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Abstract: Cloud-Native Federated Intelligence 

Framework for Real-Time EHR Analytics and AI-

Driven Precision Medicine examined real-time electronic 

health record (EHR) analytics and artificial intelligence 

(AI)-driven precision medicine through dedicated 

applications based on a cloud-native federated 

intelligence framework. Real-world healthcare 

deployment requires cloud-native principles and 

technologies to meet strict demands for rapid response 

times, resilience, and security. Direct access to data 

between healthcare institutions presents significant 

privacy concerns. Federated Intelligence addresses these 

issues by defining a technology stack that ensures 

interoperability across diverse institutions and enabling 

a replicable, reusable, formally governed approach to 

safe data access. 

Keywords: Cloud-native, federated intelligence, 

electronic health record, real-time analytics, precision 
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Prior research on clinical decision support using electronic 

health record (EHR) data has focused on a single health 

organization. Consequently, there has been little 

consideration of the issues surrounding sensitive data, such 

as security, privacy, and interoperability. These issues could 

be alleviated through the adoption of a cloud-native 

architecture that implements a federated intelligence layer 

for shared access to EHR data across different organizations. 

A cloud-native, federated-intelligence framework 

supporting real-time interaction with EHRs, for use in AI-

driven clinical decision support and precision medicine 

applications, is an attractive prospect. through the definition 

and fulfillment of a formal metric specification. 

Table 1: Core Research Focus 

Aspect Description 

Primary Objective Develop a cloud-native 

federated intelligence 

framework for real-time 

EHR analytics and AI-

driven precision 

medicine. 

Key Technologies Federated learning, 

cloud-native 

microservices, AI-driven 

analytics, precision 

medicine. 

Healthcare Scope Clinical decision 

support, sepsis detection, 

COVID-19 risk 

assessment, patient 

monitoring. 

Main Benefits Privacy preservation, 

interoperability, 

scalability, resilience, 

low-latency analytics. 

To obtain a cloud-native architecture, the framework is built 

using microservices and containers with serverless functions 

orchestrated by the cloud provider, which provides 

scalability, high availability, resilience to failures, and 

security-by-design features. The solution leverages the 

federated intelligence layer to distribute real-time EHR 

analytics and detect sepsis in such a way that the 

management of sensitive patients’ data remains under the 

control of the health organizations or within the systems that 

combine the smart analytics. The approach features real-time 

analytics concerning a set of common decision support 

requirements and includes development and inference of a 

risk scoring model in addition to a notification mec
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1. Introduction 

Electronic Health Records (EHRs) provide a rich source of 

time-stamped health data that could enable real-time data-

driven analytics and AI-assisted clinical decision support. 

Nevertheless, major privacy and security challenges must be 

addressed before EHR data can be effectively used for such 

purposes. Federated learning has emerged as a potential 

solution for training machine learning models across 

multiple institutions and locations without sharing the actual 

data, thus preserving privacy. Such a federated intelligent 

framework may also offer a valuable alternative for the 

advancement of digital transformation in several other 

domains. Despite the inherent ability of federated learning to 

mitigate privacy and security threats, the successful design 

and deployment of federated learning solutions applicable to 

real-time EHR analytics remain largely unexplored. In 

addition, the implementation of federated learning systems 

poses various other challenges, including communication 

efficiency, data heterogeneity, and the design of suitable 

asynchronous training protocols. 

 

The rapid AI-driven development of a cloud-native 

federated intelligence framework primarily targets privacy-

preserving real-time EHR analytics. The resulting analytical 

solution for COVID-19 risk assessment and patient 

monitoring comprises an EHR-fed clinical decision support 

service based on risk scoring and alerting logic. The service 

is realized by a range of microservice components that 

guarantee an acceptable level of latency. Although tailored 

to meet the needs of hospital-specific deployment, such a 

real-time EHR-analytics service also integrates a set of 

interfaces that facilitate the wider sharing of decision support 

rules and algorithms within a cloud-native federated 

environment. The architecture is validated through 

experiments involving a COVID-19 assessment application 

located in a single institution. 

1. Federated Model Aggregation Equation 

Let each hospital/node 𝑘train a local model with 

𝑛𝑘patient records. 

𝑁 =∑𝑛𝑘

𝐾

𝑘=1

 

 

Each local model has weights: 

𝑤𝑘

(𝑡+1)
 

 

The global model is the weighted average: 

𝑤(𝑡+1) = ∑
𝑛𝑘
𝑁

𝐾

𝑘=1

𝑤𝑘

(𝑡+1)
 

 

Step-by-step: 

𝑤(𝑡+1) =
𝑛1
𝑁
𝑤1
(𝑡+1)

+
𝑛2
𝑁
𝑤2

(𝑡+1)
+⋯+

𝑛𝐾
𝑁
𝑤𝐾
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Since: 

𝑁 = 𝑛1 + 𝑛2 +⋯+ 𝑛𝐾 

 

the final equation becomes: 

𝑤(𝑡+1) =
1

∑ 𝑛𝑘
𝐾
𝑘=1

∑𝑛𝑘

𝐾

𝑘=1

𝑤𝑘

(𝑡+1)
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2. Background and Motivation 

There is significant interest in building cloud-native 

enterprise solutions for real-time analytics of Electronic 

Health Records (EHRs). Real-time processing combines 

continuous real-time queries with analytic models based on 

historical data. The main vulnerability of modern Cloud 

solutions is represented by the huge volume of personal 

sensitive information, stored in databases shared by all users, 

and therefore potentially accessible by malicious agents. 

Research papers based on Federated Learning (FL) forecast 

a new dawn for Machine Learning-based solutions that 

promise to limit both privacy loss and model accuracy drop, 

but considerable challenges remain. Precision Medicine 

requires that patients should be treated considering their 

personal characteristics, risk factors and lifestyle, and its 

application to treatment decision making should be 

supported by AI decision-support systems providing reliable 

predictions with low probability of error.  

Table 2: Cloud-Native Paradigms 

Paradigm Purpose Benefits 

Microservices Decouple 

applications 

into 

independent 

services 

Scalability, 

Agile 

development, 

DevOps 

support 

Containerization Encapsulate 

software and 

dependencies 

Portable 

deployment 

and faster 

delivery 

Orchestration Coordinate 

distributed 

containers 

Monitoring, 

security, 

automation 

Scalability Dynamic 

resource 

allocation 

Autoscaling 

and instant 

provisioning 

Resilience Graceful 

degradation 

and failover 

Reduced 

downtime 

Security-by-

Design 

Protection 

integrated 

into all layers 

Encryption, 

DDoS/XSS 

protection 

 

2. Local Model Update Equation 

Each hospital updates its model using gradient 

descent. 

Start with local loss: 

𝐿𝑘(𝑤) 
 

The gradient is: 

∇𝐿𝑘(𝑤
(𝑡)) 

 

Using learning rate 𝜂: 

𝑤𝑘

(𝑡+1)
= 𝑤(𝑡) − 𝜂∇𝐿𝑘(𝑤

(𝑡)) 

 

Step-by-step: 

new weight = old weight − learning rate × gradient 

 

So: 

𝑤𝑘

(𝑡+1)
= 𝑤(𝑡) − 𝜂∇𝐿𝑘(𝑤

(𝑡))  

 

3. System Architecture 

Emerging demands for real-time EHR analytics and AI-

driven precision medicine require a cloud-native software 

architecture that supports agile microservices development 

and deployment, data governance in a federated setting, and 



 

4 | P a g e  
 

interoperability across multiple institutions. A cloud-native 

software architecture comprises cloud-based computing 

platforms that employ technologies such as microservices, 

containers, and container orchestration to deliver scalable 

and resilient systems. Deployment is undertaken in 

collaboration with cloud service providers, who assume 

responsibility for physical security, resource allocation, and 

fault recovery. The cloud provider's infrastructure is 

exploited to provide services within a software-as-a-service 

model. Such a paradigm supports resilience to hardware 

failures and denial-of-service attacks, while security is 

further enhanced if the application is designed according to 

the principles of security-by-design. 

 

A key component of cloud-native applications in the context 

of EHR analytics is a federated intelligence layer. Federated 

learning technologies allow development of machine 

learning models at multiple institutions without sharing the 

underlying data with any of them. Most of the data-sensing, 

processing, and controlling functions are distributed to 

institutional nodes closer to the original data sources. A 

federated intelligence layer provides functionalities for 

federated data access, model training and aggregation, 

application of privacy-preserving mechanisms during model 

training and inference, and support for interoperability with 

other institutions across the region or federation to address 

complex and rare medical cases, and training of more 

accurate models for predicting conditions with low 

incidence. 

Data Governance and Compliance Flow 

 

 

3. Clinical Risk Score Equation 

For EHR features: 

𝑥1, 𝑥2, … , 𝑥𝑚 

 

and model weights: 

𝛽1, 𝛽2, … , 𝛽𝑚 

 

the linear risk value is: 

𝑧 = 𝛽0 +∑𝛽𝑖

𝑚

𝑖=1

𝑥𝑖  

 

To convert it into probability: 

𝑅 =
1

1 + 𝑒−𝑧
 

 

Substitute 𝑧: 

𝑅 =
1

1 + 𝑒−(𝛽0+
∑ 𝛽𝑖
𝑚
𝑖=1 𝑥𝑖)
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Final risk-score equation: 

𝑅 =
1

1 + 𝑒−(𝛽0+
∑ 𝛽𝑖
𝑚
𝑖=1 𝑥𝑖)

 

A. Cloud-Native Paradigms 

Microservices decouple applications into independently 

deployable and evolvable services, facilitating Agile and 

DevOps practices. Containerization encapsulates software 

and dependencies for portable, environment-agnostic 

deployment, accelerating software delivery and minimizing 

cloud resources. Orchestration coordinates, monitors, and 

secures distributed containers. Scalability enlarges or 

shrinks resource pools using autoscaling and instant 

provisioning. Resilience reduces service disruption via 

graceful degradation and seamless failover. Security-by-

design establishes protection at every system layer. 

Cloud-native paradigms enhance scalability, resilience, and 

security-by-design, meeting real-time EHR analytics 

requirements. Microservices allow scaling according to 

heterogeneous EHR analytics workloads and resource 

availability. The completely serverless architecture 

leverages automatic scaling based on workload demand and 

provides rapid instant provisioning. Protection from 

common attack vectors, such as DDoS and XSS, and at-rest 

and in-transit data encryption minimize privacy leakage 

during operation. 

Table 3: Federated Intelligence Layer Functions 

Function Description 

Federated Data Access Secure access to 

distributed healthcare 

data without relocation 

Model Training Train machine learning 

models across 

institutions 

Model Aggregation Combine model 

updates while 

preserving privacy 

Privacy Preservation Use differential privacy 

and secure 

communication 

Interoperability Enable collaboration 

across healthcare 

organizations 

Monitoring Track local training 

tasks and aggregation 

status 

B. Federated Intelligence Layer 

The Federated Intelligence Layer serves several critical 

functions, facilitating secure access to sensitive data without 

physical relocation and minimizing the privacy risk 

associated with predictive models derived from these 

resources. A usability-focused federated intelligence layer 

offers a layer of abstraction that allows ESG principals to 

define a data ecosystem that aligns with their requirements 

while applying federated learning methods to orchestrate 

analysis across site-specific or shared resources. A federated 

layer also leverages connectivity and interaction with the 

broad intelligent edge to collaboratively enhance specific 

resources across institutional boundaries. 

 

The federated feature extends beyond data-sharing 

initiatives via federated solutions for model aggregation, 

with support for privacy-preserving techniques that ensure 

model parameters contain no sensitive information. The 

pilot now includes Gaussian differential privacy for release 

of shared attributes, and solutions enabling patchy 

communication with limited or no network connectivity are 
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under investigation. Another important aspect of the 

federated layer that supports its usability is the definition of 

an interoperability interface within the ESG community 

model. These interfaces not only facilitate local learning 

within data provider silos but, more importantly, provide a 

mechanism for ESG governing bodies to enrich local 

training datasets and monitor the status of local training tasks 

through aggregation of model parameters across ESG 

components. 

Synchronous vs Asynchronous Federated Learning 

 

4. Data Governance and Compliance 

Data governance ensures appropriate availability and 

utilization of data for regulated and legal purposes. Models, 

datasets, and components contained within the cloud-native 

federated intelligence framework for real-time EHR 

analytics and AI-driven precision medicine span multiple 

governance domains, involving private, nondiscriminatory, 

health, insurance, environmental, and tax data associated 

with authorities. The impact analysis of EHR analytics with 

respect to regulatory compliance, risk, and uncertainty is 

mapped to five domain boundaries. Regulatory compliance 

requirements related to data management and availability, 

security, and risk monitoring are spread across three 

domains: ethics, security and privacy, and technology. 

Within these domains, it is imperative to establish 

appropriately defined and regulated policies for accurate risk 

scoring and recommendation visualization, as well as for 

maintaining clinical actionability to alerting and decision 

support systems. The retained model must apply current 

medical records and previous medical history to maintain 

reliability and allow early detection of failure at any stage. 

Achieving the technical capability for diverse datasets to 

share and exchange healthcare data requires adherence to 

semantically interoperable data and metadata standards. 

Metadata standards support the harmonization of schemas 

used throughout the data integration process. The technical 

environment also ensures recommendations and decision 

support rules adhere to legal, ethical, and business-policy 

considerations at multiple healthcare provider organizations. 

Supporting alignment with these clinical, legal, and 

organizational factors, audit and provenance results comply 

with data standpoints of the three organizations involved 

within the framework. The combination of data sources, 

technologies, and analytics means that relevant consent, 

policy, and auditability requirements must be followed. 

These requirements are similarly required across many 

healthcare domains where the models are deployed, 

validated, and tested. 

4. Normalized Risk Score Equation 

The article says risk scores are normalized into [0, 1]. 



 

7 | P a g e  
 

Given raw score 𝑠, minimum score 𝑠min, and 

maximum score 𝑠max: 

𝑅norm =
𝑠 − 𝑠min

𝑠max − 𝑠min

 

 

Step-by-step: 

𝑠 − 𝑠min 

 

measures how far the current score is from the 

minimum. 

𝑠max − 𝑠min 

 

measures the full score range. 

Therefore: 

𝑅norm =
𝑠 − 𝑠min

𝑠max − 𝑠min

 

 

This guarantees: 

0 ≤ 𝑅norm ≤ 1 

A. Interoperability and Standards 

Standards are essential for cross-organizational and cross-

geographical data exchange and processing of EHRs. 

Explicitly documented data standards (for example, FHIR 

and DICOM), other relevant metadata models, the schema 

harmonization of data exchanged across organizations, and 

the alignment of data-privacy policies are under 

consideration. Interoperability depends especially on the 

capabilities to support patient consent, to record data 

provenance, and to master audits in line with the legal 

frameworks of the involved stakeholders. The handling of 

consent is critical in many federated learning scenarios. 

Patients need to express and control their consent pertain to 

the use of their EHR data for model training or inference in 

specific situations. Transparent management and clear 

record-keeping permit a form of federated learning where 

patient consent is guaranteed even if multiple prospective 

parties are not mutually trusted. 

 

Data provenance tracks the lineage of models, and audit 

trails record the access to the patient data involved in training 

or predicting with the models. Proper data provenance 

guarantees a minimum level of trust that can be formally 

assigned to the generated models. The internal architecture 

of a (AI) model can be exploited to minimize the risk of 

exfiltrating patient information by guaranteeing that a model 

is not memorizing patient samples during model training or 

inference. Another forms of risk control are the embedding 

of differential privacy mechanisms in the architectural 

design of the predicting model and the association of a risk 

score to a model used by a third-party organization. 

Table 4: Data Governance and Compliance 

Governance Area Key Requirements 

Ethics Regulated data usage 

and fairness 

Security & Privacy Encryption, privacy-

preserving analytics, 

access control 

Technology Reliable risk scoring 

and monitoring systems 

Auditability Traceability of model 

usage and data access 

Consent Management Patient control over 

EHR usage 
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5. Federated Learning and Inference 

While the proposed cloud-native federated architecture 

enables the federation of EHR data and performs real-time 

analytics at a multiple-organisation level, it does not address 

the issue of federated model training and inference at the 

same time. The two major components of federated learning 

are federated model training and federated model inference. 

Research on federated model training focuses on parallel 

training of model parameters in the multiple health 

institutions involved, while federated model inference 

focuses on prediction and risk scoring normalized in real 

time during inference. There is a need to explore federated 

learning protocols designed for parallel model training 

within a secured multi-participating environment, allowing 

training of a central model without exchanging local data. 

The federated learning protocols can be categorized along 

several dimensions, including synchronous vs. 

asynchronous training, averaging methods, privacy-

preserving mechanisms, communication efficiency and fault 

tolerance. 

In real-time clinical decision-support applications, model 

inference latency should typically be less than 1 s. Therefore, 

multiple decision support rules are often executed 

simultaneously, with an environmental monitor 

continuously tracking the incoming stream of all relevant 

patient attributes. In such a scenario, the decision support 

system should have the ability to generate risk scores for 

these groups of patients. At the moment of scoring, the risk 

scores of the decision support rules are normalized within 

the range of [0; 1], allowing for model aggregation during 

real-time inference. 

5. Real-Time Latency / Throughput Equation 

The article separates total latency into real-time and 

non-real-time parts. 

𝐿total = 𝐿real-time + 𝐿non-real-time 

 

For clinical decision support, latency should satisfy: 

𝐿total < 1 second 

 

So: 

𝐿real-time + 𝐿non-real-time < 1  

 

Throughput is the number of processed EHR requests 

per unit time: 

𝑇 =
𝑄

Δ𝑡
 

 

where 𝑄is the number of processed queries and Δ𝑡is 

time. 

Final throughput equation: 

𝑇 =
𝑄

Δ𝑡
 

A. Federated Learning Protocols 

Protocols governing federated learning fall into two 

categories: synchronous and asynchronous. A synchronous 

training protocol determines when model updates are 

aggregated based on the slowest participant involved in the 

process; the aggregated model update is then sent to the other 

participants for an optimized round of local training. 

Conversely, within an asynchronous training setting, the 

aggregated model update is applied to participants with slow 

internet connections. The main advantage of an 

asynchronous design is that it does not require all nodes to 

synchronize their model updates. As training protocols for 

federated learning converge, there are effectively two sets of 

aggregators: a master machine, which is generally mounted 

by a server with sufficient computing resources; and 

multiple auxiliary nodes associated with users who perform 

local model training. 
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Protocol design in federated learning must also take into 

consideration the nature of channel communications. 

Federated learning is based on the following two-way 

communication model: each user sends a model update to 

the master machine, which in turn transmits the aggregated 

model to all participants. To mitigate communication 

overhead, some protocols adopt bandwidth-efficient 

direction-aware communication strategies, while others 

employ clustering or power-based techniques to address the 

communication burden posed by mobile edge computing. 

Furthermore, federated learning allows users to send model 

updates to the master machine at will, so long as several 

fault-tolerant mechanisms are incorporated to maintain 

stable system operations. Such mechanisms can be 

categorized according to four operational contexts: at the 

user level, within the binary tree, at the aggregator level, or 

across the entire training ecosystem. 

Table 5: Interoperability Standards 

Standard/Concept Role in Framework 

FHIR Healthcare data 

exchange 

interoperability 

DICOM Medical imaging data 

standardization 

Metadata Standards Schema harmonization 

and integration 

Audit Trails Record data access 

and model interactions 

Data Provenance Track lineage of data 

and AI models 

6. Real-Time EHR Analytics 

Applications 

Novel healthcare IT systems demand early progress toward 

cloud-native EHR analytics capabilities capable of real-time 

delivery via well-defined interfaces to support AI-driven 

clinical decision support applications within organizations. 

A dedicated cloud-native and federated intelligence 

architecture can fulfil this need. The analytical use cases are 

closely related to clinical decision support, alerting 

healthcare professionals, and facilitating analysis through 

visualization dashboards. Supporting the use cases requires 

specifying appropriate decision support rules, content 

models for risk scores, a set of alerts covering critical care, 

and a preview of visualization dashboards supporting 

predictive analysis. The QA & optimization layer plays a 

crucial role, decoding network traffic patterns to indicate 

system behavior over time. 

Table 6: Federated Learning Protocol Comparison 

Protocol 

Type 

Characteris

tics 

Advantag

es 

Challenge

s 

Synchrono

us 

Waits for 

all 

participant

s before 

aggregatio

n 

Stable 

converge

nce 

Slowest 

node 

delays 

training 

Asynchron

ous 

Updates 

aggregated 

independen

tly 

Handles 

slow 

connectio

ns 

efficientl

y 

Potential 

model 

inconsiste

ncy 

A. Clinical Decision Support 

Six real-time analytics applications—mortality risk scoring, 

readmission risk scoring, acute kidney injury alerting, sepsis 

alerting, and COVID-19 alerting—contribute to a federated 

learning-based clinical decision support system. Together, 

they enable computing populations of risk models, detect 

patients at risk, apply decision support rules, and raise alerts 

at participating hospitals. To meet end-user latency 

requirements, system latency is partitioned into real-time 

and non-real-time sums. Optimal scheduling assigns 

applications to a single instance in the federated intelligence 

layer according to their non-real-time demands and the 

number of model training requests. Python microservices, 

supported by Redis as an in-memory database, provide the 

real-time resources. 
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In hospitals, these compute-intensive data-hungry 

applications represent decision support subsystems, while 

the federated intelligence layer mainly supports the learning 

agenda. In the clinical decision support system context, 

therefore, analytical latency assumes a dual role, shaping 

both the real-time delivery structures and the frequency with 

which federated model inference and training requests are 

placed. 

 

7. Conclusion 

The proposed Cloud-Native Federated Intelligence 

Framework addresses the needs for real-time advanced 

analytics on electronic health records and provides AI-

driven Clinical Decision Support for the precision medicine 

paradigm. Reinforcing Intelligent Healthcare as a Service, 

the Computational-Intensive Services and Federated 

Intelligence layers are built using cloud-native paradigms 

while the rest of the framework is defined from a cloud-

agnostic perspective. Clinical Decision Support use cases 

relying on analytics and risk assessment foundations are 

specified. 

Future work will deploy the framework around a regional 

clinical network and validate its ability to serve AI-driven 

Clinical Decision Support solutions through a set of well-

defined criteria. Data complexity and heterogeneity will 

have a marginal impact on AI models trained within an easy-

to-use federated learning environment while still preserving 

patients’ privacy. Furthermore, the federated paradigm will 

enable the application of AI models on real-world data from 

external sources without any data exchange, exposing just 

the needed aggregate information to maintain data utility. 

Performance Evaluation and Validation Flow 
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