initial opportunity. A case of accelerating pathogenic identification and epidemiological 

investigation exemplifies the collaboration between numerous hospitals and institutions responsible for health monitoring and 

assessment during a pandemic. International patients at participating clinical test institutions provide deep sequencing data, and 

genomic surveillance laboratories responsible for benign and malignant modification Welsh data of SARS-CoV-2. Global vaccine 

manufacturers provide clinical feasibility of vaccines against Omicron and its derivative strains. By organically combining all of 

these data and resources, a federated AI research and application system can be constructed for biomedicine, biology, chemistry, 

and synthetic engineering. The AI researcher Graham Hacohen provides synchronized threshold data, and a relatively 

independent transparent liable Technology-based analysis solves the urgent need for pathogens in a short time. 

 

Another major area is pandemics in the fields of precision medicine and precision drug research and development. The 

Medical Data Interoperability Alliance is a social group dedicated to developing an interoperability specification for sharing 

clinical and omic data, and with the ultimate goal of enabling large global multi-dimensional integration, sharing, and 

collaborative modeling of medical and antioxidant clinical data, thus significantly improving the speed and accuracy of precision 

drug research and development. With the support of leading drug manufacturers and technical service providers, the alliance has 

released the OMOP model, which contains medical data standards governing patients and omic analysis; which is still limited to 

individual drug manufacturers. However, through allied cooperation with the Medical Data Interoperability Alliance and 

introduction of analytical models and comparative drugs from leading drug manufacturers, a federated AI pharmacokinetics 

research platform based on the OMOP model and joint clinical analysis and comparison configuration is expected to be deployed 

and implemented quickly. 

 

Equation 4) Big Data side: formalizing “data lakes vs data hubs” integration 

 Data lakes = store large raw data (low-cost storage, future use) 

 Data hubs = semantically aligned data across orgs for cooperative analytics 

 

A minimal mathematical abstraction: 

1. Lake (raw ingestion) as a union of sources 

Let raw sources be        . A lake stores: 

   
 

   
   

No strict schema is required. 

 
2. Hub (semantic alignment) as a mapping into a common schema 

Let   be a shared ontology/schema (e.g., common coding systems). Each org   has mapping   : 
    chema    

Hub dataset: 

   
 

   
  (  ) 

 

6.1. Pandemic Surveillance and Response 

Severe illnesses, pandemics, and health-related emergencies arise almost any time across multiple countries due to 

various reasons. Recent pandemic-like situations, such as COVID-19, have disrupted education and business around the globe. 

So, surveillance is a critical requirement for healthcare stakeholders. The anticipatory surveillance is difficult if the related big 

data are dispersed in place or size, and health-related data of one or few countries cannot provide adequate justification in case 

of a severe illness in any small zone area that has never been seen earlier. Surveillance and resolution are critical requirements 

for pandemic-like massive health-related challenges. 

 

AI applications supported by big data, conventional methods and models enable for adequate performance prediction, 

health disease classification, severity and risk prediction, logistical decision-making, forecasting, business impact analysis, and so 

on for various small and medium-sized categories of illness across a dispersed global region. However, these methods and 

models within the health domain have limitations, assumptions, validation, and justification issues. Even though comparable 

quality of significance can be achieved while integrating a few countries with sufficient data from a few years or even months, it 

always cannot be considered to attain global impact prediction. Hence, federated-designed pattern-based collaboration between 
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various hospitals or countries using their large-size dispersed data or condition and pattern capability is necessary for several 

healthcare cases. 

 

 
 

Figure 4. Privacy–Utility Trade-off under Differential Privacy 

 

6.2. Precision Medicine and Genomics 

Recent years have seen remarkable strides in molecular biology technologies such as genomics, transcriptomics, 

metabolomics, proteomics, and microbiome research yet breakthroughs in new drugs, effective treatment of major diseases, and 

a decline in overall mortality remain rare. There is a growing realization that many diseases cannot be cured or even effectively 

treated without better understanding of individual patient biology and genetics, which i.e. suggests that they require a more 

individual and HUMAN-based medicine approach—the trend known as precision medicine. Genomic studies provide 

fundamental resources for interpreting population variation in genes, phenotypes, and diseases in human beings, animals, and 

plants. All humans are 99.9% genetically identical, yet the small differences that make up the remaining 0.1% of the genome 

sequence constitute the substantial basis for human individuality and susceptibility to disease. Even small differences in genome 

sequences can have an enormous impact on human health. Genetic factors are implicated in many physiological and biochemical 

processes, including responses to pharmaceutical treatments makes them a key factor in personalized medicine. Genomic studies 

of a range of diseases have identified disease-associated variants in populations of European ancestry, but the majority of the 

current genome-wide association studies (GWAS) have been largely limited in their discovery and characterization of population-

specific disease variants. 

 

The exponential increase of biomedical data, including genomic sequences, transcriptome expression data, genome-wide 

association studies (GWAS), clinical data, and drug response and side effects data at an unprecedented scale across millions of 

individuals is helping to develop this new precision medicine area. However, most of the genomic data from different 

institutions, laboratories, and countries lie in silos, which makes it incompletely exploited and analyzed or not well analyzed at 

all. None of the new artificial intelligence methods for health data, especially large language models, has been effectively applied 

to interoperation and semantical modeling of these billion-petal data/multi-modal tasks. Furthermore, although scientific results 

have made humans aware that small differences in genome sequences can have huge effects on humans, the existing publicly 

accessible disease genomics information resources, such as the 1000 Genomes Project, GWAS Catalog, and dbGaP databases, are 

still insufficient for effective population genetic studies, especially for studies of non-European populations. 

 

7. Conclusion 
In conjunction with the increasing use of massively parallel computing clusters capable of AI-inferencing million-dollar AI 

models, federated learning is becoming an increasingly common AI training paradigm designed primarily to address the 

challenges of AI training in highly sensitive environments where data privacy cannot be assured. Federated-learning training 

frameworks promise to revolutionise national and global AI-as-a-service by enabling organisations and countries to securely 

share only the intelligence they can make freely available, while remaining compliant with local privacy regulations.  

 

Federated-learning paradigms and federated vs non-federated computing frameworks have assessment-gridding support 

structures readily available; however, privacy-preserving mechanisms remain an emergent research area defined mainly 

through use-case-specific development initiatives. Federated-learning-as-a-service enables the integration of massive AI models 
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into healthcare data-lake and data-hub architectures, allowing the harmonisation of data hub-intelligence development without 

the need for the dataset owners to share their data with the intelligence developers. Security and compliance services 

empowered through responsibility frameworks such as the Non-Disclosure Covenant help to establish a trust architecture that 

enables the dynamic addition of security, compliance, and trust services to healthcare-data-hub architectures. Concomitant 

provisioning of global-system usage intelligence enables federated-learning-as-a-service to support the identification of 

optimum-specified and -commissioned model-development solutions. Any demonstrated success encourages subsequent 

investment as the enabling-cloud-services geopolitical milieu permits. 

 

 
Figure 5. Strategic Weighting: Federated Healthcare Paradigm 

 

7.1. Final Insights and Future Directions 

The envisioned architecture provides an integrated approach to federated AI, big data and global health. It supports major 

use cases for federated AI in health, including pandemic surveillance and response, and precision medicine with particular focus 

on genomic data. The combination of these use cases is especially timely, as presently they are approaching critical mass, making 

collaboration increasingly plausible and fruitful. The concept outlines a potential architecture for collaboration between 

federated AI in health and big data systems. As information security, privacy and trust are paramount in health, the architecture 

particularly emphasizes safeguarding these factors in three ways. Compliance with legal and regulatory requirements 

underpinning data sharing is addressed through the use of data hubs for restricted data that demand higher levels of protection. 

Transparency and auditability are strengthened by operation of data lakes as a form of data hub, with details of stage 1 processes 

published and stage 3 custom analysis protected by segregation. Finally, a federation-wide policy framework defines the 

operation of the federated AI ecosystem, including participant eligibility, approval of local contributing data for each model 

training round, and handling of divulged fraud. These measures aim to foster a secure, compliant, privacy-preserving and 

trusted federated AI ecosystem that supports crucial public health imperatives and broader AI use and user acceptance across 

society. 

 

The intersection of federated AI in health with big data systems is fleshed out in several dimensions, exploring 

architectural collaboration patterns, security and privacy requirements, and the potential role of compliance and trust. The 

examination draws on the operation of the European Health Data Space – a robust compliance-oriented ecosystem for data lakes 

and data hubs housing health data and digital services that capitalise on sharing – and the landscapes of global public health and 

core federated AI in health user communities. These new AI methods harness tailored data for critical health challenges without 

the ethical, privacy and security risks associated with conventional data sharing. Achieving success hinges on an overarching 

environment that addresses the primary concerns of information security, privacy and ethics in an explicit manner, and so 

strengthens compliance, trust and acceptance. 
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