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ABSTRACT

The evolution of technology has reshaped the healthcare industry, providing solutions to challenges in disease
prevention, monitoring, and control. With the rise of Industry 5.0 and 5G, the development of cost-effective sensors
enables real-time health monitoring, significantly enhancing patient care. This paper investigates the application
of Artificial Intelligence (Al) and Deep Learning (DL) in Smart Health Monitoring (SHM) systems, focusing on early
detection of chronic conditions and preventive healthcare. Key techniques, such as Convolutional Neural Networks
(CNNs) and Long Short-Term Memory (LSTM) networks, were applied to analyze health data, achieving a 92%
accuracy rate in early detection of heart disease and 90% in diabetes prediction. The integration of blockchain
ensured secure handling of sensitive patient information, while cloud computing enhanced the system’s scalability
and real-time functionality. Results demonstrated a 40% reduction in fatality rates among high-risk patients and
a 30% improvement in timely interventions. Despite these advancements, challenges such as high implementation
costs and the need for robust Al governance persist. This review highlights the transformative potential of SHM
systems in healthcare, while addressing the barriers to their wider adoption.

Keywords: Al in healthcare, Deep Learning, Smart Health Monitoring, Early Disease Detection, Blockchain in
healthcare

I.INTRODUCTION

The field of the healthcare sector is in the middle of a revolution due to the advancement in technology and Al and
DL. The advancement in high technologies such as Industry 5.0 and 5G in the current world is shifting healthcare
systems to an evolution, patient-centered and data-oriented approach. These innovations are about to solve
common problems such as early identification of diseases, the management of disease, and the lack of adequate
prevention measures, which have hampered the functionality of the health care delivery systems.
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Figure: 1 Smart Health Monitoring System Architecture
This figure 1 represents the architecture of a smart health monitoring system which depicts several parts that
enable real time monitoring of health.SHM systems are a revolution in contemporary medicine as they are based

319 Vinay Kumar Maginam et al 319-330



Journal of Computational Analysis and Applications VOL. 34, NO. 5, 2025

10.48047 /jocaaa.2025.34.05.29
on Al and DL for accurate, real-time, and therefore proactive healthcare. These systems incorporate low cost
sensors devices and advanced modelling abstractions for analysis of vital signs of patients and early identification
of signs of complications. Application of Convolutional Neural Networks (CNNs), Long Short-Term Memory
(LSTM), etc., have introduced a predictive diagnosis of chronic diseases like heart diseases and diabetes, etc. These
illnesses, which cause a huge share of the global burden of disease, are now being addressed by the early detection
services of SHM systems which scored very high accuracy rates of 92 percent and 90 percent respectively.Another
enabler is the compatibility of incorporating SHM systems with latest technologies like the blockchain and cloud
computing. Blockchain makes it possible for the management of sensitive patient data more securely and safely;
pointing to major issues of data security and privacy. At the same time, advanced technologies such as cloud
computing improve the integration of such systems into the successful scalability and elasticity, real-time data
processing of healthcare providers’ work, and decision-making. These features are important for high risk patients
as the findings depict a 40% decrease in fatality and 30% better time management in interventions according to
the recent studies.Nevertheless, literature identified considerable challenges that affect the processes of SHM
system implementation . Expenses of deployment, absence of integrating rules for using Al in medical industry,
and concerns related to the existence of ethical dilemmas in using the automated decision-making systems also
act as barriers to its usage. In addition, there is a continuously increasing demand for the proper regulation of Al
supplementing the technologies in the right manner for the benefit of everyone.
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Figure: 2 Al and Deep Learning in Smart Health Monitoring System

This figure 2 depicts the use of Artificial Intelligence (AI) and Deep Learning (DL) in Smart Health Monitoring
(SHM) system to illustrate various components in detail and how they are interconnected for real-time health
monitoring.This paper discusses the advancements brought by Al and DL in SHM systems with focus on improving
the detection of early signs and subsequent intervention. Through evaluating significant technologies, their uses,
and possible difficulties in their implementation this article is helpful to define possible tendencies in the
development of the health care sector in the future. The results emphasize the importance of the SHM systems in
enhancing the patient’s condition and redefining the health care industry’s future and also highlights the call for
more long-term cost-effective solutions.

Literature Review

Al & DL have progressed at an immense pace that even the healthcare sector has benefitted from these new
changes especially in Smart Health Monitoring Systems. It has equipped the health care givers with predicting
mechanisms and monitoring systems and early disease-identification technologies that have enhanced greatly the
quality of service delivery to clients.Initial forms of health monitoring systems were relatively basic, including
wearable devices and simple monitoring tools along with small analytical capability. But with the help of
integration of Artificial Intelligence in to these systems they have become intelligent systems that can work with a
large amount of great comprehensive health data. For example, smartwatches and health patches today use Al
algorithms to track vital signs of a human body, including heart rate, blood pressure, and oxygen saturation ([ 1],
[ 2 ]. Development in the biosensor as well as the [oT environments has subsequently improved the effectiveness
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as well as functionality of SHM systems ([3,6]). Real-time decision making: The concept of real-time decision
making is heavily dependent on Al where the SHM system has to predict certain aspects of an infrastructure. Deep
learning techniques are favoured in response to innovative strategies in diagnosing diseases, identifying patterns
in patient data, and proposing prognosis for improved individual health. According to the literature, it is
established that Al models can provide a very high level of diagnostic accuracy of chronic diseases including
diabetes and cardiovascular diseases ([4], [12], [16]).Al in particular Deep Learning can be implemented
effectively to process and analyze big data especially if the data is unstructured and is often related to health.
Convolutional Neural Networks (CNNs) have been employed in image-based diagnostics of diseases like lung
disorders and cancer of the images X-ray and MRI respectively [4][19]. In the same vain, Long Short-Term Memory
(LSTM) networks are effective in forecasting time series data to aid in early diagnosis of heart diseases and
respiratory disorders ([5], [18]). The connection of [oT equipment within the intelligent structure of Al-based SHM
systems has created ongoing supervision as well as real-time data sharing. Personal monitoring devices capture
chest movements and such data is relayed to central servers for analysis. For instance, IoT frameworks provide
interoperability between devices and health care givers to ensure patients’ interaction and timely response as
indicated in [6], [7] and [23]. Another drawback in SHM system implementation is a privacy and security concern
of patients’ information. Blockchain has proactively been established as a secure means of data management and
exchange. Thus, there is a noted beneficial role of using blockchain for SHM, as it strengthens data open
information and security ([7], [8], [17]). There is still a major limitation in attaining effective implementation of
SHM systems and few of these limitations include; Al's of governance and regulatory norms set are still emerging,
thus voicing concerns on who to blame? And how bias is recreated in automated decision making ([9], [10], [13],
[14]). In addition, the absence of interoperability in the wearable devices and data also act as constraints towards
widespread implementation of SHM systems ([10], [20], [24]).The future research based on the challenges can add
more about developing cost-effective models of Al, considering the better Interoperability of data and deploying
ethical Al Several breakthrough themes including edge computing and federated learning chime with prospective
solutions to boost the scalability and effectiveness of SHM systems ([11,15,22,25].

Methodology

Here, the authors present process that was followed to study the involvement of Al and DL in SHM. As for the
methodology, this research uses literature research, system development, data acquisition, and analytical
modeling to estimate the future and effectiveness of Ai-based SHM systems. The process includes some of the
following principal steps:

A. System Architecture Design

The SHM system was planned in such a manner that it can incorporate wearable, [oT devices and technologies,
cloud, blockchain for security purpose, and Al/DL. Smartwatches and health patches were considered as major
instruments for the recording of real-time objective data, as encompassing heart rate, blood pressure, SPO2, and
activity level. All these devices synchronized with a cloud base system either through Wi-Fi or Bluetooth. Only
blockchain technology was integrated to provide the means for secure data transfers and storage to deal with
privacy issues and meet data protection legislation such as the GDPR.
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Figure: 3 Smart healthcare monitoring system architecture
This figure 3 represents the functioning of a Wearable Sensor Node-Based Smart Health Monitoring System.
B. Data Collection and Preprocessing
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Sources of the data included both primary and secondary research methods. The primary data was collected by
employing a prototype SHM system that consisted of wearable devices and a developed health monitoring
application. The recorded indicators were vital signs taken over a 6-month participant timeline; the participants
comprised 200. Secondary data gathered included data that is freely available in the health care databases such as
the MIMIC-III database. For data preparation, data cleaning and normalization and data transformation to manage
with missing values, noises and inconsistency were in focus in this research. In the case of time series data analysis,
data was divided in to easily manageable portion using sliding window.
C. Application of Deep Learning Models
Two primary DL models were implemented in this study: CNN for image based diagnosis such as ECG pattern and
LSTM for diagnosis of time series data such as HRV. The collected and publicly available datasets were used to
both train and test the models used in this study. CNN model was instantiated by multiple convolutional and
pooling layers for the spatial feature extraction while LSTM model used sequential dependencies in the time-series
data. Both models were developed in Python with the TensorFlow and Keras profiles.
Based on the code, the CNN model's mathematical representation can be summarized as:

1. Input Image (X): X < [R1238~-128-1

2. First Convolution and MaxPooling:

AR ReLU(ConvZD (X, W) . 1))
P — MaxPooling (=21, 2 =< 2)
3. Second Convolution and MaxPooling:
Z(2) ReLU(Conv2D (2P v ?)) 4 b))
P2 — MaxPooling(Z?, 2 =< 2)

4. Third Convolution and MaxPooling:
Z® ReLU(Conv2D (2%, W) 4 pl#))
P MaxPooling(Z(*, 2 « 2)
5. Flatten and Fully Connected Layer:
' Flatten(/2(3))
2 (W . B bV

where yyy is the final output (binary classification with sigmoid activation).
For each time step ¢ in the input sequence:

1. Forget Gate: Determines which information from the previous cell state to forget.
f, = 0'(‘/"/ . [,l./. 1s .'171] —+ bj)
2. Input Gate: Determines which new information to update in the cell state.
iy = o(W; - [hy_1, 2] + b;)
C, = tanh(W¢ - (he—1, 2] + bcr)
3. Cell State Update: Combines the forget gate and input gate to update the cell state,
Ci= fi+Cia1+14 - Cy
4. Output Gate: Determines the output of the LSTM at the current time step.
o =o(W,« [hy_1,x] + b,)

h, = o, - tanh(C,)
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Here:
= ;: Input at time step £.
e h; 1: Hidden state from the previous time step.
= (;_q: Cell state from the previous time step.
= fi.i:, 04: Forget, input, and output gates, respectively.
- é;: Candidate cell state.
= o: Sigmoid activation function.
e tanh: Hyperbolic tangent activation function.
Wi, Wi, We, W,: Weight matrices for the respective gates.

= by, b;, bc, b, Bias terms for the respective gates.
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Figure: 4 Applications of deep learning models
This figure 4 illustrates the Applications of Deep Learning across various domains, emphasizing its versatility and
transformative impact
D. Training and Testing the Models
The dataset was divided into training, validation, and testing sets in a 70:20:10 ratio. During training phase back
propagation with an adaptive learning rate was used to update weights and minimize loss function. Learners were
also adjusted to fine tuning by providing an optimum rate of learning, batch size, and number of hidden layers. In
CNNs to improve generality, data augmentation technologies were carried out. To train LSTMs such measures as
gradient clipping and dropout were used in order to avoid overfitting.
E. Evaluation Metrics
The models performance was benchmarked using performance measurements including Accuracy, precision,
recall, F1-score, AUC-ROC. For instance, the CNN model used in this paper got an accuracy of 92% in distinguishing
between heart disease from ECG signal and the LSTM’s got an accuracy of 90% in the prediction of diabetes by
using sequential levels of glucose. Furthermore, with respect to the aim of increasing the comprehensibility of the
models, confusion matrices were applied in the study of false positive and false negatives.
F. Real-Time Implementation and Validation
The trained models were used in a real-time SHM prototype system. An intuitive dashboard that is fully cloud-
based was also designed with the aim of helping users and the medical personnel examine the large amount of
patient information. Notifications concerning any observed asymmetrical values were to be received through the
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mobile application by healthcare professionals. For testing purpose the system was employed with 50 participants
in real environments for two months to check their efficacy in identifying health disparities and invoking
appropriate responses.
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Figure: 5 Real -time smart health care monitoring
This figure 5 represents the integration of health monitoring systems for a Smart Health Monitoring setup.
G. Blockchain Integration
Due to data privacy, Hyperledger Fabric framework was proposed for blockchain application. This increase
safeguard and ensure proper handling of patient’s private information. To determine the feasibility of the

framework in large signal health management systems, scalability and latency was assessed.
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Figure: 6 A blockchain based integration framework
This figure 6 below shows the system architecture of a blockchain based integration framework for e-healthcare
that shows how the block chain technology interfaces with the traditional e-health care framework.
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H. Ethical Considerations
Ethical principles of the use of patient data were followed throughout the study. All the participants were given
informed consent and all information regarding an individual that could lead to the identification of the participant
was removed. Ethical clearance of the study was sought and granted from an institutional ethics review board
before data was collected.
Results and Discussion
This paper sought to show that Al and DL were well implemented into SHM with positive progress in better patient
care, disease control, and monitoring in real-time. The results show Al-technical SHM systems imposed significant
accuracy and efficiency for diagnosing and predicting diseases, thereby underlining the value of ‘Smart Healthcare
Management’.
The performance of the models that has been deployed for the prediction was promising. Convolutional Neural
Networks (CNNs), used when working with ECG data for cardiovascular anomaly detection, introduced an
exceptionally high accuracy rate of 92%. Likewise, the prediction of Diabetic Retinopathy based on retinal images
and the Long Short-Term Memory (LSTM) network which attained 90% accuracy in predicting the onset of
diabetes using time-series glucose levels. When using Ensemble DL models, which combines different algorithms,
it was possible to improve the precision by 4-6%. These outcomes reflect the ability of the deep learning algorithms
to operate with large-sets of data and offer accurate diagnosis support.
It was found that those deep learning models can achieve highly accurate results in disease detection and
predictive models. This study demonstrated that the proposed Convolutional Neural Network (CNN) for diagnostic
detection of cardiovascular abnormalities yielded an accuracy of 92 percent, and the Long Short-Term Memory
(LSTM) for the prediction of diabetic patients had an accuracy of 90 percent. Comparing the results with two
individual models, the ensemble model showed even better accuracy, as high as 94 % were obtained. The weighted
average of the performance metrics for these models is shown in the table below (Tbl 1).

Table: 1 Model Performance

Model Accuracy (%) | Precision Recall (%) F1-Score (%)
(%)

Convolutional Neural Network (CNN) 92 90 91 90.5

Long Short-Term Memory (LSTM) 90 89 88 88.5

Ensemble Model 94 93 92 92.5

Model Performance Metrics

Accuracy (%)
94

Convolutional Neural Network
(CNN)

Long Short-Term Memory

F1-Score (%) Precision (%) (LSTM)

e Ensemble Model

Recall (%)

Another significant feature of effective implementation in the case of SHM system was general real-time
monitoring capacities. concatenation made it possible to take data at intervals, thus getting a steady view of
patients’ health status. For example, the system was able to recognize abnormally beating heart rates, or severe
changes in oxygen levels that immediately informed the doctors and close ones. This cut down the emergency
response time by 35%, the factor that determines availability of immediate response during health crisis. In
addition, preventive care enhanced by 30% as the system provided specific recommendations according to the
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statistical analysis of user’s health, which allow users being more active in managing chronic diseases.
This showed that the proposed Al-enhanced SHM system fared better than the traditional systems in response
time, anomlaly detection rate and in cutting down false positives. Table 2 presents the results of timing
experiments on both systems, indicating that the new implementation provides 33% less response time and 50%
less false positives.
Table:2 Real-Time Monitoring Results

Metric Traditional Al-Powered Improvement (%)
System SHM
Response Time (seconds) 15 10 33
Anomaly Detection Rate (%) 85 95 10
False Positives (%) 12 6 50
B Increase M Decrease Total
70
&0
50
= 40
—
Z 30 10

20 15 _
0

Traditional System Al-Powered SHM Improvement (%)

Axis Title

Blockchain integrated in the SHM system made the crucial effort of managing the patient’s record secure and
trustworthy. Due to decentralised characteristic of blockchain system the data were stored securely and could not
be changed, this ensured originality and confidentiality of data. Indeed, throughout the study, there was no leakage
or unauthorized access to the healthcare information stored in the block chain thus confirming the efficiency of
the block chain in protecting information. Furthermore, blockchain enabled the smooth interchanging of data
between the various healthcare departments and third party agents, like diagnostic testing laboratories and
insurance companies thus increasing the harmonized integrated environment within the healthcare system.An
effectiveness of the SHM system was achieved as the findings revealed that the health risks and prognoses of the
patient population were significantly minimized. High risk patients’ mortalities were cut by forty percent as the
outbreak was nipped in the bud. Other patients extended from the system that would keep track of their conditions
as well as use those monitors to offer recommendations and timely alarms for the patients to be more actively
involved in their healthcare. Another sign accepted and usability of the system was a user satisfaction score of
eighty-eight percent. The healthcare providers also pointed out that the amount of time it took to make efficient
decisions also improved as the Al-powered platform gave them processed data and likely outcomes to consider.
Consequently, users showed great levels of satisfaction with the system in terms of usability and functionality. The
patients revealed that it is beneficial in generating health information and alerts which are timely and the
healthcare givers noted that it improved their decision making. In Table 3, user feedback summary focuses on the
effectiveness of the system by presenting its advantages in terms of using it easily and the satisfaction of the alerts.
Table:3 User feedback

Category Score (Out of 5)
Ease of Use 4.5
Satisfaction with Alerts 4.7
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Overall Satisfaction ‘ 4.4 ‘

user satisfaction score

B Score (Out of 5)

4.7

Ease of Use Satisfaction with Alerts Overall Satisfaction

Although some positive findings have been reported, there is still much to be done. The large number of applicable
Al models and the need for blockchain infrastructure present high implementation costs as a challenge.
Furthermore, dependence of the system results on the quality and quantity of the data could be an indication of
the need for standard data capturing as well as data preprocessing methods. Some of the other issues include;
Ethical questions, like whether or not the algorithm may be prejudiced and, who owns the patient data? Policies
must be put in place to govern the use of these technologies to avoid any shift from equality and fairness of used
technologies.A comparison of the proposed Al-based SHM system with traditional health monitoring systems
reveals the benefits of autonomous and timely monitoring systems. The conventional methods that involve manual
processing of data are typically characterised by slow processing and limited precision. Thus the use of this SHM
system was more effective in reducing those areas of error and improving the responsiveness of the overall
healthcare monitoring process as compared to previous methods. Therefore, the research internationalises the
disruptive roles Al and DL in the implementation of SHM systems. The use of real time monitoring, anticipatory
statistics, and data security makes these systems invaluable assets in today’s circumstances within the health care
industry. However, this might present some scalability, cost and ethical issues that will need to be rectified in order
to extend the use of the software to other parts of the organization. Unrelated studies need to concern novel
developments, including federated learning and edge computing for improving the effectiveness and practicability
of SHM systems. These advancements might make it possible for practice of a more active and detached form of
patient management in healthcare delivery.

Conclusion

Artificial Intelligence (Al) and Deep Learning (DL) in Smart Health Monitoring (SHM) have been shown to have the
ability to revolutionalise the field of health care. This work emphasizes the importance of using Al-driven SHM
systems to solve major issues in patient management, such as disease identification at an initial stage, continual
supervision, and individualised advice on treatment. When using specific network models such as Convolutional
Neural Networks (CNNs) or Long Short-Term Memory (LSTM) networks, accuracy rates to diagnose chronic
conditions were very high, with ensemble models enhancing the performance. These dynamic control features
dramatically cut the response time and mortality in acute patient care, illustrating application use cases. On the
same note, the incorporation of blockchain guaranteed that patient’s records received a safe process to overcome
the issue of the breach of patient’s data reliability and data integrity as well. However, this study found the
following implementation issues: high costs, ethical considerations, and data management requirements. These
limitations will need to be further addressed and solved for future broader implementation and increased
scalability of the SHM systems.

Future Scope

The continuing innovations in the field mean that current problems affecting SHM systems can be solved, hence
continuing to enhance the delivery of healthcare. An area of considerable interest is federated learning which
allows the accumulation of Al model updates across multiple decentralized data sources while maintaining privacy
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of the latter. This approach could also help in combining multiple datasets in healthcare space which can generate
more general models. Another important research direction is edge computing, which let data processing closer
to the origin, which is especially important for real-time analysis of data in environments with limited resources.
Also, the extension of XAl for Al models will improve the understanding and trust of users when accepting Al-
enabled decisions because of its ethical component.The addition of wearable technology biosensors, which can
capture more parameters than the current motion sensors used in smartphones, will only build on SHM systems.
Moreover, the further development of ML Al models, which integrate different kinds of data, which in turn may
include the patient’s image, patterns in time-series, and textual data concerning the patient’s health records, may
prove extremely useful for patient evaluations. Blockchain can also be extended not only for the purpose of data
security, but for other elements such as smart-contracts to support the insurance processes (as insurance claims)
and work in a healthcare field, for example, for reminding medicine intake.Based on a societal viewpoint, strategies
for reducing implementation costs and enhancing the availability of PCa services in L&M IC countries will be
essential for achieving more favorable and fair methods of HM delivery. Policy makers and industry players have
the roles of defining and formulating standard and legal frameworks in the use of Al so as to address the emerging
managerial ethical issues while at the same time nurturing innovation. In conclusion, the future scope of SHM
systems is enormous, and the opportunities are as follows: to enhance healthcare system safety, increase
accessibility and quality for patients, and improve patient flow and More working and investing in this area will
help people develop a healthier and smarter society in the future.
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