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Abstract

The integration of Deep Learning (DL) techniques with the Internet of Things (10T) has emerged as a transformative paradigm
in the advancement of smart healthcare systems. Numerous recent studies have investigated the convergence of these
technologies, demonstrating their potential in improving healthcare delivery, patient monitoring, and clinical decision-making.
The ongoing evolution of Industry 5.0 in parallel with the deployment of 5G communication networks has further facilitated
the development of intelligent, cost-effective, and highly responsive sensors. These innovations enable continuous and
real-time monitoring of patients’ health conditions, a capability that was not feasible within the constraints of traditional
healthcare models. Smart health monitoring systems have thus introduced significant improvements in terms of speed,
affordability, reliability, and accessibility of medical services, particularly in remote or underserved regions. Moreover, the
application of Deep Learning and Machine Learning algorithms in health data analysis has played a pivotal role in achieving
preventive healthcare, reducing mortality risks, and enabling personalized treatment strategies. Such methods have also
enhanced the early detection of chronic diseases, which previously posed considerable diagnostic challenges. To further
optimize scalability and cost-efficiency, cloud computing and distributed storage solutions have been incorporated, ensuring
secure and real-time data availability. This review therefore provides a comprehensive perspective on smart healthcare
innovations, emphasizing the role of intelligent systems, recent advancements, and persisting challenges in the domain of
digital health monitoring.
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This shift has been particularly critical in an era marked by
growing population demands, rising healthcare costs, and
the need for systems capable of delivering scalable and
reliable medical services. The emergence of the Internet of
Things (loT) has further accelerated innovation in the

I. INTRODUCTION

Healthcare delivery systems are currently undergoing a
fundamental transformation driven by the integration of data

engineering, predictive analytics, and artificial intelligence
(Al) models. These advanced technologies have enabled a
paradigm shift from traditional reactive approaches, where
medical intervention was primarily provided after the onset
of illness, toward more proactive and preventive healthcare
models. By enabling healthcare providers to anticipate
potential health issues, optimize the allocation of medical
resources, and tailor interventions to patient-specific needs,
these technologies have significantly improved clinical
decision-making  processes, enhanced  operational
efficiency, and raised the overall quality of patient care [1].
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healthcare domain. 10T devices are now widely deployed in
hospitals, clinics, and even at the patient’s home, where they
are used to monitor vital signs, track recovery progress, and
support treatment adherence. The continuous flow of
real-time data collected from these devices allows
physicians and healthcare teams to detect anomalies at an
early stage, intervene promptly, and reduce risks associated
with late diagnoses. This technological integration has
created the foundation for the Internet of Medical Things
(lIoMT), which constitutes a revolutionary healthcare
ecosystem  connecting medical devices, software
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applications, and health IT systems [2]. The loMT does not
only streamline communication between devices but also
enables interoperability across various platforms, ensuring
that patient information is available whenever and wherever
it is needed. Such interoperability enhances the continuity of
care and reduces the likelihood of medical errors that often
arise from fragmented systems. Recent progress in data
engineering and data science has played a crucial role in
strengthening loMT-based healthcare systems. Through
advanced data pipelines, large-scale patient datasets can be
seamlessly combined, rapidly processed, and transformed
into actionable insights. For example, heterogeneous data
sources such as electronic health records, imaging data,
genomic information, and wearable sensor outputs can now
be integrated and analyzed within a unified framework.
Through this integration, healthcare institutions can monitor
patient conditions in real time while also predicting disease
progression and treatment outcomes with greater accuracy
[3]. This progression leads to the concept of a smart health
system, as illustrated in Fig. 1, which highlights its key
benefits. Predictive models, supported by machine learning
and deep learning algorithms, are increasingly capable of
identifying subtle patterns in complex datasets, enabling
earlier interventions and improving patient prognoses.
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The incorporation of Al into patient care systems
represents another milestone in this digital transformation.
Al-driven solutions are being used to design and
recommend personalized treatment plans based on
individual patient characteristics, genetic profiles, and
lifestyle factors. Moreover, Al significantly enhances the
accuracy of disease detection and diagnosis, with
applications ranging from medical imaging analysis to the
identification of rare diseases. Automation of routine
clinical decision-making processes has also become
feasible, reducing the cognitive burden on healthcare
professionals and allowing them to focus on more complex
tasks that require human expertise [4]. In addition, Al
contributes to the optimization of hospital operations,
including resource scheduling, supply chain management,

and patient flow optimization, thereby reducing costs and
improving service delivery. The applications of Smart
Healthcare Monitoring (SHM) are illustrated in Fig. 2,
which highlights how data acquisition, connectivity, and
analysis converge to deliver intelligent health monitoring
services.

To ensure the scientific rigor of this study, a systematic
methodology is adopted in selecting relevant literature.
Clear criteria are established, which included publication
date, topical relevance, study design, and geographic scope.
A comprehensive search is carried out across multiple
reputable databases such as Research Gate, Google Scholar,
and Web of Science, using carefully selected keywords to
capture the breadth of studies available. Each article
undergone a screening process that involved the review of
titles, abstracts, and full texts to determine eligibility based
on the predefined inclusion criteria. Irrelevant or low-quality
studies were excluded to maintain the robustness of the
review. Additionally, the reference lists of the selected
studies are thoroughly examined to identify further sources
that might not have been captured during the initial search.
To guarantee reliability, the quality assessment of the
included studies is performed by the authors using
parameters such as study design rigor, methodological
soundness, adequacy of sample size, and the academic
credibility of the researchers. Following this assessment,
key information, including findings, methodologies, and
conclusions, is extracted and systematically organized to
facilitate meaningful analysis. This structured approach
ensured that the review provided a comprehensive,
evidence-based overview of recent advancements in smart
healthcare systems, while also highlighting the existing
challenges and research gaps that need to be addressed in
future studies.
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Fig. 2. Smart Healthcare Monitoring System

Remote Patient

Smart health monitoring devices positions many
important features such as: prevention of unnecessary visit
of hospitals, doctors can remotely check the real time state
of the patients. The data produced from these devices is safe
from hacking. Healthcare services are costly today and the
devices supports to solve this problem which is a great
growth in medical field [5]-[8]. By growing the strains and
belief of peoples on the smartness of devices and
digitalization, the roles of the IoMT and SHM will have
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continuous role in the general evolution and development.
SHM as an advanced technology in medical stream can be
used to remotely controlled medical services to save the life
of dangerous patient cases of heart attack, asthma attack,
diabetic patients etc. [9]-[13].

I1. ROLESOF DL, ML, AND Al IN HEALTH MONITORING

Deep Learning (DL) and Machine Learning (ML) are
integral components of Artificial Intelligence (Al) as
illustrated in Fig. 3. While both methodologies contribute
significantly to modern healthcare, they operate at different
levels of complexity and capability. ML primarily relies on
algorithms that learn from structured datasets, identifying
patterns and making predictions based on statistical models.
In contrast, DL, which is a specialized subset of ML,
employs multilayered neural networks capable of processing
vast amounts of unstructured and heterogeneous data,
thereby extracting progressively higher-level abstractions
from raw inputs [14]- [17]. The strength of ML in SHM
networks lies in its ability to perform predictive analytics
using relatively smaller datasets with lower computational
requirements. ML algorithms are widely applied in disease
classification, risk prediction, and anomaly detection,
offering reliable results in scenarios where data is structured
and labeled. For example, ML models are effective in
predicting patient readmissions, optimizing hospital
resource allocation, and supporting decision-making in
routine diagnostics. However, the performance of ML
models often depends heavily on feature engineering and
data preprocessing, which may limit their adaptability in
highly dynamic healthcare environments. By contrast, DL
provides several advantages that surpass traditional ML
techniques, particularly in complex healthcare scenarios.
Owing to its hierarchical feature extraction, DL models can
handle large-scale and multimodal data sources, including
medical images, bio signals, sensor outputs, and even textual
clinical notes. In SHM networks, DL enables real-time data
fusion and deep pattern recognition, which minimizes delays
in reporting critical cases and enhances the accuracy of
diagnoses. This makes DL particularly valuable in
high-stakes contexts such as intensive care units, where
rapid and precise decision-making can save lives. Moreover,
DL-based approaches are instrumental in monitoring coma
patients and other critical cases by integrating information
from multiple sources, such as loT-enabled medical devices,
General Smart Monitoring (GSM) systems, and SHM
modules [18]- [20]. In summary, while ML provides
efficiency and interpretability in structured data
environments, DL expands the scope of Al in healthcare by
uncovering hidden relationships in massive and complex
datasets. The combination of both approaches within SHM
frameworks ensures a balanced solution: ML contributes to
scalable and resource-efficient applications, whereas DL
enhances diagnostic depth, predictive power, and
adaptability in dynamic clinical settings. Together, they
form the backbone of intelligent health monitoring systems,
ultimately advancing preventive care, patient safety, and
overall healthcare quality. Table I outlines a comparison of
ML and DL in smart healthcare monitoring systems.
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Fig. 3. Relation of DL and ML and Al in SHM

TABLE I.

COMPARISON OF ML vs DL IN SHM

Machine Learning
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Datasets
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Uncovers Hidden
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I11. COMPONENTS OF SMART HEALTHCARE SYSTEM

The smart healthcare system is composed of several
interrelated components as in Fig. 4, each playing a critical
role in ensuring effective, reliable, and patient-centered
medical services and summarized as follows [21][22]:

1. Data Acquisition: Smart biosensors and loT-enabled
medical devices form the foundation of data collection
in modern healthcare systems. These include wearable
sensors, implantable devices, and electronic health
records (EHR), which together enable the continuous
monitoring of vital parameters. By capturing real-time

physiological

signals and

clinical data, these
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technologies provide the basis for precision medicine
and individualized treatment strategies tailored to each

patient’s condition.
Data
Acquisition

SMART
HEALTHCARE
MONITORING

SYSTEM
Application Data
Platform Analysis

Fig. 4. Components of Smart Healthcare Systems

Connectivity: Reliable connectivity is essential for
enabling seamless communication between medical
devices and healthcare platforms. This involves the use
of Wi-Fi, Bluetooth, ZigBee, and advanced 4G/5G
networks, in addition to cloud-based platforms. Such
connectivity ensures that data collected from patients
can be securely transmitted, stored, and accessed by
healthcare providers without delays, thereby facilitating
remote monitoring and timely interventions.

Data Analysis: The massive volume of health-related
data generated through biosensors and wearable
technologies  requires advanced analytics for
meaningful interpretation. Data analysis leverages
machine learning and artificial intelligence models to
identify trends, detect anomalies, and support
evidence-based medical decisions. In addition to
physical health monitoring, these analytical approaches
are increasingly applied in mental health management,
offering insights into behavioral patterns and enabling
early intervention for psychological disorders.
Application Platform: Application platforms serve as
the user-facing interface of smart healthcare systems.
Examples include telemedicine integrations, mobile
health applications, and automated alert systems that
notify patients and providers of abnormal readings.
These platforms translate complex datasets into
accessible and actionable information, enhancing the
patient experience while supporting clinicians in
delivering more informed and timely care.

Product Infrastructure: At the backbone of smart
healthcare lies a robust product infrastructure powered
by cloud computing technologies. This infrastructure
provides scalable resources for data storage, processing,
and secure sharing across distributed environments. By
integrating servers, databases, networking tools, and
intelligent software, cloud-based infrastructures enable
flexible, cost-effective, and innovative solutions that
accelerate healthcare delivery and support the
continuous evolution of medical services.

IV. CHALLENGES AND SOLUTIONS

The integration of smart healthcare systems with the 10T
and DL presents a transformative opportunity to
revolutionize patient care, medical monitoring, and
healthcare service delivery. Despite these promising
prospects, several challenges hinder the effective
implementation of such systems. Addressing these
challenges requires both technological and organizational
strategies that ensure security, scalability, and reliability of
healthcare applications. All these challenges and their
solutions are discussed herein [23]- [28].

One of the most critical concerns is data privacy and
security. loT-enabled healthcare devices continuously
generate vast volumes of sensitive patient information,
raising the risk of cyberattacks, data breaches, and
unauthorized access. To mitigate these risks, multiple
solutions have been proposed. These include end-to-end
encryption to safeguard data transmission between loT
devices and cloud servers, multi-factor authentication
mechanisms to strengthen user verification, and the use of
blockchain technology to establish decentralized and
tamper-proof data storage systems. Furthermore, data
anonymization techniques play a crucial role in protecting
patient identities in case of potential breaches.

Another  major  challenge lies in  system

interoperability. The healthcare ecosystem often includes
diverse devices, applications, and platforms that may not
seamlessly integrate with one another. To address this, the
adoption of standardized communication protocols such
as HL7 and FHIR has been emphasized. Additionally, the
deployment of middleware solutions and APIs can bridge
compatibility gaps between devices and healthcare
applications, while cloud-based platforms enable scalable
integration and facilitate secure data sharing across
heterogeneous systems.
The issue of data quality and quantity also significantly
impacts the performance of deep learning models. While
10T devices produce massive datasets, these are often noisy,
incomplete, or inconsistent. To ensure reliable outcomes,
healthcare systems must adopt data preprocessing
techniques such as cleaning, normalization, and imputation.
Moreover, data fusion methods that integrate information
from multiple devices and sensors can enhance the
comprehensiveness of datasets, while outlier detection
algorithms filter out anomalies and reduce noise in the data
pipeline.

A further limitation arises from scalability and
resource constraints. Many 0T devices have restricted
processing power, limited memory, and short battery life,
making the deployment of complex DL models impractical.
To overcome this, researchers and developers have explored
edge computing, where data is processed locally on devices
or nearby servers to reduce latency and server load.
Additionally, lightweight DL models optimized through
pruning and quantization can function effectively on
constrained hardware. The development of energy-efficient
10T devices further ensures sustainable, continuous patient
monitoring.
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Real-time decision-making presents yet another
challenge, as healthcare often demands immediate responses
to anomalies in patient data. DL models, however, require
significant computational resources, which may introduce
delays. Solutions include the implementation of real-time
data processing frameworks such as Apache Kafka and
Apache Flink, coupled with low-latency neural network
models designed for speed, such as lightweight CNNs and
LSTMs. Hybrid architectures that combine local edge
computing with cloud-based analytics are also emerging as
effective solutions to balance speed with computational
capacity.

In addition, the use of Al and DL in healthcare raises
significant ethical and regulatory concerns. Ensuring
transparency in model decision-making, compliance
with legal frameworks such as HIPAA and GDPR, and
incorporating  human-in-the-loop ~ systems  where
healthcare professionals validate Al-generated
recommendations are crucial steps to maintain trust, safety,
and accountability in Al-assisted healthcare.

Finally, cost and infrastructure constraints remain a
barrier, particularly for smaller healthcare providers and
resource-limited regions. Establishing 10T networks,
integrating DL models, and maintaining cloud infrastructure
can be financially demanding. To mitigate costs, the
adoption of cloud-based solutions (AWS, Azure, Google
Cloud), the use of open-source software platforms like
TensorFlow and PyTorch, and the promotion of
public-private partnerships are recommended. Such
approaches can lower financial burdens while fostering
innovation and wider accessibility.

In summary, while 10T and DL hold immense promise
for smart healthcare, overcoming the challenges of security,
interoperability, data quality, scalability, real-time
processing, ethics, and cost is imperative. With strategic
solutions, these technologies can pave the way for more
effective, efficient, and patient-centered healthcare systems.

V. DATA SECURITY IN HEALTHCARE MONITORING SYSTEM

The integration of Smart Health Monitoring (SHM)
networks and the Internet of Medical Things (IoMT) has
ushered in a new era of connected and intelligent healthcare
systems. These systems generate vast quantities of
heterogeneous data, including physiological signals,
diagnostic records, imaging outputs, and behavioral
indicators. Such information is often classified as big health
data, owing to its volume, variety, and velocity. Managing
these complex datasets requires substantial computational
resources, scalable architectures, and efficient storage
mechanisms. To meet these demands, cloud computing and
cloud storage solutions have become indispensable, offering
healthcare providers on-demand processing capabilities,
virtually unlimited storage, and high availability for
mission-critical applications [7]. By leveraging these
platforms, healthcare organizations can effectively analyze
and store patient records while ensuring accessibility across
distributed environments. However, while cloud-based
infrastructures provide scalability and efficiency, they also
introduce significant challenges regarding data security and

patient privacy. Health data is highly personal and directly
tied to patient identity, meaning that even a minor breach
can have devastating consequences for individuals and
institutions alike. Unauthorized access, intentional misuse,
or exploitation of sensitive health information for financial
or personal gain pose substantial threats. As a result,
safeguarding patient data is considered a central challenge in
SHM and IoMT-driven healthcare environments [29]- [32].
In Fig. 5, for example during COVID-19 pandemic,
fog-based healthcare IoT proved vital and is expected to
grow, but patient data analysis at fog servers still poses
privacy and security risk. An overview of fog-based IoHT
framework is demonstrated in Fig. 6.
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Fig. 5 The Main Applications of Fog-loHT
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Fig. 6 An Overview of Fog-IoHT Framework [32]

Data security in healthcare is a multidimensional concept,
encompassing technical, organizational, and regulatory
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layers. On the technical side, it includes measures such as
physical system security, user authentication, network-level
protection, computer system defense, and secure data
storage. Several methods are already in practice, including
cryptography, data encryption, genetic algorithms, and
encoding/decoding techniques that aim to ensure data
confidentiality, integrity, and availability. For example,
end-to-end encryption protects data as it travels from IoT
devices to cloud servers, while multi-factor authentication
prevents unauthorized logins by adding additional layers of
verification. Similarly, data anonymization techniques can
mask sensitive attributes, thereby reducing the risk
associated with data leaks. Despite these advancements,
many existing privacy frameworks still rely heavily on
third-party service providers, which introduces concerns
around trust and accountability. Healthcare institutions must
ensure that service providers comply with strict regulations
and do not misuse or mishandle sensitive patient data. This
reliance highlights the ongoing need for more decentralized,
transparent, and verifiable solutions. In response, recent
years have witnessed the emergence of blockchain
technology and the Interplanetary File System (IPFS) as
disruptive tools for secure data exchange. Blockchain
operates as a distributed ledger system, where health records
are stored in sequential blocks that are cryptographically
linked to one another. Each block contains a validated set of
transactions, and any new block integrates the full
transaction history, ensuring immutability and transparency.
Because of its decentralized nature, blockchain significantly
reduces the risk of single points of failure, tampering, and
unauthorized modification. Meanwhile, IPFS offers a
peer-to-peer network for distributed data storage and
sharing, reducing reliance on centralized servers and
providing enhanced resilience. These technologies, initially
deployed in finance and banking, are increasingly
recognized for their potential in healthcare to secure
sensitive medical data, improve patient trust, and enable
secure interoperability across institutions [33]— [36]. In
short, while SHM and IoMT devices offer unprecedented
opportunities for precision medicine, real-time monitoring,
and predictive healthcare, these advancements are only
viable if matched with equally advanced security
frameworks. By addressing the challenges of privacy,
interoperability, and trust, healthcare providers can ensure
that smart healthcare systems remain both innovative and
ethically sound, ultimately safeguarding patient rights while
unlocking the full potential of digital health.

VI. LITERATURE REVIEW

A. Disease Risk Prediction and Early Diagnostics

Recent advancements in Al and IoMT have
significantly contributed to disease risk prediction. For
example, the authors in [37] employed a Bi-LSTM model
for predicting heart disease risks, benchmarking its
performance against generic LSTM and fuzzy-LSTM
hybrid approaches. A complementary study [38] proposed a
MapReduce framework for elderly healthcare monitoring,
where the Hybrid Dingo Coyote Optimization (HDCO)

classifier was used to improve predictive accuracy.
Additional diagnostic applications include [39], which
developed a solution for Activities of Daily Living (ADL)
monitoring through multimodal sensor data analysis for
self-care planning in adult day centers. Similarly, [40]
applied CNNs within an IoT framework for breast cancer
diagnosis, and [41] advanced cardiovascular care by
integrating wearable and home-monitoring data into
Al-based analytical systems. Broader investigations were
reported in [42], which covered Al-driven disease prediction
across oncology, cardiology, endocrinology, and neurology,
while [43] explored AI’s utility for prognosis, precision
treatments, and automated diagnostics.

B. Al in Healthcare Delivery, Patient Engagement, and
Preventive Care

Beyond diagnostics, Al research has expanded into
healthcare delivery and patient-centered applications. For
example, [44] provided a systematic review of Al’s
transformative role and ethical implications, and [45]
discussed its applications in personalized medicine, drug
discovery, and surgical interventions. Remote patient
monitoring (RPM) and virtual healthcare assistants (VHA)
were examined in [46] through qualitative assessments of
real-world implementations. Radiology has also seen rapid
adoption: [47] highlighted deep learning breakthroughs for
medical imaging, while [48] applied Al for analyzing health
plan satisfaction and utilization. Nursing applications were
investigated in [49], which performed a concept analysis of
deep learning using Walker and Avant’s framework. In
preventive care, [50] discussed opportunities and risks of Al
adoption, whereas [51] introduced a precision health service
combining wearables with ML and DL for chronic disease
prevention. More specialized applications include facemask
detection systems using VGGx [52], forecasting tools for
healthcare resource planning [53], and conceptual
frameworks for Cloud-IoT adoption in healthcare [54].

C. Algorithms and Technical Innovations

Various machine learning and deep learning algorithms
have been deployed to address healthcare challenges. For
example, [55] utilized deep neural networks for diagnosing
shoulder diseases with IMU sensor data, while [56] applied
LSTMs and CNNss for arrhythmia detection, achieving rapid
diagnostics despite dataset limitations. Meanwhile, [57]
explored ML methods applied to electronic health records
(EHRs) for cyber-threat detection, which demonstrated
promise but required high-quality datasets and significant
computational power. Such innovations reflect the
algorithmic diversity underpinning modern healthcare
applications and underscore the balance between technical
effectiveness and practical feasibility.

D. Practical Case Studies and Emerging Applications

Case studies demonstrate how Al is being integrated into
practical healthcare solutions. For instance, [58] applied
SVM for real-time sensor-based patient monitoring.
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Innovative models include the Tomatoes Health Check
System using YOLOv8 and MobileNetV3 [59], and a
DNN-based heart disease prediction model implemented
with NI myRIO hardware [60]. Cancer detection has been
advanced by CNNs trained on the PatchCamelyon dataset
[61], while hybrid LSTM—CNN models have been applied
in HIoT environments [62]. Other emerging uses include
real-time mask detection [63], lung cancer classification
using transfer learning CNNs on CT scans [64], Optimized
CNN for Skin Cancer Classification [65], Alzheimer’s
diagnosis from MRI via CNNs [66], Smart Monitoring
System for Brain Tumors using IoT [67], Al-Powered
Breast Cancer Diagnosis [68], diabetes diagnosis using
K-Nearest-Neighbor-Based-OneR (KNNBIR) [69],
AI-ECG Risk Estimation (Aire) for Heart Disease
Prediction [70], ECG monitoring through wireless module
and LabVIEW modules [71], and IoT-based Remote
Cardiovascular Patient Monitoring [72], monitoring the
cognitive changes for Alzheimer Disease (AD) and
Dementia [73][74]. Collectively, these case studies highlight
the growing role of Al, ML, and DL in enabling smarter,
faster, and more reliable healthcare solutions.

In summary, taken together, these contributions demonstrate
the wide-ranging applications of Al, ML, and DL in
healthcare, spanning disease prediction, diagnostics, patient
engagement, monitoring, and cybersecurity. However,
persistent challenges—such as data privacy,
interoperability, dataset quality, and ethical
considerations—remain critical, calling for sustained
innovation, robust evaluation, and regulatory oversight in
the development of future smart healthcare systems.

VII. CONCLUSION

This review has highlighted the Smart Health
Monitoring (SHM) systems as a transformative
advancement in healthcare, highlighting their ability to
overcome the limitations of traditional monitoring
approaches. Conventional systems often suffer from delayed
responses, medication latency, and insufficient preventive
measures, which can adversely affect patient outcomes,
particularly in critical cases. SHM addresses these
challenges by leveraging intelligent sensing, real-time data
acquisition, and advanced analytics, enabling continuous,
proactive monitoring and early detection of anomalies for
timely interventions and optimized treatment planning.

A key strength of SHM lies in its integration with cloud
computing, which provides the computational power and
scalable storage necessary to manage large volumes of
heterogeneous health data from wearable devices, loMT
sensors, and electronic health records. This facilitates
real-time analytics, remote accessibility, and seamless
interoperability among healthcare stakeholders, enhancing
collaboration and reducing the burden on local systems.
Additionally, the incorporation of blockchain technology
ensures data security, transparency, and immutability,
fostering trust among both healthcare providers and patients.

SHM systems have demonstrated substantial benefits in
critical care, supporting intensive monitoring and rapid
clinical decision-making through predictive models and

smart alert systems. Beyond acute care, SHM enables
personalized healthcare, allowing individuals to track
health metrics, set wellness goals, and adopt healthier
lifestyles guided by real-time feedback and tailored
recommendations. Despite these advances, the adoption of
SHM outside clinical settings—such as in sports science,
occupational health, and general wellness—remains limited.
Despite these advances, the adoption of SHM outside
clinical settings—such as in sports science, occupational
health, and general wellness—remains limited. Future
research should focus on expanding SHM into these
domains, leveraging emerging technologies such as 5G,
Al-driven predictive analytics, and energy-efficient loT
devices. Such expansion could democratize access to
personalized healthcare, reduce costs, and improve
population-level health outcomes. In conclusion, SHM
stands at the forefront of healthcare innovation, bridging
preventive care, acute intervention, and personalized
wellness. Its integration with cloud and blockchain
technologies not only enhances technical performance but
also reinforces ethical responsibility, laying the groundwork
for the next generation of smart, secure, and patient-centered
healthcare systems.
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