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ABSTRACT 

Big data in healthcare medical exploration is generally 

adding at a rapid-fire rate. It is also a catalyst for 

improving quality and optimizing safety in terms of 

case services. Nevertheless, the nature of the data itself, 

with respect to health concerns, creates certain issues 

concerning sequestration and security of this data, 

which will affect the process of joint analysis of the 

distributed datasets. The offer involves the big data 

framework that will facilitate sequestration-conserving 

healthcare analytics. 

 

This utilizes the federated learning methodology, 

which, in turn, is a form of decentralized learning of 

localized sensitive data. Patient information refers to 

information about a particular case. Actually, the issues 

of data breach are accommodated in the frame as data 

is stored locally, and the stringent ETDP agreement 

between the provider and the consumer, which 

complies with HIPAA and GDPR guidelines. The 

following report offers an elaborate analysis of this 

frame, starting from an overview. The current systems 

operate using centralized data storage, and its 

constraints in the healthcare sector. 

 

It is followed by a discussion on the underlying 

architecture, the allied system, particularly on data 

sequestration. The report includes a study on the 

feasibility study, which will guide someone tasked 

with conducting one. The tool kit used in conducting a 

feasibility study consists of several tools, individually 

from a feasibility report, such as a geek, and design 

details of the druggies, functional and non-functional 

constraints used in designing systems. 

 

 

 

KEYWORDS : Real-Time Data Collection, Load 

Balancing and Stability Control, Data Visualization 

Dashboard, Automated Alert System, Predictive 

Maintenance Support, Scalable and Flexible 

Architecture. 

INTRODUCTION 

 
Conventional healthcare data analysis system operate on 

the base of data compendium collected from a common 

source. All the data coming from colorful sources is 

integrated into an information storehouse for posterior 

processing. When data is processing.This way of 

handling information definitely makes things simpler, 

but it also opens the door to security risks and 

challenges in getting useful analytics. After collecting 

and storing the data, you have the Data Processing 

Layer—this is where the real work happens. 

The main goal here is to clean and transform raw data so 

it’s ready for analysis. Tools like Apache Spark or 

Hadoop MapReduce come into play. They help cut out 

any unnecessary or noisy data, fix missing values, and 

normalize everything so differences in scale don’t mess 

things up. Real-time stream processing can spot patterns 

even as the data flows in. 

To handle privacy concerns, a new approach has 

emerged: privacy-preserving analytics, especially 

important in healthcare. With federated learning, each 

healthcare provider keeps its data on-site. Only the 

model itself, not the raw data, gets shared and updated 

across different institutions. This keeps sensitive 

patient information safe while still letting everyone 

benefit from a smarter, more complete model. 

 

I LITERATURE REVIEW 
 

Digital healthcare is booming, and with it comes a 

flood of data—think electronic health records, medical 

images, streams from wearable devices, and even 

genome info. The old way of building machine learning 

models meant collecting all that data from different 

hospitals and piling it into one big database. Sure, it 

works, but it’s a nightmare for privacy, not to mention 

all the legal and security headaches. Now, there’s 

federated learning. With this approach, hospitals and 

clinics can work together to train models, but the data 

never leaves their own servers. Patients’ information 

stays put, and everyone still gets the benefit of smarter, 

shared healthcare tools. 

Federated learning has been shown to work well in 

clinical prediction tasks, disease diagnosis and in 

analyzing medical imaging via several studies. Unlike 
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a conventional distributed learning framework, FL 

sends model updates instead of raw data, thus 

mitigating the risk of direct privacy leakage. Recent 

research studies on federated approaches enhance 

model generalization by aggregating heterogeneous 

data from various hospitals without violating 

healthcare communication guidelines. 

 

 

 

II EXISTING SYSTEM 

 
The predominant paradigm for large-scale healthcare 

analytics has traditionally been the centralized 

approach. from various sources, such as hospitals, 

clinics, and research institutions, are collected, 

standardized, and stored in a central data warehouse or 

data lake. This centralized repository then serves as the 

single source of truth for all analytical queries and 

machine learning model training. advancements in 

medical research, it is fraught with inherent limitations, 

healthcare data. 

 

The Centralized Data Approach The Centralized Data 

Approach Typical centralized healthcare analytical 

architectures handle their Different. This information is 

then extracted, transformed and loaded (ETL) to a 

centralized database. Once this aggregation is made, 

data scientists and researchers can then use powerful 

analytic tools for everything from statistical analysis to 

advanced deep learning algorithms to derive insights, 

create predictive models, and support clinical decision- 

making. Direct access has the first generalized models. 

That centralization of all the ecology makes 

governance easy since it is bottom up, in a controlled 

environment. 

 

 

III PROPOSED SYSTEM 

In both decentralized and centralized healthcare 

systems, we clearly need a federated big data 

framework. Traditional or centralized data analysis has 

its own problems, such as security risks, slow access, 

and data silos. With a federated framework, different 

organizations can work together and conduct large- 

scale analytics or machine learning without having to 

store all that sensitive patient data in one place. This 

improves collaboration while maintaining privacy.The 

system would be based on the framework of Federated 

Learning, whereby analytical models would be brought 

to the data, rather than the other way around. 

 

Advantages of Proposed System 

 
1. Improved Data sequestration and Security : This 

is the topmost advantage offered by the new system. 

This is made possible by homomorphic encryption 

algorithms that keep patient data within the source 

institutions due to their strong fine parcels, guarantees 

that the data of specific cases is are not identified from 

the updates. 

 

2. Enhancing Compliance with Regulations : The 

allied armature follows the HIPAA and GDPR 

regulations more fluently. Because raw data is not 

transferred across institutional or geographical 

boundaries, sharing are greatly reduced. 

 

3. Fosters Collaboration : Breaks Down Data Silos By 

furnishing a secure way for collaboration on analytics, 

it promotes collaboration among different healthcare 

installations. This enables the construction of accurate 

and robust machine literacy models on larger could, 

what the system itself could give on its own. 

 

4. Data Sovereignty and Control : The party 

institutions will retain sovereignty and control over 

their data. They can also determine when and how to 

share in the allied literacy and leave the scheme 

anytime. It therefore solves the data governance issues 

that typically make data participating grueling in a 

centralized approach. Lower Communication Outflow 

and Costs The allied system may be more effective. 

 

5. High Scalability : The decentralized nature makes it 

largely scalable. It's fairly easy to introduce new 

institutions into the network, with a massive overhaul 

of a central data depository and the system can develop 

naturally with further associations wanting to be part. 

 

 

SYSTEM ARCHITECTURE 
 

Figure : shows that Architecture Diagram 
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IV EXPERIMENTAL RESULTS 
 

 
1. Experimental Set Up : 

The proposed federated big data framework was 

evaluated using a distributed healthcare analytics 

environment consisting of multiple simulated medical 

institutions. Each client node represents a healthcare center 

that locally trains the model on private datasets while 

sharing only encrypted model updates with the central 

aggregation server. The experiments were implemented 

using Python-based deep learning libraries with federated 

learning support. 

 

2. Performance Matrics : 

 

To assess the effectiveness of the proposed framework, 

the following evaluation metrics were considered as : 

Accuracy: Measures the overall correctness of 

healthcare predictions. 

Precision and Recall: Evaluate the ability of the model 

to correctly identify positive clinical cases. 

 

3. Comapritive Analysis : 

 

The proposed federated framework was compared 

against a centralized machine learning model and a basic 

federated learning baseline without privacy enhancements. 

Experimental results demonstrate that the proposed model 

achieves comparable prediction accuracy while 

significantly improving privacy protection. 

4. Training Convergence : 

 

Experimental observations indicate that the global 

model converges steadily over multiple federated rounds, 

even under heterogeneous data distributions. The adaptive 

aggregation mechanism improved convergence speed 

compared to traditional federated averaging methods. 

Additionally, communication- efficient update strategies 

reduced bandwidth usage, making the framework suitable 

for real-world healthcare networks with limited 

connectivity. 

 

5. Discussion of Results : 

 

The experimental results confirm that the proposed 

federated big data framework effectively balances privacy 

preservation and predictive performance in healthcare 

analytics. The system demonstrates robustness against data 

heterogeneity and provides scalable collaboration across 

distributed medical institutions. The integration of privacy 

mechanisms ensures secure model training without 

exposing sensitive patient information. 

https://ijsrem.com/


           
        International Journal of Scientific Research in Engineering and Management (IJSREM) 

                       Volume: 10 Issue: 05 | May - 2026                         SJIF Rating: 8.659                                      ISSN: 2582-3930                                                                                                                                               

 

© 2026, IJSREM      | https://ijsrem.com                                                                                                                                     |        Page 4 
 

 

 
 

 

 

 

 

 

 

V CONCLUSION 
 

The Federated Big Data Framework for Privacy- 

Preserving Healthcare Analytics represents a significant 

step forward in addressing the critical challenge of 

leveraging big data in healthcare while upholding the 

highest standards of patient privacy. The 

implementation of the Federated Big Data Framework 

addresses the fundamental tension between high-utility 

medical research and the imperative of patient data 

sovereignty. By migrating away from high-risk data 

centralization, the platform adopts a distributed learning 

topology that processes sensitive healthcare information 

locally. This architectural shift not only fortifies the 

system against large-scale breaches but also ensures 

rigorous adherence to global regulatory mandates like 

GDPR and HIPAA. 

 

The primary triumph of this framework lies in its 

ability to systematically dismantle computational silos 

that have historically stifled medical innovation. 

 

1. Preserving Informational Integrity: By utilizing 

state-of-the-art Privacy-Preserving Techniques— 

including differential privacy and secure multi-party 

computation—the framework allows for the extraction 

of high-fidelity insights without the need for raw data 

exposure. 

2. Scalable Diagnostics: The decentralized nature of 

the system ensures it can scale across heterogeneous 

institutional networks, enabling researchers to conduct 

longitudinal studies on massive, diverse datasets while 

maintaining an uncompromising stance on patient 

anonymity. 
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