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Abstract: - Chronic diseases, specifically Cardiovascular Disease (CVD), pose a substantial worldwide health obstacle, requiring innovative and
comprehensive approaches to management. This study presents an innovative method for managing chronic diseases by combining Federated
Learning (FL) and the Internet of Things (IoT). The goal is to offer tailored healthcare solutions. The study presents a new approach called
Federated Transfer Learning (FTL) that incorporates Adaptive Gradient Clipping (AGC) to improve the performance of models and maintain
privacy in a distributed network of healthcare devices.

The primary objective of this study is to develop a holistic framework that seamlessly amalgamates data from various sources, including wearables,
medical devices, and electronic health records, utilizing FL to build a centralized model while preserving data privacy at the individual level. The
proposed Faster Than Light (FTL) algorithm with Automatic Gain Control (AGC) enhances the process of model convergence, guaranteeing
stability and dependability in a federated learning environment. The research methodology entails implementing the suggested framework in the
management of Cardiovascular Disease (CVD). The performance of the model is assessed using the Area Under the Curve (AUC) metric, resulting
in an impressive AUC score of 92.4%. This highlights the efficacy of the integrated approach in precisely forecasting and controlling risks
associated with cardiovascular diseases (CVD), showcasing its potential for widespread use in managing chronic diseases. The key findings
emphasize the advantages of integrating IoT devices into the FL ecosystem, enabling the immediate surveillance and gathering of various health
data. The decentralized nature of the learning process enables model training to occur without compromising data privacy, making it suitable for
large-scale healthcare systems. Moreover, the implementation of Faster Than Light (FTL) with Automatic Gain Control (AGC) improves the
resilience and effectiveness of the federated learmning procedure, thereby enhancing the overall achievement of the suggested framework. In
conclusion, this study presents a groundbreaking contribution to the field of chronic disease management, specifically targeting Cardiovascular
Disease. The combination of Federated Learning and IoT, along with the innovative Federated Transfer Learning with Adaptive Gradient Clipping,
not only achieves outstanding predictive accuracy but also guarantees the privacy and security of sensitive health data. The proposed framework
holds significant promise for revolutionizing personalized healthcare solutions, paving the way for a more effective and patient-centric approach
to chronic disease management.

Keywords: Chronic Disease Management, Federated Learning, Internet of Things (IoT) Personalized Health Care, Cardiovascular
Disease (CVD), Federated Transfer Learning.

LINTRODUCTION
There has been a paradigm shift in healthcare strategies that is required as a result of the alarming global health
concern that has arisen as a result of the increasing prevalence and impact of chronic diseases. One of the most
important aspects of these shifts is the recognition of the significance of personalized healthcare in the management
of medical conditions that are chronic. Traditional models of Chronic Disease Management (CDM) are encountering
an increasing number of challenges, particularly in the field of Cardiovascular Disease (CVD). As a result, there is
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a growing impetus to investigate novel approaches in order to improve the efficacy and efficiency of healthcare
delivery[1].

An essential understanding of the development of healthcare practices can be gained by examining the historical
progression of Chronic Disease Management procedures. When management protocols were first developed, they
were frequently overly generalized and reactive[2], [3]. They lacked the personalized touch that is essential for
addressing the specific requirements of individuals who have chronic conditions. The contemporary landscape of
chronic disease management is marked by intricate challenges, encompassing issues such as fragmented data silos,
interoperability constraints, and heightened concerns over data privacy[4], [5].

In response to these challenges, emerging technologies such as Federated Learning (FL) and the Internet of Things
(IoT) have garnered attention for their potential to revolutionize healthcare practices. These technologies have the
potential to revolutionize healthcare in multiple ways[6]. The decentralized machine learning approach known as
Federated Learning makes it possible to train models in a collaborative manner across multiple devices that are
located in different locations without the need for centralized data aggregation. Concurrently, the Internet of Things
enables the collection of data in real time through the use of interconnected devices, which results in the provision
of a wealth of information that is beneficial to health-related matters[7].

The identified difficulties in the conventional approach to the management of chronic diseases constitute the core
of the problem statement, which encourages the investigation of alternative approaches to the problem. As a result
of their ability to foster collaborative, data-driven, and privacy-preserving approaches to healthcare, Federated
Learning and the Internet of Things have emerged as promising candidates for addressing these challenges. The
purpose of this introduction is to lay the groundwork for a more in-depth investigation of these technologies and
their incorporation into a unified framework for the management of chronic diseases that are personalized[8], [9].
According to this context, the research objectives that have been outlined are both ambitious and far-reaching. The
first and most important objective is to create a holistic approach to the management of chronic diseases that goes
beyond the limitations of traditional approach methods. One of the most important aspects of this strategy is the
incorporation of Federated Learning and the Internet of Things, which together produce a synergistic environment
that makes the most of the advantages offered by both technologies[3], [10]. In addition, the implementation of the
innovative Federated Transfer Learning with Adaptive Gradient Clipping represents a commitment to addressing
the challenges that are associated with the training of models in environments that are decentralized. When it comes
to predicting cardiovascular disease (CVD), the ultimate benchmark for success is set at achieving an Area Under
the Curve (AUC) 0f 92.4. This demonstrates a commitment to precision and reliability in the outcomes of healthcare.

In the subsequent investigation of Federated Learning in the healthcare industry, specific studies are investigated.
These studies include Privacy-Preserved Medical Internet of Things and FL for Heart Disease Prediction in IoT-
Based Electronic Health Records. The purpose of these studies is to highlight the fundamental privacy concerns that
are associated with healthcare data and to demonstrate the potential of Federated Learning in the prediction of heart
diseases. Using this foundation as a starting point, the literature review goes on to investigate the specific domain
of Cardiovascular Disease Prediction with Federated Learning. More specifically, it investigates General Cardiac
Disease Prediction as well as the application of Federated Learning specifically for Heart Disease Prediction.
Cardiac Diagnostic Feature Identification, Real-Time Remote ECG Monitoring, and loT-Enabled Heart Disease
Prediction Using Deep Learning and Meta-heuristic Approaches are the three distinct avenues that are investigated
in this methodology. The incorporation of the Internet of Things (IoT) in healthcare is an essential component of the
proposed methodology. Identifying critical diagnostic features, enabling real-time monitoring, and predictive
modeling are just some of the applications that are highlighted by these components, which highlight the diverse
applications of the Internet of Things in the healthcare landscape.

In essence, this elaborated introduction begins the process of laying the groundwork for a more in-depth
investigation into the holistic approach that has been proposed for the management of chronic diseases. It
underscores the urgency and significance of redefining healthcare practices, incorporating advanced technologies,
and aligning research efforts towards achieving personalized, efficient, and privacy-preserving solutions for chronic
disease management, particularly in the context of cardiovascular disease.

Our contribution

. Holistic Framework Development: Our primary contribution lies in the development of a comprehensive
framework for chronic disease management. This framework integrates two cutting-edge technologies — Federated
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Learning (FL) and the Internet of Things (IoT) — creating a symbiotic relationship that harnesses the strengths of
decentralized machine learning and real-time data collection through interconnected devices.

. Innovative Federated Transfer Learning: We introduce a novel approach to Federated Transfer Learning,
enriched with Adaptive Gradient Clipping. This innovation addresses the challenges associated with decentralized
model training, ensuring stability, efficiency, and enhanced privacy preservation across a network of healthcare
devices. This contribution is pivotal in optimizing the performance of the proposed framework.

. Highly Accurate Cardiovascular Disease (CVD) Prediction: Our research culminates in the achievement
of an impressive Area Under the Curve (AUC) score of 92.4 in predicting cardiovascular disease. This high level of
predictive accuracy demonstrates the efficacy and reliability of our holistic approach, positioning it as a valuable
contribution to the field of personalized chronic disease management, specifically targeting CVD.

IL.LITERATURE REVIEW

The literature on Federated Learning (FL) and its application in healthcare, particularly in the context of chronic
disease management, demonstrates that this is a field that is rapidly evolving and is characterized by ongoing
innovation and investigation. In their study, Thilakarathne et al.[11] highlight the critical role that FL plays in
protecting individuals' privacy within the context of the Internet of Things (IoT) in the medical field. Their
concentration on the utilization of methods that are both secure and respectful of individuals' privacy is in line with
the growing concern that is being expressed regarding the administration of sensitive medical data. Bebortta et
al.[12] contribute to the improvement of this narrative by presenting "FedEHR," a novel Federated Learning (FL)
methodology that was developed specifically for the purpose of forecasting heart diseases by utilizing Electronic
Health Records (EHR) that are based on the Internet of Things (IoT). The results of this study illustrate the
adaptability and versatility of FL methodologies in a variety of healthcare settings.

In the field of cardiovascular disease detection, Moshawrab et al.[13] present a comprehensive analysis of the
application of multimodal machine learning techniques. The findings of their research provide a comprehensive
understanding of the potential enhancements in detection accuracy that can be accomplished through the
combination of multiple data modalities. In the context of big data, Gadekallu et al.[14] present a comprehensive
analysis of Federated Learning (FL), which extends beyond its applications in the medical field. This survey
broadens the scope of the investigation by investigating the possibilities and applications of Federated Learning in
a variety of fields. It provides a comprehensive perspective on the current state of Federated Learning as well as the
future prospects of the technology in terms of its ability to manage extensive healthcare datasets.

In the context of the prediction of cardiovascular disease, Alhammadi et al.[15] and Bharathi et al.[16] investigate
the field of artificial intelligence and Federated Learning in order to arrive at accurate predictions regarding cardiac
diseases. When it comes to the prediction of cardiac diseases, Alhammadi primarily address the topic in a general
sense, whereas Bharathi concentrate specifically on the prediction of heart diseases within their research. These
studies provide evidence that FL is effective in enhancing predictive modeling for cardiovascular health,
highlighting the fact that it has the potential to have a significant impact on early diagnosis and intervention.

In the research, Sakib et al.[17] propose an asynchronous method for electrocardiogram (ECG) analysis that makes
use of Federated Learning. Because of this, they emphasize the significance of processing data in real time in order
to guarantee the timely detection of arrhythmia. The authors Li et al.[18] present a smart healthcare system that
follows the principles of Federated Learning and places an emphasis on the protection of patient’s privacy. This
system is a demonstration of the capability to provide healthcare solutions that are both secure and efficient. The
research that was carried out by Yaqoob et al.[19], [20] looks into the possibility of combining classifier-based
Federated Learning with feature optimization. The effectiveness of Federated Learning methodologies in accurately
predicting cardiovascular diseases is demonstrated by these studies, which also highlight the potential for
customization of these methodologies.

Frameworks for identifying cardiac diagnostic features and monitoring real-time remote electrocardiograms using
the Internet of Things (IoT) in the healthcare industry have been proposed by Kumar et al.[21] and Sahu et al.[22].
Mishra et al.[23] present a model that uses data from ECG and the Internet of Things to make predictions about
heart disease. For the purpose of achieving higher levels of accuracy, the model incorporates both deep learning and
meta-heuristic techniques. The authors Umer et al.[8] present a remote monitoring system that is specifically tailored
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for patients suffering from heart failure. This system is based on the Internet of Things (IoT). The wider range of
applications of the Internet of Things in personalized healthcare is demonstrated by this system.

Kotkar et al.[24] propose a healthcare framework that is based on the Internet of Things and can detect arrhythmia.
Additionally, trust-aided routing protocols are utilized by the framework, which takes into consideration Quality of
Service (QoS). When it comes to Internet of Things (IoT) systems in the healthcare industry, their work highlights
how important it is to have dependability and effectiveness. To provide a brief summary, the literature review offers
a comprehensive understanding of the shifting landscape of FL and IoT applications in the management of chronic
diseases, with a particular emphasis on cardiovascular diseases. With the help of these studies, the fundamental
principles that underpin further advancements in personalized healthcare solutions have been established. Within
the context of reshaping the healthcare system, they highlight the potential transformative effect that could be
achieved by integrating federated learning (FL) and the Internet of Things (IoT).

III.METHODOLOGY
Holistic Framework Development
3.1. Integration of FL and IoT for data aggregation
Here propose a synergistic integration of federated Learning and IoT to facilitate data aggregation in a distributed
healthcare environment. The aggregated model M,at each round ¢ computed as

1
Mtzﬁ 5:\,:1Mi,t—1""1

where, N= “no. of participating devices”, M;,_;= “local model of device I from previous round t-1”. The
aggregation is performed by averaging the local models, ensuring collaborative model training while preserving
data privacy at individual devices.

3.2, Overview of Federated Transfer Learning (FTL) with Adaptive Gradient Clipping
The proposed FTL with Adaptive Gradient Clipping (FTL-AGC) introduces an adaptive clipping mechanism during
transfer learning process as shown in eq.2

Oie = 0irq — U-Clip(vfi,t—l(gi,t—l)'y' Std(vfi,t—l(ei,t—l)))~~2

where, 8, ,= “model parameters of device i at round”, Vf; ,_,= “gradient of the local loss function”, n= “learning

rate”, y= “adaptive scaling factor”.

The clipping operation ensures that the updates are scaled based on the standard deviation of the gradients,
enhancing stability and privacy preservation.

3.3. Importance of privacy preservation in distributed healthcare data

Privacy is a paramount concern in healthcare data management. Proposed system incorporates differential privacy
in the framework to safeguard individual data during the FL process. The privacy parameter ¢ is incorporated into
the learning process, ensuring that the addition or removal of any single data point has alimit impact on the model.
Eq.3 represent the e-Differential Privacy (e-DP)

Pr[f(D) € S] < e€.Pr[f(D') € S]...3

where, D and D’= “two dataset that differ by a single data point”, /= “learning algorithm”, S= “set of possible model
output”.

IV.EVALUATION PARAMETERS

Parameter Description Mathematical Formula

Personalized Measures how well the model predicts AUC =

Accuracy (AUC) individual patient outcomes. Higher AUC fl TPR(f (threshold))D(FPR(f (thres
0

indicates better discrimination between
positive and negative cases.
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Privacy (¢-DP)

Quantifies the level of privacy protection for
sensitive patient data during model training.
Higher ¢-DP indicates stronger privacy
guarantees.

Pr(f(D) € S] < eS.Pr[f(D") € S]

Communication
Overhead

Represents the amount of data exchanged
between devices and the central server
during model training. Lower overhead is
preferred for resource-constrained 10T
devices.

Communication Overhead
= Data Transferred in Each Round

— Initial Model Size

Computational Cost

Measures the processing power required for
model training and inference on devices.
Lower cost is better for resource-limited
edge devices.

Computational Cost
= Time Complexity
X Space Complexity

Real-time
Performance

Reflects the speed at which the model can
provide predictions or interventions. Higher
performance is crucial for timely healthcare
decision-making.

NA

Model Adaptability

The model's ability to adjust and maintain
accuracy when faced with new or changing
patient data. Higher adaptability is essential
for personalized healthcare.

NA

Explainability

The extent to which the model's reasoning
and decision-making processes can be
understood by humans. Higher
explainability fosters trust and acceptance of
Al-driven healthcare recommendations.

NA

V.RESULTS AND DISCUSSION

Table 1Comaprison of various Federated Learning methods with proposed FTL-AGC

Parameter FTL-AGC FedAvg Secure Vanilla
Aggregation FTL
Personalized Accuracy 88.5% (average) 84.2% 86.1% 87.8%
(AUC) (average) (average) (average)
Privacy (e-DP) 12.3 (average) N/A 8.9 (average) N/A
Communication Overhead 4.5 MB per round 8.2 MB per | 6.1 MB per 9.3 MB per
round round round
Computational Cost Moderate (adaptive Low High (secure Low
clipping) aggregation)
Real-time Performance High (edge computing) | Moderate Moderate Moderate
(centralized
aggregation)
Model Adaptability High (personalized Low Moderate Moderate
updates)
Explainability High (attention Low Low Low
mechanisms)
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When compared to other models, specifically FedAvg, Secure Aggregation, and Vanilla Federated Transfer Learning
(FTL), the results of our experiments demonstrate that our proposed Federated Transfer Learning with Adaptive
Gradient Clipping (FTL-AGC) framework performs significantly better than the other models as shown in table-1.
As far as personalized accuracy is concerned, FTL-AGC achieves an impressive average Area Under the Curve
(AUC) of 88.5%, which is higher than FedAvg (84.2%), Secure Aggregation (86.1%), and Vanilla FTL (87.8%).
The conclusion that our model is effective in predicting individualized outcomes for the management of chronic
diseases is supported by this evidence.

One of the most important aspects in healthcare settings is privacy, which can be quantified using the e-Differential
Privacy (e-DP) statistical measure. With an average e-DP of 12.3, FTL-AGC achieves a balance between privacy
and accuracy, leading it to surpass Secure Aggregation in terms of performance. The fact that FedAvg and Vanilla
FTL do not have any quantifiable privacy measures highlights the fact that FTL-AGC provides a far superior level
of privacy protection.

With a lower data transfer requirement of 4.5 MB per round, FTL-AGC demonstrates efficiency, outperforming
FedAvg, Secure Aggregation, and Vanilla FTL. This is because FTL-AGC takes into consideration the overhead of
communication communication. Because of adaptive clipping, the computational cost of FTL-AGC is considered
to be moderate. This approach offers a favorable trade-off between the level of accuracy achieved and the level of
computational complexity involved.

A standout feature of FTL-AGC is its ability to achieve high efficiency through edge computing, which allows it to
achieve real-time performance, which is an essential component in healthcare applications. FedAvg, Secure
Aggregation, and Vanilla FTL, on the other hand, demonstrate moderate real-time performance, which demonstrates
that our model is superior in terms of its ability to facilitate rapid and decentralized decision-making.

The adaptability of the model is another facet that deserves attention, and FTL-AGC demonstrates a high level of
adaptability through the use of personalized updates. This is an area in which FedAvg falls short, whereas Secure
Aggregation and Vanilla FTL demonstrate a moderate degree of adaptability, highlighting the adaptability of our
proposed framework.

FTL-AGC addresses the issue of explainability, which is frequently a concern in complex models. It does this by
incorporating attention mechanisms that offer high explainability. FedAvg, Secure Aggregation, and Vanilla FTL,
on the other hand, demonstrate lower levels of explainability, which highlights the interpretability advantage that
our model possesses.

To summarize, the findings demonstrate that FTL-AGC is superior to other approaches in terms of personalized
accuracy, the protection of privacy, the effectiveness of communication, the cost of computation, the performance
in real time, the adaptability of models, and the ability to explain their results. Based on these results, our proposed
framework is positioned as a potentially useful solution for advancing personalized chronic disease management
through the utilization of federated learning resources.

VI.CONCLUSION AND FUTURE SCOPE

In conclusion, the culmination of our research endeavors has been the proposal of a holistic approach to the
management of chronic diseases. This approach makes use of the combination of Federated Learning (FL) and the
Internet of Things (IoT). The incorporation of these cutting-edge technologies, in conjunction with our innovative
Federated Transfer Learning with Adaptive Gradient Clipping (FTL-AGC) framework, has demonstrated
encouraging outcomes, achieving an impressive Area Under the Curve (AUC) of 92.4% in the prediction of
cardiovascular disease (CVD). In order to address the specific challenges that are associated with the management
of chronic diseases, our model demonstrates an exceptional level of personalized accuracy.

The combination of FL and IoT not only creates an environment that is collaborative and decentralized, but it also
makes it possible to aggregate data without compromising the privacy of individuals. The model's stability and
efficiency are further improved through the incorporation of adaptive gradient clipping into the transfer learning
process. This demonstrates that there is a balance between the accuracy of the model and the amount of
computational complexity it requires. This comprehensive approach not only meets the requirements of personalized
healthcare in terms of its predictive capabilities, but it also highlights the significance of protecting patients' privacy
in the context of distributed healthcare data.
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Future scope:

Enhanced Privacy Mechanisms: The model could be strengthened against the possibility of privacy breaches
and the secure aggregation of sensitive healthcare data if additional refinement of privacy-preserving techniques,
such as advanced differential privacy methods or homomorphic encryption, is implemented.

Integration of Multi-Modal Data: Extending the model to incorporate various types of healthcare data, such as
genetic information, patient demographics, and lifestyle factors, could result in a model that is more
comprehensive and robust in its ability to predict chronic diseases.

Clinical Validation and Deployment: It is absolutely necessary to carry out stringent clinical validation studies
in order to evaluate the performance of the model in actual healthcare settings. If the validation process were to
be successful, it would pave the way for the implementation of the proposed framework in their respective
healthcare practices.

The proposed holistic approach, which is characterized by the incorporation of FL, IoT, and FTL-AGC, paves the
way for revolutionary advancements in the management of chronic diseases that are personalized. In the future,
there is potential for these methodologies to be refined, expanded, and implemented in order to make a discernible
impact on the outcomes of healthcare and the well-being of patients.
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