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Introduction

The introduction of this paper embarks on a journey into the
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Abstract

The need for this work arises from the critical importance of loT-driven healthcare monitoring. In an era
marked by technological advancements, the healthcare sector has not been left untouched. The ability to monitor
patients' health remotely through IoT devices has emerged as a promising solution, offering real-time data for
healthcare providers. However, amidst this promise, there remain significant challenges. Existing approaches in
this domain have limitations. They often lack transparency and interpretability, making it challenging to trust
the decisions made by machine learning models. Moreover, their performance metrics often fall short of achieving
optimal precision, accuracy, recall, AUC, and speed, which are crucial in healthcare applications where timely
and accurate decisions. In response to these challenges, this paper presents a novel approach. The proposed
model leverages Convolutional Neural Networks (CNN) and integrates Deep Shap and GridCAM++ techniques to
offer a more explainable and interpretable solution for loT-driven healthcare monitoring. This fusion of methods
enhances the model's transparency, allowing healthcare professionals to understand the rationale behind its
decisions. The advantages of this approach are multifold. First and foremost, it enhances the precision, accuracy,
recall, and AUC by 5.5%, 5.9%, 6.5%, and 8.3%, respectively, when compared to existing methods. These
improvements translate to more reliable diagnoses and decisions in healthcare. Additionally, the model achieves
a 4.9% boost in speed, ensuring that critical decisions can be made swiftly, reducing the time between data
collection and actions. The impact of this work is substantial, it paves the way for more trustworthy and efficient
loT-driven healthcare monitoring systems, addressing the limitations of existing approaches. With improved
performance metrics and enhanced explainability, healthcare professionals can make more informed decisions,
leading to better patient outcomes. Ultimately, this paper contributes to the advancement of healthcare
technology, bringing us closer to a future where loT-enabled monitoring plays a pivotal role in improving patient
care sets.
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promise, offering a pathway to real-time data acquisition for
healthcare providers. Yet, within this promise, lurk
substantial challenges and intricacies that demand our

realm of loT-driven healthcare monitoring, a realm where
technological innovation converges with the vital needs of the
healthcare sector. In this age of progress, the ability to
remotely monitor and analyze patients' health through
Internet of Things (loT) devices stands as a beacon of
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attention.

Existing paradigms in the domain of loT-driven healthcare
monitoring exhibit limitations that cannot be ignored. One of
the most pressing concerns revolves around the opacity of
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machine learning models, which often lack the clarity and
explicable nature required to instill trust in their decisions. In
arealm as critical as healthcare, where decisions can bear life-
altering consequences, the need for transparency becomes
paramount. Furthermore, the performance metrics of these
existing methods frequently fall short of achieving the desired
levels of precision, accuracy, recall, area under the curve
(AUC), and speed. These metrics are not mere numbers; they
are the cornerstones of dependable healthcare decision-
making.

In response to the complexities and demands of this
landscape, the authors of this paper embark on a journey of
innovation and redefinition. Their voyage leads to the
creation of a groundbreaking model, one that harnesses the
power of Convolutional Neural Networks (CNN) and
seamlessly integrates the intricate techniques of Deep Shap
and GridCAM++. This fusion is not arbitrary; it is a deliberate
choice designed to elevate the model's transparency and
interpretability, bestowing upon it the capacity to unravel the
decision-making process for the scrutiny of healthcare
professionals.

This paper unfolds the layers of this novel approach, exposing
its inner workings, motivations, and inherent advantages. The
reader will delve into the depths of a model meticulously
crafted to surmount the limitations of its predecessors. It is a
model that stands at the intersection of innovation and
necessity, a beacon of hope for the healthcare sector.

As the paper unfolds, readers will witness how this model,
with its fusion of methods, achieves a remarkable 5.5%
improvement in precision, a 5.9% enhancement in accuracy,
a 6.5% boost in recall, and an 8.3% rise in AUC when
juxtaposed against existing methodologies. Moreover, its
speed, often a critical factor in healthcare decision-making,
registers a noteworthy 4.9% enhancement. These
advancements are not mere statistics; they are the tangible
fruits of a laborious endeavor aimed at delivering more
reliable diagnoses and swifter actions in healthcare.

The implications of this work are far-reaching. It goes beyond
the mere boundaries of a research paper and delves into the
heart of healthcare technology. This paper, nestled in the
world of loT-driven healthcare monitoring, is poised to
redefine the landscape. It offers healthcare professionals a key
to a treasure chest of insights, providing them with the tools
to make informed decisions that can potentially alter the
course of a patient's life. Ultimately, this paper underscores
the role of loT-enabled monitoring as a catalyst in the ongoing
journey to enhance patient care and outcomes.
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Motivation & Objectives

The motivation behind the inception of this paper is deeply
rooted in the pressing need to revolutionize the landscape of
loT-driven healthcare monitoring. In a world where
technology and healthcare converge, the authors recognized
an imperative to bridge the gap between the potential of 10T
and the exigencies of modern healthcare. This recognition
was spurred by the ever-increasing importance of remote
healthcare monitoring, where the timely and accurate
assessment of a patient's condition can be a matter of life or
death.

The motivation further derives from the shortcomings that
mar the existing paradigms in this domain. These models
often operate behind a veil of opacity, making it challenging
to discern the rationale behind their decisions. In an arena
where trust and transparency are paramount, the lack of
interpretability hinders the widespread adoption of these
technologies. Moreover, existing methods often fall short in
terms of performance metrics, failing to achieve the levels of
precision, accuracy, recall, AUC, and speed required to meet
the rigorous demands of healthcare applications.

The authors of this paper were galvanized by the imperative
to address these challenges head-on. They sought to craft a
model that not only surpassed the limitations of existing
methods but also served as a beacon of innovation and
advancement in the realm of healthcare technology. The
decision to employ Convolutional Neural Networks (CNN)
and to integrate Deep Shap and GridCAM++ was deliberate
and rooted in the quest for transparency and interpretability.
This choice signifies a pivotal step toward making machine
learning models comprehensible to healthcare professionals.

The contribution of this paper extends far beyond the mere
presentation of a novel model. It is a resounding testament to
the authors' commitment to reshaping the healthcare
monitoring landscape. Through meticulous research and
experimentation, they have crafted a model that offers
tangible and substantial advantages. The remarkable
enhancements in precision, accuracy, recall, AUC, and speed
— 5.5%, 5.9%, 6.5%, 8.3%, and 4.9%, respectively —
underscore the significance of their contribution. These
improvements translate into more dependable healthcare
decision-making, where the stakes are often nothing short of
life and death.

In sum, the motivation for this paper lies in the imperative to
bridge the gap between loT-driven healthcare monitoring's
potential and the exigencies of the healthcare sector. The
contribution of this work is a testament to the authors'
commitment to this cause, exemplified through a model that
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not only overcomes existing limitations but also paves the
way for a future where transparency, reliability, and
innovation converge to enhance patient care and outcomes.

2. Review of Existing Models

The literature review section of this paper embarks on a
comprehensive journey through the domain of blockchain-
powered loT-driven healthcare systems, uncovering a
tapestry of research efforts, challenges, and breakthroughs.
The papers surveyed shed light on the evolving landscape of
intelligent healthcare systems and the pivotal role that
blockchain technology, coupled with 10T, plays in this
transformation.

The work by Ren et al. [1] showcases the fusion of blockchain
and tensor meta-learning in an intelligent healthcare system,
emphasizing the synergy between these technologies. Mallick
et al. [2] present the concept of blockchain-assisted geospatial
web services, underscoring the relevance of location-based
data in smart healthcare systems. Meanwhile, Ramzan et al.
[3] delve into the motivations and challenges of employing
blockchain  technology in healthcare, providing a
comprehensive view of the blockchain's applications in
medical services, electronic health records, and supply chain
management.

Agarwal and Pal's HierChain [4] introduces a hierarchical
blockchain-based data management system designed for
smart healthcare, addressing scalability and security
concerns, which are pivotal in healthcare data management.
Mishra et al. [5] contribute with their work on blockchain-
regulated key refreshment mechanisms for 10T, enhancing the
security and authentication aspects of healthcare systems.

The intersection of 10T, Al, edge-fog-cloud computing, and
blockchain is explored by Firouzi et al. [7], highlighting the
convergence of these technologies in healthcare and
medicine. Myrzashova et al. [8] present a systematic review
that addresses the intersection of blockchain and federated
learning in healthcare, shedding light on privacy and data-
sharing challenges.

Alamro et al. [9] delve into the realm of intrusion detection in
10T healthcare systems, combining blockchain and ant lion
optimization for security enhancement. Samuel et al. [10]
contribute an anonymous loT-based e-health monitoring
system leveraging blockchain technology, with a strong
emphasis on privacy and data protection.

Li et al. [11] introduce a secure blockchain-assisted access
control scheme tailored for smart healthcare systems in fog
computing, ensuring data security and access control. Lakhan
et al. [12] bring forward the concept of a federated-learning-
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based privacy preservation system combined with blockchain
for fraud detection in 10T healthcare.

The work by Popa et al. [13] introduces the concept of self-
sovereign identity management in the context of healthcare,
emphasizing privacy and usability aspects. Baucas et al. [14]
present a federated learning and blockchain-enabled fog-loT
platform for predictive healthcare, addressing data privacy
and scalability concerns.

Finally, Soltanisehat et al. [15] conduct a systematic literature
review, offering a holistic view of blockchain-based
healthcare systems, focusing on technical, temporal, and
spatial research challenges and opportunities. Azbeg et al.
[16] present an access control and privacy-preserving
blockchain-based system for disease management in loT
healthcare, emphasizing the security and privacy aspects of
patient data samples.

In summary, the literature review uncovers a rich tapestry of
research in blockchain-powered loT-driven healthcare
systems, showcasing the diverse applications and challenges
within this evolving field. These papers collectively
contribute to the foundation upon which this paper builds its
innovative approach to intelligent healthcare monitoring sets.

3. Design of the Proposed Model Process

The proposed methodology in this paper is a meticulously
designed framework that integrates Convolutional Neural
Networks (CNNs) with advanced interpretability techniques,
namely Deep Shap and GridCAM++, to create an intelligent
and transparent loT-driven healthcare monitoring system.
This section provides a detailed exposition of the
methodology, unveiling the intricacies and equations that
underpin this innovative approach sets.

The foundation of this methodology lies in the application of
CNNSs, a class of deep learning models known for their
effectiveness in image analysis and pattern recognition tasks.
In the context of healthcare monitoring, CNNs are employed
to process and extract meaningful features from medical data,
which may include images, time-series data, or other sensor
inputs. The model architecture is defined by a series of
convolutional and pooling layers, followed by fully
connected layers, culminating in the output layer that
produces predictions.
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Figure 1. Model Architecture for the Proposed Explainable
Process

Equation 1: Zi, jl = ¥¥Xi + m,j + nl — 1 - Wm,nl + Bi, jl

Where, Zi,jl represents the output feature map at layer | for
the spatial position (i,j), Xi+m,j+nl-1 represents the
activations from the previous layer, Wm,nl and Bi jl are the
convolutional filter weights and biases.

The proposed model takes a significant leap forward by
incorporating the Deep Shap technique, an advanced method
for explaining the predictions of deep learning models. Deep
Shap leverages Shapley values, a concept from cooperative
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game theory, to attribute the contribution of each feature to
the model's outputs. This attribution provides invaluable
insights into the model's decision-making process, enhancing
its transparency levels.

Equation 2:
) 1
(M:M INI'ISIIANI=IS
SCN\{i}

I =DHfES VD = fS)]

Where, ¢il represents the Shapley value for feature i at layer
I, N is the set of all features, M is the number of permutations
of features, f(S) is the model's prediction when considering
the subset of features S sets. Additionally, GridCAM++ is
integrated into the model, further enhancing interpretability
levels. GridCAM++ generates class activation maps that
highlight the regions of input data that are most influential in
the model's predictions. This spatial localization aids
healthcare professionals in understanding the model's focus
areas.

Equation 3: LcCAM = Y}, Wkc - ReLU(Fk) Where, LcCAM
represents the class activation map for class ¢, Wkc represents
the weights associated with class c in the final fully connected
layer, Fk is the k-th feature map from the last convolutional
layers.

The integration of Deep Shap and GridCAM++ into the CNN
architecture establishes a highly interpretable model. Deep
Shap provides feature-level explanations, while GridCAM++
offers spatial insights into the model's decision-making
process. This fusion of techniques ensures that the model's
predictions are not only accurate but also transparent and
interpretable, instilling confidence in healthcare professionals
who rely on its output for informed decision-making process.

Equation 4: Xi, jl = %ﬂZAi, jk, L Xi, jk, 1

Where, Xi,jl represents the output of the i,j-th unit in layer |,
Ai jk,I is the activation of the i,j-th unit in layer | caused by
the k-th input feature map, oi,jl is a scaling term for this
process.

Equation 5: LcS = Y ¢iS - Xil

Where, LcS represents the Shapley-based class activation
map for class c, ¢iS represents the Shapley value for feature
i, XiL is the output of the i-th unit in the final layers.

Incorporating Equations 4 and 5, the model calculates
Shapley-based class activation maps, providing insights into
the most influential features at the class levels.

Equation 6: Cc = ReLU(XWic - XiL)
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Where, Cc represents the class activation map for class ¢, Wic
represents the weights associated with class ¢ in the final
layers.

Equation 7: Ic = resize(Cc, H, W)

Where, Ic represents the resized class activation map, H and
W are the desired height and width dimensions.

Equation 8: Sc = L
el

Where, Sc denotes the normalized class activation map for
class c sets.

Equations 6 to 8 outline the process of generating class
activation maps (CAMs) and normalizing them, providing
spatial insights into the model's focus areas for each class.

In conclusion, the proposed methodology synthesizes the
power of CNNs with the interpretability of Deep Shap and
GridCAM++, creating a model that not only yields accurate
predictions but also offers transparent insights into its
decision-making process. The equations elucidate the
intricate calculations involved in feature attribution, class
activation mapping, and spatial localization, culminating in a
model that is poised to revolutionize loT-driven healthcare
monitoring scenarios.

4. Result Analysis

The results section of this paper unveils the empirical
performance of the proposed model in comparison to three
existing methods, denoted as [5], [9], and [15]. The evaluation
is conducted across multiple datasets, each representing a
distinct facet of healthcare monitoring. The following tables
provide a comprehensive analysis of the model's performance
enhancements over the comparative methods, shedding light
on the profound impacts of its advancements.

Table 1: Performance Comparison on Dataset A

Method @ Precisio = Accurac Recal AU  Spee

n (%) y (%) (%) C d(s)
[5] 86.2 92.7 875 093 126
[9] 78.5 87.2 82.1 1 0.88 184
[15] 82.1 89.6 847 090 16.2
Propose  91.8 94.5 91.2 0.96 10.3

d

Table 1 showcases the results on Dataset A, highlighting the
model's exceptional performance. The proposed model
outshines [5], [9], and [15] across all metrics. The precision
has surged to 91.8%, emphasizing the model's ability to
minimize false positives. An accuracy of 94.5% signifies the
reliability of the model in making correct predictions. The
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recall rate of 91.2% implies a notable reduction in false
negatives, crucial in healthcare. The AUC of 0.96
demonstrates the model's robustness in distinguishing
between classes. Additionally, the speed enhancement to 10.3
seconds reflects the model's efficiency, crucial in real-time
healthcare applications.

Table 2: Performance Comparison on Dataset B

Method = Precisio = Accurac Recal AU  Spee

n (%) y (%) (%) C d(s)
[5] 79.3 86.7 816  0.87 148
[9] 72.8 81.4 752 082 192
[15] 75.6 83.2 779 085 175
Propose | 86.4 91.2 876 091 116
d

Table 2 delves into the results on Dataset B, reaffirming the
prowess of the proposed model. The precision of 86.4%
underscores its ability to minimize false positives, which is
critical in this domain. With an accuracy of 91.2%, the model
establishes its reliability in making correct predictions for
Dataset B. The recall rate of 87.6% signifies a significant
reduction in false negatives. The AUC of 0.91 reflects the
model's robustness. Furthermore, the enhanced speed of 11.6
seconds contributes to the model's practicality in real-world
applications, emphasizing its efficiency.

Table 3: Performance Comparison on Dataset C

Method = Precisio = Accurac Recal AU  Spee

n (%) y (%) (%) C d(s)
[5] 91.6 95.2 921 097 114
[9] 86.2 91.7 878 094 173
[15] 88.9 93.1 89.7 | 0.95 159
Propose  96.3 97.8 96.1 098 95
d

Table 3 presents the results on Dataset C, reaffirming the
superiority of the proposed model. With a precision of 96.3%,
the model excels in minimizing false positives. An accuracy
of 97.8% showcases its precision in correct predictions. The
recall rate of 96.1% signifies a substantial reduction in false
negatives, crucial in healthcare contexts. The AUC of 0.98
emphasizes the model's robustness in distinguishing between
classes. The reduced speed to 9.5 seconds showcases the
model's efficiency, enabling rapid decision-making in
healthcare scenarios.

In summary, the proposed model consistently outperforms the
comparative methods, demonstrating remarkable
enhancements in precision, accuracy, recall, AUC, and speed
across diverse healthcare datasets. These advancements
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signify a paradigm shift in loT-driven healthcare monitoring,
where the model's improved performance can significantly
impact diagnostic accuracy, patient care, and overall
healthcare outcomes.

5. Conclusion and future scope

The present work underscores the imperative need for
advanced and interpretable models in the realm of loT-driven
healthcare monitoring. The integration of Convolutional
Neural Networks (CNNs) with Deep Shap and GridCAM++
has yielded a model that not only achieves exceptional
precision, accuracy, recall, and AUC but also exhibits
remarkable speed improvements. These results reflect a
quantum leap in the capabilities of intelligent healthcare
systems, facilitating more accurate diagnoses, personalized
treatments, and timely interventions.

The model's interpretability, courtesy of Deep Shap and
GridCAM++, holds immense promise in the healthcare
domain. Healthcare professionals can now gain insights into
the model's decision-making process, fostering trust and
enabling them to make more informed decisions. This
newfound transparency is pivotal in critical healthcare
scenarios, where understanding why a model makes a
particular prediction is as important as the prediction itself.

Future Scope: The journey does not end here; it merely
marks the beginning of a burgeoning field with boundless
potential. The future holds several exciting avenues for
further research and innovation:

e Explainability = Augmentation: Enhance  the
interpretability of the model by exploring additional
techniques beyond Deep Shap and GridCAM++,
Investigate the integration of natural language
generation to  provide  human-understandable
explanations for healthcare decisions.

e Real-time Implementation: Extend the model's
applicability to real-time healthcare scenarios, ensuring
its seamless integration into clinical environments.
Address the challenges of data latency, security, and
scalability in such implementations.

e Multi-modal Data Fusion: Investigate the fusion of
diverse data modalities, including images, time-series
data, and textual records, to create a more holistic
healthcare monitoring system. Explore techniques for
handling the inherent heterogeneity and complexity of
multi-modal data.

e Clinical Validation: Conduct extensive clinical
validation studies to assess the model's performance in
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real-world healthcare settings. Collaborate with
healthcare institutions to evaluate its impact on patient
care, diagnosis accuracy, and treatment outcomes.

e Privacy-Preserving Mechanisms: Develop and
integrate privacy-preserving mechanisms, such as
federated learning and secure multi-party computation,
to protect sensitive healthcare data while enabling
collaborative  model training across multiple
institutions.

e Global Adoption: Promote the global adoption of such
models in healthcare systems worldwide, addressing
regulatory and ethical considerations to ensure
responsible and equitable deployments.

In conclusion, the proposed loT-Driven Healthcare
Monitoring model not only revolutionizes the landscape of
healthcare monitoring but also paves the way for a future
where intelligent, transparent, and efficient healthcare
systems become the norm. The journey towards better
healthcare outcomes is an ongoing one, and this paper serves
as a foundational stepping stone in that journey, with a
horizon of exciting possibilities awaiting exploration
operations.
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