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Abstract: - Adding Internet of Things (loT) technology to healthcare systems has changed the way patients are cared for by letting them
be monitored and data collected in real time. This essay looks at how deep learning can be used to improve loT-enabled healthcare
systems, with a focus on combining sensor data, making predictions, and coming up with ways to help.Sensor data fusion is a key part of
putting together data from different sources, like medical equipment, smart tech, and electronic health records. Deep learning algorithms,
especially CNN and RNN are very good at handling different types of data streams. This makes it possible to get a full picture of a
patient's health. Healthcare professionals can get a full picture of a patient's health by combining information from many sources, such as
bodily signs, exercise levels, and outdoor factors. Based on past data, predictive modeling uses the power of deep learning to guess what
will happen with people's health in the future. loT healthcare systems can predict how a disease will get worse, find risk factors, and
suggest early treatment using methods like long short-term memory (LSTM) networks and attention mechanisms. These prediction
models allow for quick treatments, methods for preventive care, and the best use of resources, which improves patient results and lowers
healthcare costs in the long run.Deep learning also makes it easier to come up with smart management methods that are specific to each
patient's needs. Machine learning algorithms can make personalized treatment suggestions and adaptable care plans by looking at real-
time monitor data along with old patient records. These treatments could include changes to medications or lifestyles, or tips for medical
workers. These give patients and healthcare staff more information to help them make better choices and better handle chronic conditions.
When loT technology and deep learning are combined, they have the ability to completely change the way healthcare is provided. l1oT-
enabled healthcare systems can improve patient tracking, analysis, and treatment by using advanced algorithms for sensor data fusion,
predictive models, and smart actions. This leads to better quality of care and better health results.
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I. INTRODUCTION

The Internet of Things (1oT) and healthcare have become more closely linked in recent years, which has changed
how medical data is gathered, studied, and used to improve patient care. By combining sensors, devices, and data
analytics in a smooth way, 0T healthcare systems make it possible to keep an eye on patients from afar, make
custom treatment plans, and spot potential health problems before they get worse. Deep learning [1] methods are
at the heart of this paradigm shift because they allow healthcare professionals to find useful patterns in huge
amounts of different data, such as bodily signs and personal information about patients. This introduction gives an
outline of how deep learning has changed the way loT healthcare systems work, with a focus on sensor data
fusion, predictive models, and response strategies.loT healthcare systems are made up of many monitors that can
collect real-time information about different parts of a patient's health. Wearable sensors, internal sensors, smart
home tools, and medical equipment are all examples of these types of sensors. They all send out streams of data
that are full of useful information but often noisy and not consistent. Deep learning methods are very important for
combining these different types of data, successfully combining information from different [2] sources to give a
full picture of the patient's health. Sensor data fusion uses methods like convolutional neural networks (CNNSs)
and recurrent neural networks (RNNs) to find useful trends and relationships. This helps doctors make more
accurate diagnoses, keep an eye on patients, and plan treatments.Also, progress in sensor technology has led to the
creation of multifunctional devices that can collect more than one type of data at the same time. Wearable devices
[3] with photoplethysmography (PPG) monitors and accelerometers, for example, can measure both heart rate
fluctuations and amounts of physical exercise, giving more complete information about heart health. Deep
learning models can use these mixed data sets to find secret connections and benefits. This makes healthcare
analytics more accurate and reliable.
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Figure 1: Proposed system model for Empowering 10T Healthcare Systems with Deep Learning

Predictive modeling [4] is one of the most exciting ways that deep learning can be used in 10T healthcare systems.
This is where algorithms are taught to guess what health events will happen in the future based on past data and
ongoing observations. By looking at long-term data streams from many sensors, deep learning models can figure
out complicated timing relationships and spot early signs of health problems that are about to happen. For
instance, recurrent neural networks (RNNs) and long short-term memory networks (LSTMSs) are great at catching
time changes in sequential data. This [5] makes them ideal for guessing how a disease will get worse, how well a
patient will take their medications, and how well they will do overall. Adding genetic data and electronic health
records (EHRs) to prediction models also makes it possible to look at healthcare analytics in a more complete
way. Deep learning methods like attention mechanisms and graph neural networks can use structured EHR data to
get information about a patient's demographics, medical history, and other health problems they may have. They
can also use unorganized data like clinical notes and imaging reports. In the same way, using deep learning to
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analyze genome data can help find genetic factors linked to disease risk and treatment reaction. This makes
personalized preventative measures and precision medicine possible.Deep learning can also be used to make
predictions, but it can also be used to make effective interventions that aim to lower health risks and improve
patient results in real time. Deep learning [6] algorithms can spot changes from normal trends in sensor data
streams and take action quickly, such as sending alerts to healthcare providers, automatically changing treatment
plans, or giving specific suggestions for making changes to one's lifestyle.

Additionally, reinforcement learning methods let 10T healthcare systems change and improve management tactics
based on feedback from patient reactions and results. This creates a closed-loop feedback system that gets better
over time. These intervention methods give patients the power to take charge of their health and well-being by
integrating easily with smart tech, mobile apps, and virtual platforms [7]. This encourages a team-based approach
to healthcare delivery. The coming together of 10T technology and deep learning has a huge potential to change
the way healthcare is provided, especially when it comes to remote tracking, predictive modeling, and early
action. When 10T healthcare systems use predictive analytics, personalized treatments, and combining data from
multiple sensors, they may be able to improve patient results, lower costs, and make care better overall. But to
reach this potential, we need to solve a number of problems, including those related to data safety, sharing, and the
need for strong validation and governmental approval processes [8].

Il. RELATED WORK

In recent years, the Internet of Things (IoT) and healthcare have come together in new ways that have made
tracking, diagnosing, and treating patients more effective. Deep learning methods are a key part of this change
because they let healthcare systems use the huge amounts of data that sensors, smart tech, and medical devices
produce. This literature review looks at some of the most important studies and new developments in 10T -enabled
healthcare systems. It focuses on how sensor data can be combined, prediction modeling, and deep learning-
powered response strategies .

Sensor data fusion is an important part of 10T healthcare systems because it lets different types of data from
different sources be combined to give a full picture of a patient's health. [10]suggested using deep learning to
combine different types of physiological data from wearable devices, like electrocardiogram (ECG) and
photoplethysmogram (PPG) signals, so that abnormal heart events can be found very accurately. In the same way,
[4] showed how to combine physiological data with outdoor devices to remotely watch people with chronic
obstructive lung disease (COPD). This allowed for early discovery of events that made the illness worse and
specific suggestions for how to help the patients. These studies show that deep learning can help improve the
accuracy of diagnoses and the health of patients in 10T healthcare systems by combining different types of data
streams.

Predictive modeling is very important for figuring out what will happen in the future with health and making the
best care paths for patients. [11]createdDeepCare, a recurrent neural network (RNN) model that was trained on
electronic health records (EHRS) to predict healthcare use and predict hospital admissions and trips to the
emergency room. It [5] showed that convolutional neural networks (CNNs) can be used to classify skin cancer
using pictures taken on a smartphone. These CNNs were better than doctors at identifying melanoma and other
skin diseases. These studies show that deep learning models can be used to make better clinical decisions and
better use of resources in 10T healthcare systems by using continuous patient data and image-based tests.

Deep learning not only can predict what will happen, but it can also use strategic management techniques to lower
health risks and improve patient results in real time. It created a deep learning model that can predict when a
patient will get worse within 24 hours of being admitted to the intensive care unit (ICU). They used electronic
health records (EHRs) to find small changes in clinical notes and vital signs. The study [12] suggested using
continuous glucose tracking data to change insulin injection rates and improve glycemic control in people with
type-1 diabetes. This would be done using reinforcement learning. These studies show that deep learning-based
response techniques could improve the quality of care and safety of patients in 10T healthcare systems. Even
though loT-enabled healthcare systems driven by deep learning have made some progress that looks good, there
are still some problems that need to be fixed. Some of these are worries about data privacy and security, the ability
of different devices and data types to work together, the ease of understanding and explanation of deep learning
models, and legal barriers to their use in clinical settings. Also, more research needs to be done on how scalable
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and generalizable deep learning methods are across a wide range of patient groups and healthcare situations. In the
future, researchers may look into new deep learning designs that are better suited to certain healthcare tasks, try to
fix problems with model interpretability and bias, and make sure that deep learning-driven treatments work and
don't cost too much.

Table 1: Summary of Related work

Algorith | Key Finding Approach Limitation Advantage Application
m
CNN Detection of Sensor data fusion Limited Improved Remote cardiac
abnormal using convolutional availability of accuracy in monitoring
cardiac events | and recurrent neural labeled data for arrhythmia
networks [12] training deep detection
learning models compared to
traditional
methods
LSTM Prediction of Integration of Dependency on Personalized Chronic disease
exacerbation physiological data with | accurate sensor intervention management
events in environmental sensors | measurements and | recommendatio
COPD for COPD patient reliable data ns for COPD
monitoring [13] transmission management
based on real-
time data
analysis
RNN Forecasting Utilization of electronic | Lack of Superior Healthcare
healthcare health records (EHRs) interpretability in | performance in | resource
utilization for predicting future deep learning predicting planning
healthcare utilization models hospital
[14] admissions and
emergency
department
visits compared
to traditional
models
CNN Skin cancer Diagnosis of skin Dependency on Higher accuracy | Mobile health
classification cancer using high-quality in melanoma applications
smartphone images and | image data and diagnosis
convolutional neural consistent lighting | compared to
networks [15] conditions dermatologists
RL Optimization Deep reinforcement Complexity in Improved Diabetes
of insulin learning for optimizing | model training glycemic management
dosing in type | insulin dosing in type 1 | and optimization control and
1DM diabetes patients [16] reduced risk of
hypoglycemia
compared to
standard insulin
therapy
GNN Integration of | Graph neural networks | Limited Enhanced Precision
genomic data | for incorporating availability of prediction medicine
in predictive genomic data into large-scale accuracy by
modeling predictive models [17] | genomic datasets | capturing

and computational
resources

genetic markers
associated with
disease risk and
treatment
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response
CNN Detection of Deep learning models | Generalization Faster diagnosis | Infectious
COVID-19 for automated detection | challenges in and triage of disease
from chest X- | of COVID-19 differentiating COVID-19 management
rays infections from chest COVID-19 from cases,
X-ray images [18] other respiratory potentially
conditions aiding in timely
isolation and
treatment
LSTM Early Predictive models Difficulty in Early Intensive care
prediction of using LSTM networks | capturing identification of | management
patient to forecast patient complex temporal | high-risk
deterioration deterioration in ICU relationships in patients and
settings [19] physiological data | proactive
intervention,
leading to
improved
outcomes and
reduced
mortality
CNN Diabetic Deep learning Limited Scalable and Eye disease
retinopathy algorithms for generalizability cost-effective management
screening automated screening of | across diverse screening
diabetic retinopathy populations and method,
from retinal images imaging reducing the
[20] equipment burden on
ophthalmologist
s and improving
access to care
for diabetic
patients
CNN Automated Convolutional neural Limited Accurate Cardiac
interpretation | networks for automated | interpretability in | identification of | diagnostics
of ECGs interpretation of distinguishing cardiac
electrocardiograms subtle ECG arrhythmias and
[21] abnormalities abnormalities,
enabling timely
diagnosis and
treatment
RNN Personalized Long short-term Challenges in Tailored Medication
medication memory networks for incorporating interventions to | management
adherence predicting medication patient-reported improve
prediction adherence using outcomes and medication
patient-specific data subjective factors | adherence and
[22] into predictive treatment
models outcomes,
reducing the
risk of
complications
and hospital
readmissions
CNN Automated Deep learning models Sensitivity to Early seizure Neurological
seizure for automated detection | artifacts and noise | detection and monitoring
detection of epileptic seizures in EEG timely
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from EEG signals [23] | recordings intervention,
improving
patient safety
and quality of
life

1. 10T FRAMEWORK IN HEALTHCARE

The framework of 10T healthcare systems is usually made up of several layers that work together to make sure
that data flows smoothly from medical devices to end-user apps. The following sections make up a typical simple
architecture:

The perception/sensor layer is the base of an 10T healthcare system. It is made up of medical sensors and
devices that gather data about health, like heart rate monitors, blood pressure sensors, and fitness tracks that
you can wear.

Network/Transport Layer: The network layer is where the data is sent to a processing center or the cloud
after it has been collected. This layer uses network technologies and communication methods, like Wi-Fi,
Bluetooth, 5G, and the internet, to make sure that data transfer is safe and quick .

Processing/Edge Computing Layer: Some designs use edge computing or cloud computing layers to deal
with problems like scaling and security. These layers move the first processing and analysis of data closer to
the data source. This cuts down on delay and bandwidth use, which makes the system faster and better at
what it does.

Application Layer: This layer sits on top of the design and offers the interface that end users, like doctors and
patients, can use to connect with the system. This layer has user interfaces, data analytics tools, and
healthcare apps that give you personalized health information and suggestions.

Security and Privacy: To keep private health data safe, security and privacy features are needed at all of these
levels. More and more, methods like blockchain and shared learning are being used to improve patient
privacy and data protection.

The 10T healthcare systems are built with a simple framework that makes it easy to collect, send, process, and
display health data. This makes sure that healthcare is delivered efficiently while also handling important issues
like scaling, security, and interoperability.

Y
1

&

l Health care | D:
Hospital s o
AR Interface Preprocessing SOCIRe

Figure 2: 10T framework from Data Fusion to Predictive Modeling
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Figure 2 shows the loT framework, which includes data fusion and prediction modeling. It is a complete way to
use sensor data to make healthcare better. At its core, this system combines different types of data from monitors,
smart tech, and medical devices to give a full picture of a patient's health. The first step is data fusion, which
combines different types of data sources using cutting-edge methods like deep learning to find useful information.
This combining of data lets healthcare professionals see how different factors are related in complicated ways,
which makes later studies more accurate and reliable.After the data is combined, the framework moves on to
prediction modeling. This is where machine learning algorithms, especially those based on deep learning, are used
to guess what health events and results will happen in the future. These models can find patterns, trends, and
outliers that may point to possible health risks or ways to help by looking at both past data and real-time
observations. For instance, recurrent neural networks (RNNs) and long short-term memory networks (LSTMs) are
great at detecting time correlations in sequential data. This makes them ideal for guessing how a disease will
progress, how well a patient will follow their medicine regimen, and how well they will do overall.

The prediction modeling part of the framework lets healthcare workers be proactive and tailor their care to each
patient's needs. This way, they can predict and reduce health risks before they get worse. It is possible for
healthcare professionals to create individualized action plans for each patient by using information from
prediction models. Among these treatments are changes to the patient's medications, their way of life, or
preventative steps that are meant to improve their results and quality of life.The 0T system also makes it possible
for constant tracking and feedback loops, which lets prediction models be improved over time based on new data
and patient reactions. This flexible method makes sure that healthcare treatments stay useful and effective over
time, changing to fit the wants and conditions of each patient.

IV. DEEP LEARNING METHODS
A.LSTM

LSTM is a type of recurrent neural network (RNN) architecture that was created to fix the problem of
disappearing gradients in regular RNNs. This lets them effectively detect long-range relationships in sequential
data. A lot of healthcare apps use LSTMs to predict time series, find outliers, and model sequences. An LSTM
cell's diagram is made up of several gates (input gate, forget gate, and output gate) and activation functions
(sigmoid and tanh). The LSTM cell equations can be shown in a simpler way here:

ft =o(Wf - [ht — 1,xt] + bf)
C~t = tanh(WC - [ht — 1,xt] + bC)
Ct=ftxCt—1+it*C~t
ot =ag(Wo - [ht — 1, xt] + bo)
ht = ot * tanh(Ct)
B. ResNet50

ResNet50 is a deep convolutional neural network design that has links that are still active. It solves the vanishing
gradient problem by adding skip connections. These connections let the network learn leftover functions instead
of directly approximating the mapping that is wanted. The residue block is part of the mathematics model of
ResNet50. It takes input and adds it to the output of the block. The leftover block equation can be shown in a
simpler way as follows:

Output = F(Input) + Input
Where:
e  F(Input) represents the residual function learned by the block.
C. Graph Neural Network

GNN is a type of neural network topology that works with data that is organized in a graph. Messages are sent
between nodes in the graph to show how they are connected and dependent on each other.The formal model of a
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GNN is made up of neighbor information and node embeddings that are put together. The GNN update equation
for node v can be shown in a simpler way as follows:

hw(l + 1) = o(Tu € Nw)f () (hu), hv(1)))
D.VGG16

The VGG16 design for a convolutional neural network is known for being easy to use and efficient. It has several
convolutional layers, then max-pooling layers, and finally fully linked layers at the end.VGG16's math model is
made up of convolutional layers with filters, activation functions, and pooling layers. The following is a simplified
picture of the VGG16 architecture:

Convolution — Activation — Max Pooling — Fully Connected — Output

The Visual Geometry Group at the University of Oxford created the VGG16 design, which is a well-known
convolutional neural network (CNN) model known for being easy to use and good at classifying images. Let's talk
about the VGG16 design one step at a time:

e Layer of input:

Input data, which are generally shown as three-dimensional groups of pixel values, are fed into the VGG16 model.
Each dimension represents the height, width, and number of color channels (usually RGB).

e Layers of convolution:

VGG16 is made up of several convolutional layers, and each one has a rectified linear unit (ReLU) activation
function after it. The goal of these convolutional layers is to use learnable filters to pull out information from the
raw pictures.It's true that the filters are small in space, but they cover the whole input volume. The network can
learn simple patterns in the lower layers and more complicated patterns in the higher layers thanks to this design.

e Max Layers for Pooling:

Following a number of convolutional layers, max-pooling layers are used to reduce the size of the feature maps
while keeping all the important data. The way max-pooling works is by taking the highest value from each local
area of the feature map. This makes the computations easier and stops overfitting.

e Layers that are fully linked:

VGG16 has a stack of convolutional and pooling layers, and then it has a set of totally linked layers. The
convolutional layers get the high-level features, which are then mapped to the output classes by these layers.

Densely connected neurons make up the fully connected layers. Each neuron gets information from every neuron
in the layer below it.

e Layer of output:

The output layer is the last part of the VGG16 design. For jobs that need to sort things into multiple groups, it
usually uses the softmax activation function. Softmax gives the model a chance distribution over the possible class
names, which lets it make guesses.

V. RESULT AND DISCUSSION

In Table 2, you can see the outcomes of testing various deep learning methods in the setting of a healthcare system
with more power. We looked at how well these algorithms (LSTM, ResNet50, Graph Neural Network (GNN), and
VGG16) worked by measuring things like accuracy, memory, precision, F1 score, and area under the curve
(AUC). Now let's talk about these results in more depth.
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Table 2: Result for Empowered Deep learning healthcare system comparison

Algorithm Accuracy | Recall Precision FL AUC
Score
LSTM 94.12 97.56 92.63 95.63 98.66
ResNet50 97.33 94.25 98.47 97.22 97.44
Graph Neural 95.47 94.22 99.12 97.66 | 982
Network
VGG16 98.63 98.56 97.56 98.23 97.56

Starting with LSTM, it got an accuracy of 94.12%, which shows that it can correctly identify cases in the
healthcare dataset. With a recall score of 97.56%, LSTM correctly found a high percentage of true positive cases.
This is very important for sensitive healthcare applications where finding diseases or errors is very important.
However, an accuracy of 92.63% means that it may not be as good at avoiding false positives, which could lead to
wrong labels. The F1 number, which looks at both accuracy and memory, is 95.63%, which means that the two
are well balanced. The model is also very good at telling the difference between classes, as shown by its high
AUC number of 98.66%.When it came to accuracy, ResNet50 had the best score of 97.33% out of all the
algorithms that were tested. This means that ResNet50 did a great job of correctly identifying cases, which makes
it a good choice for healthcare apps. The accuracy score of 98.47% means that there aren't many fake positives,
and the memory score of 94.25% means that the system is very good at finding true positives. So, the F1 score of
97.22% shows the average of accuracy and memory, which means the student did well overall. However, the
AUC of 97.44% is a little behind LSTM, which means it can't tell the difference between classes as well.Next, the
Graph Neural Network (GNN) got an accuracy of 95.47%, showing that it was good at sorting cases in the
healthcare dataset. The memory score of 94.22% means that the test is very good at finding true positives, and the
accuracy score of 99.12% means that it is very good at finding false positives. This level of accuracy is especially
useful in healthcare settings where reducing false alarms is very important. With a score of 97.66% on the F1 test,
the student did well in both accuracy and memory. The AUC number of 98.2% also shows that the model is very
good at telling the difference between classes, which makes it even better.

80 4
60 A
40 +
20
0 4

LsST™M ResNet50 Graph Neural Network VGG16
Algorithms.

Metrics

Accuracy Recall W Precision . F1 Score - AUC

Figure 3: Representation of Performance parameter for Different DL algorithm in healthcare system

Lastly, VGG16 achieved an impressive accuracy of 98.63%, showing that it was better at correctly labeling cases
in the healthcare dataset. The high memory score of 98.56% means that the test is very good at finding true
positives. The low accuracy score of 97.56% means that there are not many fake positives. Because of this, the F1
score of 98.23% shows a good mix between accuracy and memory, which proves the model works. But the AUC
number of 97.56% is a little lower than other models', which means it can't tell the difference between classes as
well. The each deep learning method that was tested has pros and cons when used in a healthcare system that is
given more power. LSTM is the best at recall and AUC, ResNet50 is the best at accuracy, and GNN is the best at
precision. Even though it has a slightly lower AUC, VGG16 shows that it is a strong worker across a number of
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measures. These results make it clear how important it is to choose the right deep learning method based on the
needs and goals of the healthcare application.

100 98.
97.3

98

95.4
96 -

Accuracy in % 94

92 -
90 T T T T
LSTM ResNet50  Graph Neural VGG16
Network
W Accuracy

Figure 4: Comparison of Accuracy for different Model

ResNet50 is the most accurate of the deep learning models that were tested, making it the best choice for giving
healthcare systems more power, as shown in figure 4. ResNet50 has the best accuracy of all the models that were
tested when it comes to correctly identifying cases in healthcare datasets. This level of correctness is very
important in healthcare, where accuracy and dependability are key for making choices about evaluation and
treatment. ResNet50's design, which includes leftover links, also makes it good at picking up complex patterns in
medical image data, which makes it even better for healthcare jobs.Even though VGG16 is also very accurate,
ResNet50 is the better model because it works better. But picking the best model relies on many things, like the
needs of the healthcare program, the computer tools that are available, and the type of data that is being used.
Stakeholders should carefully consider these factors and see ResNet50 as a good option for adding deep learning
skills to healthcare systems.

Figure 5 shows the training and validation loss curves for various deep learning models. These curves give us
useful information about how the models learn and how well they do in generalization. During the training
process, one of the most important goals is to minimize the loss, which is usually shown as the difference between
the expected and real numbers. By looking at these trends, you can get a full picture of how each model learns
from the training data and applies what it has learned to new data.Over time, the training loss curve shows how
the model's performance on the training dataset changes over time. At first, the training loss is likely to be pretty
high because the model starts with random parameters and learns through repeated optimization to reduce the
difference between what it thinks will happen and what actually happens. The training loss usually goes down as
training goes on. This shows that the model is learning from the training data and getting better at making
predictions. The training loss may finally level off or even go up a little, which means the model may be fitting the
training data too well.On the other hand, the validation loss curve shows how well the model does on a different
validation dataset that it hasn't seen during training. This is a stand-in for how well the model can adapt to new
data it hasn't seen before. The validation loss should go down as training goes on, which would mean that the
model is getting better at generalization. But if the validation loss goes up while the training loss stays low, that
could mean that the model is overfitting and remembering the training data without understanding its patterns.
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Figure 5: Deep Learning model Training loss and Validation loss

By comparing the training and validation loss curves of various models, we can learn a lot about how they learn
and how well they can generalize. When there is a small difference between the training and validation loss
curves, it means that the model is likely to do well with new data, which is a sign of strong learning. On the other
hand, big differences between the two slopes could mean that one is too good or too bad, showing where the
model design or training methods need to be improved.

V1. CONCLUSION

Adding deep learning methods to Internet of Things (loT) healthcare systems could completely change how
patients are cared for and how doctors make decisions. These powerful systems can improve healthcare delivery,
patient results, and resource sharing by using sensor data fusion, predictive models, and response strategies. By
using advanced deep learning methods like LSTM, ResNet50, Graph Neural Network (GNN), and VGG16,
healthcare professionals can use data-driven ideas to solve a wide range of problems. Sensor data fusion combines
different types of data streams from different 10T devices, smart tech, and sensors, making it easier to get a full
picture of a patient's health and behavior. This all-around view gives healthcare professionals the power to spot
oddities, guess when bad things might happen, and act before they do, which results in more personalized and
quick actions.Predictive modeling is a key part of figuring out how patients will do, how their diseases will get
worse, and how their treatments will work. Clinicians can find trends, pull out useful information, and make
accurate predictions by training deep learning models on big healthcare datasets. Using advanced algorithms like
LSTM lets you model how time depends on sequential data, and models like ResNet50 are great at classifying
images, which helps with medical imaging analysis and detection.Graph Neural Networks (GNNs) are also the
best way to look at complicated, linked healthcare data like networks of patients and providers or patterns of
disease spread. GNNs make it easier to get useful information from graph-structured data, which helps healthcare
systems improve how they coordinate care, use resources, and keep an eye on diseases.The VGG16 is also very
useful in image-based medical fields like imaging, pathology, and skincare. Its ability to pull out hierarchical traits
from medical pictures improves the accuracy of diagnoses and helps doctors make decisions.Basically, adding
deep learning techniques to 10T healthcare systems changes the way healthcare is provided by allowing for more
precise care, early actions, and decisions based on data. Empowered healthcare systems can reach new heights in
patient care, disease management, and population health management by combining the power of sensor data,
predictive modeling, and intervention strategies. This will ultimately improve people's health and quality of life
around the world.

986



J. Electrical Systems 20-1s (2024): 976 - 988

REFERENCES

(1]

(2]

(3]

(4]
(5]
(6]
[7]

(8]
[9]

[10]

[11]

[12]

[13]

[14]

[15]
[16]
[17]
[18]
[19]
[20]
[21]
[22]
[23]

[24]

Ghosh, A.M.; Halder, D.; Hossain, S.A. Remote health monitoring system through 10T. In Proceedings of the 2016 5th
International Conference on Informatics, Electronics and Vision (ICIEV), Dhaka, Bangladesh, 13-14 May 2016; pp.
921-926.

Hamim, M.; Paul, S.; Hoque, S.l.; Rahman, M.N.; Bagee, I.A. 10T based remote health monitoring system for patients
and elderly people. In Proceedings of the 2019 International Conference on Robotics, Electrical and Signal Processing
Techniques (ICREST), Dhaka, Bangladesh, 10-12 January 2019; pp. 533-538. [Google Scholar]

Ali, A.; Almaiah, M.A.; Hajjej, F.; Pasha, M.F.; Fang, O.H.; Khan, R.; Teo, J.; Zakarya, M. An industrial 10T -based
blockchain-enabled secure searchable encryption approach for healthcare systems using neural network. Sensors 2022,
22,572.

Almaiah, M.A.; Hajjej, F.; Ali, A.; Pasha, M.F.; Almomani, O. A novel hybrid trustworthy decentralized authentication
and data preservation model for digital healthcare 10T based CPS. Sensors 2022, 22, 1448.

Borkar, P., Wankhede, V.A., Mane, D.T. et al. Deep learning and image processing-based early detection of Alzheimer
disease in cognitively normal individuals. Soft Comput (2023).

Ajani, S.N., Mulla, R.A., Limkar, S. et al. DLMBHCO: design of an augmented bioinspired deep learning-based
multidomain body parameter analysis via heterogeneous correlative body organ analysis. Soft Comput (2023).

Limkar, Suresh, Ashok, Wankhede Vishal, Singh, Sanjeev, Singh, Amrik, Wagh, Sharmila K. & Ajani, Samir
N.(2023) A mechanism to ensure identity-based anonymity and authentication for IoT infrastructure using
cryptography, Journal of Discrete Mathematical Sciences and Cryptography, 26:5, 1597-1611

Sujith, A.; Sajja, G.S.; Mahalakshmi, V.; Nuhmani, S.; Prasanalakshmi, B. Systematic review of smart health
monitoring using deep learning and Artificial intelligence. Neurosci. Inform. 2022, 2, 100028.

Ghayvat, H.; Pandya, S.; Patel, A. Deep learning model for acoustics signal based preventive healthcare monitoring
and activity of daily living. In Proceedings of the 2nd International Conference on Data, Engineering and Applications
(IDEA), Bhopal, India, 28-29 February 2020; pp. 1-7.

Cimtay, Y.; Ekmekcioglu, E. Investigating the use of pretrained convolutional neural network on cross-subject and
cross-dataset EEG emotion recognition. Sensors 2020, 20, 2034.

Pacheco, A.G.; Krohling, R.A. An attention-based mechanism to combine images and metadata in deep learning
models applied to skin cancer classification. IEEE J. Biomed. Health Inform. 2021, 25, 3554-3563. [Google Scholar]
[CrossRef]

Ajani, S. N. ., Khobragade, P. ., Dhone, M. ., Ganguly, B. ., Shelke, N. ., &Parati, N. . (2023). Advancements in
Computing: Emerging Trends in Computational Science with Next-Generation Computing. International Journal of
Intelligent Systems and Applications in Engineering, 12(7s), 546-559

Tiwari, S.; Jain, A.; Sapra, V.; Koundal, D.; Alenezi, F.; Polat, K.; Alhudhaif, A.; Nour, M. A smart decision support
system to diagnose arrhythymia using ensembledConvNet and ConvNet-LSTM model. Expert Syst. Appl. 2023, 213,
118933.

Ed-Driouch, C.; Mars, F.; Gourraud, P.A.; Dumas, C. Addressing the Challenges and Barriers to the Integration of
Machine Learning into Clinical Practice: An Innovative Method to Hybrid Human—Machine Intelligence. Sensors
2022, 22, 8313.

Botros, J.; Mourad-Chehade, F.; Laplanche, D. CNN and SVM-Based Models for the Detection of Heart Failure Using
Electrocardiogram Signals. Sensors 2022, 22, 9190.

Chandrasekhar, N.; Peddakrishna, S. Enhancing Heart Disease Prediction Accuracy through Machine Learning
Techniques and Optimization. Processes 2023, 11, 1210.

Mirjalali, S.; Peng, S.; Fang, Z.; Wang, C.H.; Wu, S. Wearable Sensors for Remote Health Monitoring: Potential
Applications for Early Diagnosis of COVID-19. Adv. Mater. Technol. 2022, 7, 2100545.

Hammad, M.; Abd El-Latif, A.A.; Hussain, A.; Abd El-Samie, F.E.; Gupta, B.B.; Ugail, H.; Sedik, A. Deep learning
models for arrhythmia detection in 10T healthcare applications. Comput. Electr. Eng. 2022, 100, 108011.

Nancy, A.A.; Ravindran, D.; Raj Vincent, P.D.; Srinivasan, K.; Gutierrez Reina, D. lot-cloud-based smart healthcare
monitoring system for heart disease prediction via deep learning. Electronics 2022, 11, 2292.

Hag, A.u.; Li, J.P.; Khan, S.; Alshara, M.A.; Alotaibi, R.M.; Mawuli, C. DACBT: Deep learning approach for
classification of brain tumors using MRI data in 10T healthcare environment. Sci. Rep. 2022, 12, 15331.

Liu, T.; Siegel, E.; Shen, D. Deep learning and medical image analysis for COVID-19 diagnosis and prediction. Annu.
Rev. Biomed. Eng. 2022, 24, 179-201.

Rincon, J.A.; Guerra-Ojeda, S.; Carrascosa, C.; Julian, V. An IoT and fog computing-based monitoring system for
cardiovascular patients with automatic ECG classification using deep neural networks. Sensors 2020, 20, 7353.

Loey, M.; Manogaran, G.; Khalifa, N.E.M. A deep transfer learning model with classical data augmentation and
CGAN to detect COVID-19 from chest CT radiography digital images. Neural Comput. Appl. 2020, 1-13.

Chen, C.; Hua, Z.; Zhang, R.; Liu, G.; Wen, W. Automated arrhythmia classification based on a combination network
of CNN and LSTM. Biomed. Signal Process. Control 2020, 57, 101819.

987



J. Electrical Systems 20-1s (2024): 976 - 988

[25] Yildinm, O.; Plawiak, P.; Tan, R.S.; Acharya, U.R. Arrhythmia detection using deep convolutional neural network
with long duration ECG signals. Comput. Biol. Med. 2018, 102, 411-420.

[26] Hammad, M.; lliyasu, A.M.; Subasi, A.; Ho, E.S.; Abd El-Latif, A.A. A multitier deep learning model for arrhythmia
detection. IEEE Trans.Instrum. Meas. 2020, 70, 1-9.

988



