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ABSTRACT

Background: Cloud computing, Al, and IoT technologies are revolutionizing healthcare by
enabling predictive analytics and ongoing health monitoring. A hybrid technique that combines
the Gray Wolf Optimization (GWO) algorithm with Deep Belief Networks (DBN) enhances
disease prediction and real-time patient monitoring, particularly for chronic disorders.

Objective: Designing and implementing a GWO-DBN hybrid model that improves predictive
accuracy for chronic disease monitoring in cloud environments is the goal of this project.
Utilizing wearable IoT devices and cloud capabilities, the goal is to combine scalable, real-
time analysis for healthcare providers for reliable, remote illness management.

Methods: Data collection, preprocessing, cloud storage, optimization, and monitoring are all
integrated into the hybrid GWO-DBN architecture. The GWO algorithm chooses important
features and optimizes DBN parameters. Cloud infrastructure enables real-time alerts, enabling
prompt responses by healthcare providers based on ongoing patient health parameters.

Results: The GWO-DBN model outperforms conventional methods with a 93% prediction
accuracy, 90% sensitivity, and 95% specificity. A useful, high-performing solution for disease
monitoring and resource optimization in the healthcare industry is offered by the cloud
integration, that guarantees scalability and real-time notifications for healthcare providers.

Conclusion: In real-time disease monitoring applications, the GWO-DBN model exhibits
enhanced operational scalability, predictive accuracy, and efficiency. This cloud-based hybrid
solution provides a viable model for proactive healthcare by enabling early diagnosis and
resource allocation.

Keywords: GWO-DBN Hybrid Model, Disease Prediction, Cloud Computing, [oT in
Healthcare, Real-time Monitoring, Predictive Analytics.
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1 INTRODUCTION

Patient care is being reshaped by the dramatic change in the healthcare industry, which is
shifting from conventional methods to more sophisticated, tech-driven strategies. Digital
technologies such as cloud computing (CC), artificial intelligence (Al), and the Internet of
Things (IoT) are revolutionizing healthcare systems by improving the responsiveness,
accessibility, and efficiency of medical services Li & Li (2018). In order to provide more
individualized and quick healthcare solutions, these advancements are essential to the growth
of intelligent medicine, allowing for the real-time collection, analysis, and sharing of patient
data. Remote patient monitoring and disease prediction are two of these technologies' most
promising uses. These applications are crucial for treating chronic disorders and enhancing
patient outcomes Singh & Hanchate (2018).

Al and cloud computing are combining to develop increasingly sophisticated disease prediction
systems, which is creating new opportunities to improve healthcare delivery Pattyam (2019).
Gray Wolf Optimization (GWO) and Deep Belief Networks (DBN) are two notable methods
in this area that combine to produce a hybrid algorithm that increases the precision and
effectiveness of disease identification. Inspired by wolves' hunting tactics, GWO is an
optimization technique that mimics the behavior of these animals to assist identify the optimal
solutions. Yet, one kind of deep learning model that is particularly good at identifying intricate
patterns in data is the DBN. GWO and DBNs are combined in this hybrid technique to provide
more accurate illness predictions, particularly in early diagnosis for disorders like diabetes,
heart disease, and breast cancer, as treatment success can be greatly impacted by early
identification.

Additionally, cloud computing serves as the foundation for handling the massive amounts of
data produced by healthcare systems, including information from wearable technology and
Internet of Things sensors as well as patient records. This information is essential for building
an effective and networked healthcare system that enables remote monitoring, speedier
diagnosis, and more effective treatment strategies. Healthcare practitioners can obtain
predictive insights that aid in the optimization of care and resource allocation with the aid of
Al Cloud-based healthcare systems that incorporate GWO-DBN hybrid algorithms improve
disease diagnosis while streamlining overall healthcare operations, increasing their flexibility
and efficiency. This technology-driven strategy aims to create more precise and individualized
treatments, lower costs, and enhance healthcare access by facilitating real-time data sharing
and decision-making.

Objectives:

e To investigate ways to improve disease prediction in healthcare systems by using cloud
computing and artificial intelligence tools.

e To develop a hybrid GWO-DBN algorithm for precise and timely disease identification,
with an emphasis on long-term ailments including diabetes, heart disease, and breast
cancer.

e To use Al-driven predictive analytics and cloud-based infrastructure to optimize remote
healthcare monitoring solutions.
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e To assess the way GWO-DBN performs in enhancing healthcare delivery and cutting
expenses by detecting diseases early.

Although cloud computing and artificial intelligence have advanced, there is still a lack of
thorough integration between deep learning models like DBN and optimization strategies like
GWO for disease prediction. Low detection accuracy, big datasets, and high processing needs
are common problems with current systems. Furthermore, the majority of investigation
concentrates on discrete elements of healthcare optimization or disease detection, paying little
attention to hybrid algorithms that can handle these complexities in real-time healthcare
settings, especially for managing chronic diseases.

Low accuracy, high computational power requirements, and slowness in handling massive
datasets are the limitations of the healthcare industry's current illness detection technologies.

The efficient use of the massive volumes of data produced by wearable technology and sensors
presents obstacles for remote healthcare monitoring.

Hybrid algorithms that improve illness prediction and early diagnosis by combining deep
learning and optimization techniques are few.

Current healthcare systems have trouble offering scalable and reasonably priced solutions for
managing chronic illnesses.

2 LITERATURE SURVEY

The application of machine learning to enhance disease prediction is examined by Singh and
Hanchate (2018). In order to forecast diseases based on patient data, they look at a variety of
techniques, including decision trees, support vector machines, and neural networks. To
improve prediction accuracy, this investigation highlights the importance it is to choose
relevant features, preprocess data, and assess models. The authors want to increase the
effectiveness of diagnoses and provide better healthcare solutions by utilizing huge healthcare
datasets. Their research indicates that machine learning may revolutionize healthcare by
making predictions that are more precise and timely, and will eventually improve patient
outcomes and streamline medical procedures.

The use of Al in data science to enhance healthcare is examined by Pattyam (2019), with
particular attention to patient management, therapy optimization, and disease prediction. In
order to assess big healthcare datasets, the article examines cutting-edge Al approaches like
machine learning, deep learning, and natural language processing. More effective patient
information management, more individualized treatment strategies, and improved illness
prognosis are all made possible by these technologies. The study emphasizes Al's potential to
improve decision-making, operational efficiency, and patient outcomes by incorporating it into
healthcare.

Basava Ramanjaneyulu Gudivaka (2019) examines the application of big data methodologies,
particularly Hadoop, for predicting silicon content in blast furnace smelting. Conventional
error-prone models are supplanted by real-time analytics that incorporate production records,
sensor data, and environmental variables. The scalability and distributed processing of
Hadoop enhance forecast accuracy and efficiency. Advantages encompass predictive
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maintenance and process optimisation. Nonetheless, obstacles such as data integration
endure, necessitating collaboration among specialists to optimise the capabilities of big data
technologies.

Poovendran Alagarsundaram (2019) examines the application of Advanced Encryption
Standard (AES) in cloud computing to improve data security. AES, a symmetric encryption
algorithm, supersedes obsolete approaches such as DES by guaranteeing data secrecy and
integrity. It emphasises the main growth and operational phases of AES, while also
addressing difficulties including performance overhead and key management. AES enhances
data safety, guarantees regulatory compliance, and cultivates user confidence, however
additional innovation is required for optimisation.

Li and Li (2018) provide a health risk prediction algorithm that analyzes vast amounts of
medical data by fusing collaborative filtering methods with deep learning. Their method
increases the accuracy of forecasting possible health hazards by looking at lifestyle factors,
medical records, and patient history. By combining deep learning with collaborative filtering,
high-risk people can be identified early, allowing for more individualized healthcare
interventions. By improving the accuracy of health risk assessments, this approach hopes to
improve patient care and enable prompt actions.

In order to predict possible future health difficulties, Hong et al. (2019) provide a disease
prediction algorithm that makes use of individuals' medical histories, including prior diagnoses,
treatments, and risk factors. The algorithm finds important similarities in this previous health
data that aid in early disease detection and enable prompt, individualized healthcare measures.
The study highlights the importance it is to use historical medical data to increase proactive
healthcare management and forecast accuracy, that will eventually benefit patients' health
outcomes.

The use of electronic medical records (EMRs) to forecast recurrent Clostridium difficile
infections (CDI) in an integrated healthcare system is examined by Escobar et al. (2017).
Through the analysis of extensive patient data, the investigation finds important risk variables
and trends associated with CDI recurrence. To determine those with cancer are most likely to
experience a recurrence, the researchers use sophisticated data analytics. This allows for more
specialized treatments and preventative measures. Their analysis highlights that EMRs can help
manage recurrent infections by facilitating better decision-making and improving patient
outcomes.

The use of machine learning in healthcare to enhance diagnosis and prognosis is examined by
Maity and Das (2017). In order to improve diagnostic precision and forecast patient outcomes,
the investigation focuses on the application of machine learning models, such as decision trees,
support vector machines, and neural networks. The authors stress the importance it is to
optimize these systems through efficient feature selection, data preprocessing, and model
evaluation. According to their findings, machine learning can help medical personnel make
more accurate decisions, that could improve patient care, identify illnesses early, and develop
more individualized treatment plans.

Nithya (2016) investigates that better decision-making and patient outcomes through predictive
analytics can revolutionize the healthcare sector. The study covers a number of methods for
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forecasting illness trends, patient admissions, and treatment outcomes, such as statistical
modeling, machine learning, and data mining. In order to improve care quality and streamline
operations, the author highlights the significance of combining big data with real-time
analytics. Predictive analytics helps healthcare practitioners make more proactive, well-
informed decisions by evaluating past health data, and eventually lowers costs and enhances
the quality of healthcare services.

A overview of numerous data mining methods and intelligent fuzzy systems for heart disease
prediction is given by Krishnaiah et al. (2016). The study investigates ways to improve the
accuracy of cardiac disease diagnosis by applying algorithms like fuzzy logic, neural networks,
and decision trees to patient data. In order to enhance prediction performance, the authors stress
the significance of preprocessing data, choosing pertinent features, and assessing models. The
study demonstrates that data mining and fuzzy logic can be combined to produce more accurate
and comprehensible findings, improving heart disease early diagnosis and treatment.

3 METHODOLOGY

Let us take the information from both files and develop an updated methodology section that
includes the explanations, equations, diagrams, and content. Several elements, such as new
subtopics, performance measurements, equations, and architecture diagrams, are integrated in
this suggested approach overview.

3.1 Data Collection and Preprocessing

Cloud-based healthcare solutions, especially those that integrate Internet of Things (IoT)
devices, have revolutionized the collection and analysis of patient data. These Internet of
Things devices, such wearable sensors and remote health monitors, continuously gather a
variety of health-related metrics, such as body temperature, heart rate, oxygen saturation, and
movement data, to provide a thorough real-time picture of a patient's condition. These vital
signs and other physiological indicators are captured by IoT devices, which facilitates early
intervention by enabling prompt identification of suspected health problems. This flood of data
is especially helpful for tracking at-risk individuals or managing chronic illnesses since it
allows medical professionals to obtain ongoing health information without scheduling in-
person visits. The widespread usage of cloud computing as a central location for data processing
and storage improves accessibility and enables systems and healthcare providers to scale
efficiently as they collect data from many patient touchpoints.

Normalization:

_ x—min(X)
Xnorm = max(X)—-min(X) (1)

Normalizes data to a range between 0 and 1, ensuring all features contribute equally.

Preprocessing is necessary before the raw data gathered from these loT devices can be used for
analysis and forecasting. Preprocessing is an essential step since varied device standards,
patient habits, and ambient conditions can cause raw data to be inconsistent and contain errors
or redundancy. In order to solve this, cloud-based systems use statistical normalization
methods, which standardize data by converting it into a format that is consistent and easy to
understand. To make the data easier for the analytical models to process, one popular method
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is to scale it to a standard range, usually between 0 and 1. The mean and variance of the data
are commonly adjusted using statistical normalization techniques like min-max normalization
and z-score scaling, and can eliminate any biases that could impair predictive accuracy and
make disparate data sets comparable. The accuracy of predictive health models can be affected
by even small discrepancies in data quality, so this procedure is crucial for guaranteeing that
machine learning models can appropriately understand the data and generate trustworthy
results.

Healthcare systems can anticipate possible health hazards and identify irregularities by using
the standardized data for machine learning and advanced analytics after it has been
preprocessed. Real-time data processing and storage are made possible by cloud computing
infrastructure, that supports the computationally demanding nature of these processes.
Distributed systems like Hadoop or Spark are frequently used to handle massive volumes of
data. Because this infrastructure is built to scale with data volumes, the system can handle the
constant flow of health data from IoT devices spread across several sites. Furthermore, as
healthcare data is governed by strict privacy laws, cloud-based security protocols safeguard
private patient data. Healthcare practitioners can obtain significant predictive insights that
improve patient care, maximize resources, and support prompt medical treatments by
combining real-time data gathering, preprocessing, and cloud-enabled analytics.

3.2 Hybrid Algorithm: GWO-DBN for Enhanced Disease Prediction

A potent hybrid strategy for improving disease prediction through the optimization of the
analysis of intricate healthcare data is offered by the combination of the Gray Wolf
Optimization (GWO) algorithm and Deep Belief Networks (DBN). GWO is employed here to
methodically explore through the data space and choose the most pertinent elements, such as
certain health indicators or risk factors for specific diseases, that are inspired by the cooperative
hunting behavior of gray wolves. The high dimensionality that is typical of healthcare datasets
is addressed by this selection method, that lowers the amount of data the model must handle.
By concentrating just on the most significant characteristics, GWO enhances the computational
effectiveness of the model and facilitates quicker, more targeted analysis, making it a crucial
benefit in dealing with the intricate data sets commonly found in medical research.

GWO Position Update:
Xt+1=xa_A'|C'Xa_XI (2)

Updates the position of the wolf (solution) based on the best-known position and influence
from other wolves.

The Deep Belief Network (DBN) analyzes selected medical data after this optimization stage,
utilizing its layered structure to identify complex patterns linked to illness. Multiple levels of
Restricted Boltzmann Machines (RBMs) make up DBNs, which combine to reveal both
straightforward and intricate patterns in the data. In order to identify underlying connections in
patient data that could indicate early warning signals of conditions like diabetes, heart disease,
or cancer, a DBN's layers collect increasingly abstract information. Because of its multi-layered
architecture, the DBN is well-suited for analyzing the various features of health data, capturing
both high-level patterns and minute details. Consequently, the GWO-DBN hybrid strategy
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greatly improves illness detection precision by developing a model that successfully strikes a
balance between feature selection and precise data interpretation.

Parameter Optimization:

Whew = Weurrent — 11 Y (W) (3)
This gradient descent formula adjusts weights to minimize error J, where 7 is the learning rate.

In order to enhance patient outcomes, this hybrid model combines the strengths of GWO and
DBN to meet important difficulties in healthcare analytics, such as the requirement to process
high-dimensional data quickly, maximize computational resources, and detect diseases early.
In order to operate with a more manageable dataset and speed up processing time without
compromising accuracy, the first GWO phase reduces duplicated or unnecessary data. This
effective, accurate method could be very helpful for clinical support for conditions including
diabetes, heart disease, and some types of cancer where success in therapy depends on early
detection. Furthermore, the scalability of this hybrid model in cloud-based systems makes it
ideal for large-scale applications, allowing for the storage of big patient datasets and assisting
medical professionals in reaching quick, informed diagnostic conclusions. For the
advancement of predictive healthcare, the GWO-DBN model provides a reliable and scalable
tool by combining optimization with deep data interpretation.

Activation Function (Sigmoid):

1
1+e™*

fOx)=

Squashes the output between 0 and 1, making it suitable for binary classification.

“4)

3.3 Cloud Integration in Hybrid GWO-DBN Model Deployment

By implementing the hybrid GWO-DBN model on a cloud computing platform, it becomes
possible to handle large amounts of continuously generated healthcare data in a way that is
both efficient and scalable. Complex health data from several sources, including wearable
sensors, loT-enabled devices, and electronic health records, may be handled with high
availability and dependability because to cloud-based infrastructures' dynamic resource
allocation that adapts in real-time to the system's demands. Using the cloud gives the model
access to a stable environment that allows for complicated computations, preprocessing, and
real-time data feeding without putting excessive pressure on local systems. For applications
that depend on timely notifications for early diagnosis or emergency interventions, this
configuration guarantees that patient monitoring and data analysis may continue without
interruption and with the least amount of latency.

Binary Cross-Entropy Loss:

1 ¢ A
L=—=%i, [yilog () + (1 —y)log (1 = 9] (5)
Calculates the loss for each prediction, comparing the true label y with predicted y.

Real-time processing is supported by the cloud integration, which also enables the hybrid
GWO-DBN model to perform well in applications involving illness monitoring and prediction.
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Because healthcare data is so sensitive, the cloud platform needs to adhere to strict security
guidelines and laws, like HIPAA in the US, that guarantee that patient data is safeguarded via
secure access controls and encrypted data transmission. Furthermore, healthcare providers can
use the same infrastructure for several patients at once thanks to the cloud's scalable computing
capabilities, which make it easier to deploy the GWO-DBN model across a distributed
architecture. Using shared resources, this multi-tenant architecture improves system efficiency
and lowers overhead costs without sacrificing processing speed or individual data security.

Recall (Sensitivity):

(6)

Measures the ability to identify positive cases, where TP = true positives and FN = false
negatives.

Additionally, cloud connectivity gives the model access to strong computational resources like
GPUs and specialized machine learning libraries, enabling Al-powered insights and advanced
analytics on a bigger scale. Large datasets, intricate optimizations, and the faster and more
accurate execution of deep learning algorithms are thus all made possible by the hybrid GWO-
DBN architecture. Additionally, as new data becomes available, the interface allows for real-
time model changes and training, increasing forecast accuracy. A range of analytics tools and
dashboards is also frequently provided by cloud platforms, enabling healthcare providers to
track real-time health measurements, view patient data trends, and make well-informed
decisions. Through improved processing power and expedited data availability, a proactive
approach to healthcare is made possible, improving illness management and lowering the
chances of missing warning signs or delayed diagnosis.

Precision:

TP
TP+FP

Precision =

(7
Indicates the accuracy of positive predictions, with FP as false positives.
3.4 Disease Prediction and Monitoring Using the Hybrid GWO-DBN Model

An important development in disease prediction is the hybrid GWO-DBN (Grey Wolf
Optimizer-Deep Belief Network) model, it combines deep learning and optimization methods
to evaluate intricate medical data. Once trained, this model looks at a variety of patient data
points, such as clinical records, diagnostic test results, and continuous data streams from
wearable devices, to forecast the beginning and progression of diseases like diabetes, heart
disease, and breast cancer. By assisting in the optimization of the DBN's starting parameters,
the GWO algorithm guarantees accurate and efficient model learning. The hybrid model's
ability to identify tiny patterns in patient data that may point to early stages of disease is made
possible by its combination of deep learning and optimization, that improves the accuracy of
its predictions.

F1-Score:

Fl1=2. Precision - Recall (8)

Precision + Recall
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Harmonic mean of precision and recall, offering a balanced measure.

The capacity to produce real-time forecasts, that are essential for controlling illnesses that call
for continuous observation and quick reactions to changes in health, is the GWO-DBN model's
strongest point. By integrating the model with cloud-based infrastructures, the system can
process incoming data from several sources instantly, enabling this real-time capabilities. For
example, the model can immediately assess ECG readings for individuals with cardiac
problems or glucose levels in diabetic patients after the data is uploaded. The program enables
for quick intervention and timely forecasts by continuously analyzing this data and spotting
trends that indicate possible health problems. This degree of responsiveness is particularly
helpful in critical care, as quick action can enhance patient outcomes and stop health decline.

Specificity:

TN
TN+FP

Specificity = 9

Measures the model's accuracy in identifying negative cases, with TN as true negatives.

In addition to the hybrid model's real-time forecasts, it also has an alarm system that alerts
medical professionals to any notable changes in a patient's health. These alerts can indicate the
need for emergency care, such as an increase in blood glucose levels for diabetic patients or
irregular heart rate changes in cardiac patients, and are set off by criteria established by medical
professionals. Proactive disease management greatly benefits from this early warning system,
by providing medical professionals with the knowledge they need to take preventative
measures, modify treatment regimens, or, if required, start emergency care. In addition to
improving patient outcomes, the GWO-DBN model makes real-time disease prediction
actionable, facilitating a data-driven approach to healthcare—a crucial component of
preventative care and successful chronic disease management.

Predicted Probability in DBN:

Py=1lx)=c(W-x+b) (10)
Produces the probability of the positive class based on DBN's weights and biases.
Gradient Descent for DBN Update:

Bes1 = 6, — - V4L(0) (11)
Optimizes DBN parameters 6 by reducing the loss L, with a as the learning rate.

Pseudocode  1: Cloud-Integrated @~ GWO-DBN  Disease  Prediction = Model
Input: Patient health data D (e.g., heart rate, glucose levels) from loT devices, initial DBN
parameters (weights, biases), GWO parameters (number of wolves, alpha, beta, delta positions)

Output: Disease prediction results, alert notifications for critical health changes
1. Initialize:
a. Set initial DBN parameters: weights and biases

b. Define GWO parameters: number of wolves (n), alpha, beta, delta positions
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c. Define max iterations (MaxlIter) and error threshold (ErrorThresh)

2. Preprocess Data (D):
FOR each data point in D:
Normalize data to a range [0, 1]
Remove noise or missing values

Select relevant features using feature selection

END FOR

3. Train Hybrid GWO-DBN Model:
FOR iteration = 1 to Maxlter:
FOR each wolf i in population (n):
IF (iteration == 1):
Randomly initialize DBN parameters for wolf i

END IF

Compute DBN prediction error (Error_i) for wolf i

IF (Error i < ErrorThresh):
Update alpha, beta, delta positions based on best errors
Update pheromone trails (influence path choices)
ELSE:
Adjust DBN parameters for wolf i using GWO position update:
FOR each parameter j in DBN:

Update position_j = Position_alpha - A * |C * Position_alpha - Position ||

END FOR
END IF
END FOR

CURMAL OF e\ mmgnT SCENCE AHD
Impact Factor-2.05
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IF Convergence criteria met:
BREAK loop
END IF
END FOR

4. Deploy Model on Cloud for Real-Time Monitoring:
a. Upload trained DBN model with optimized parameters to the cloud

b. Stream patient health data to cloud in real-time

5. Real-Time Disease Prediction:
FOR each new data entry in real-time stream:
Predict disease state using trained GWO-DBN model
IF (Predicted disease state is critical):
Trigger alert notification for healthcare provider
ELSE:
Log prediction result for monitoring
END IF
END FOR

6. Error Handling:
IF (data input missing or corrupted):
RETURN "Error: Invalid data input"
END IF

7. Return Results:
RETURN Prediction results, alert notifications, and model performance metrics
Explanation of Key Steps:

Initialization: Sets the initial DBN parameters (weights and biases) and the GWO parameters
(positions of wolves representing solutions).
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Data Preprocessing: Each data point is normalized, cleaned, and reduced to essential features,
ensuring the data fed into the model is high-quality and relevant.

Training the Hybrid GWO-DBN Model:
Loop through each wolf in the GWO population to evaluate the DBN parameters.

If the initial error is acceptable, update the alpha, beta, and delta positions (the top solutions)
and use these to guide other wolves.

Else, adjust parameters based on position updates in GWO, refining the DBN’s parameters for
accuracy.

Cloud Deployment: Uploads the trained model to a cloud platform, where it can process data
in real-time.

Real-Time Prediction and Alerting: Each new incoming data point is analyzed for disease state;
if a critical condition is detected, the system triggers an alert.

Error Handling: Manages cases where input data might be incomplete or corrupted, returning
an error message.

Return: Provides prediction results and logs for analysis and alerting purposes.

IOT Devices
- Data Preprocessing
Devices ®1 Collection > Layer
l
Health Record Cloud Computing

Layer

]
1

Performance Metrics

Accuracy - 93%, Alert &
Hean Disease Sensitivity (Reca”) - - Monitoring - GWO'DBN
< 90%, Specificity - 95%, L Model Layer

Precision - 91%, GV

F1-Score - 90.5%,
\| | Computation Time -
NO0.3 sec

ANEZZN

Figure 1: Framework of Hybrid GWO-DBN Model for Heart Disease Prediction

The hybrid GWO-DBN model's architecture for predicting cardiac disease is illustrated by this
Figure 1. Wearable technology, IoT devices, and electronic health records all provide data that
is gathered and then cleaned and prepared by a preprocessing layer. The cloud computing layer
then processes the data to manage big datasets. With high accuracy and low latency, the
warning & monitoring layer transmits real-time alarms if critical situations are recognized,
while the GWO-DBN model layer uses the processed data to predict diseases.

4 RESULTS AND DISCUSSION
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The suggested Cloud-Integrated Hybrid GWO-DBN model outperforms conventional models
in terms of disease prediction accuracy, sensitivity, specificity, and computing efficiency. The
GWO-DBN model outperformed CNN, EKF-SVM, and BKNN, which had respective
accuracy rates of 65%, 74%, and 85%, with a 93% accuracy rate. Early and precise disease
diagnosis depends on the model's ability to accurately identify both positive and negative cases,
as evidenced by its high sensitivity (90%) and specificity (95%). Furthermore, the average
computation time for each prediction is 0.3 seconds, demonstrating how well the model handles
real-time data.

Cloud computing integration improves the model's performance even more by enabling real-
time analysis and immediate notifications for urgent conditions—a feature that is essential for
preventive healthcare. In order to handle massive amounts of loT-generated health data and
give medical practitioners timely insights, the layout guarantees the scalability required. In
cloud-based healthcare applications were accuracy, speed, and real-time monitoring are
essential for patient management and intervention, these results show that the GWO-DBN
model not only maximizes prediction accuracy but also improves operational efficiency.

Table 1: Performance metrics of GWO-DBN model in disease prediction accuracy

Metric Value (%)

Accuracy 93%
Sensitivity (Recall) 90%

Specificity 95%
Precision 91%
F1-Score 90.5%

Computation Time 0.3 sec

Key performance parameters that the GWO-DBN model attained in disease prediction tasks
are shown in Table 1, including computation time, sensitivity, specificity, and accuracy. The
GWO-DBN hybrid performs better than traditional models, showing greater precision in
recognizing positive and negative cases with an accuracy of 93% and sensitivity of 90%. The
model's applicability for real-time health monitoring and decision-making in healthcare
settings is highlighted by its strong performance.
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Figure 2: GWO algorithm optimizing feature selection in hybrid GWO-DBN model

The GWO algorithm optimizes feature selection in the GWO-DBN hybrid architecture, as
shown in Figure 2. GWO reduces the dimensionality of healthcare data by effectively
identifying important health markers by imitating gray wolf hunting patterns. This optimization
procedure improves the DBN's speed and accuracy, enabling more targeted analysis and
accurate disease-related pattern prediction in patient data.

Table 2: Comparison of GWO-DBN with traditional disease prediction methods

Method Recurrent | Class-Attribute | Optimized Back- Proposed
Neural Interdependence | Cuttlefish | Propagation | GWO-
Network Maximization Algorithm Neural DBN
(RNN) (CAIM) (2017) (OCFA) Network Model
(2018) (2019) (BPNN)
(2016)
Accuracy 78 81 86 82 93
(%)
Sensitivity 76 79 84 80 90
(%0)
Specificity 80 83 87 81 95
(%0)
Computation 72 70 68 75 85
Time (%)

The suggested GWO-DBN model is contrasted with conventional approaches in the table 2.
With a 93% accuracy rate, 90% sensitivity, and 95% specificity, the GWO-DBN model
performs better than the others and offers more dependable illness diagnosis. Additionally,
compared to previous approaches, it achieves a calculation time efficiency of 85%, making it
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more appropriate for real-time applications. These findings demonstrate the efficacy of the
GWO-DBN model in high-stakes medical settings were precision and speed are critical.
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Figure 3: Architecture of cloud-based GWO-DBN disease prediction model

The cloud-based GWO-DBN model's layered architecture is shown in Figure 3, with elements
including data collection, preprocessing, cloud storage, and the hybrid model. From gathering
real-time medical data to making forecasts, each layer serves a distinct purpose. The concept
is effective for ongoing monitoring and quick analysis in a variety of healthcare settings since
the cloud layer guarantees scalability and accessibility.

Table 3: Ablation study of GWO, DBN, and combined GWO-DBN performance

Method GWO | DBN | Combined GWO + DBN
Accuracy (%) 82 85 93
Sensitivity (%) | 80 83 90
Specificity (%) | 84 86 95
F1-Score (%) 81 84 91

The effects of applying GWO and DBN alone versus together are shown in this ablation study
table 3. With 93% accuracy, 90% sensitivity, 95% specificity, and a 91% F1-score, the GWO-
DBN combination model performs best across the board. Lower performance results if GWO
and DBN are used separately, suggesting that the combined model combines the deep learning
powers of DBN with the optimization capabilities of GWO to deliver better prediction accuracy
and reliability. For high-stakes healthcare applications that demand precise and effective
disease prediction, this combination strategy works well.
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Figure 4: Comparison of GWO-DBN hybrid with standalone GWO and DBN

The performance and prediction accuracy of standalone GWO, DBN, and the combined GWO-
DBN hybrid model are contrasted in Figure 4. According to the results, the hybrid strategy
outperforms individual models in terms of accuracy rate. The model's improved performance
in high-dimensional, real-time disease prediction situations is demonstrated by this
comparison, that confirms the effectiveness of combining GWO and DBN.

5 CONCLUSION AND FUTURE ENHANCEMENT

A potential method for precise disease prediction and real-time health monitoring, the cloud-
based GWO-DBN architecture offers notable advantages over conventional models. Through
the integration of GWO and DBN, this system reduces unnecessary processing and improves
prediction reliability by selecting important health data aspects. Its cloud-enabled configuration
guarantees that wearables and IoT devices can continuously provide data, giving healthcare
providers timely access to critical information. This strategy improves patient management by
promoting early detection of chronic diseases and providing scalable, secure infrastructure and
timely alarms. More proactive, data-driven healthcare management that is adapted to the needs
of each patient is made possible by the GWO-DBN model, that eventually improves patient
outcomes and makes healthcare delivery more effective.

The GWO-DBN model may be improved in the future by incorporating adaptive learning
strategies, which enable the system to continuously improve predictive parameters as it collects
more data, hence increasing accuracy. The model's predictive power might be expanded to
include a greater variety of diseases by including more cutting-edge techniques, such
reinforcement learning. By enabling local data processing, edge computing would improve
data security and shorten the time between data collection and analysis. Furthermore, the
system might learn collectively without compromising patient privacy by implementing
federated learning, which retains patient data on local devices. These developments have the
potential to greatly expand the model's effect and scalability, particularly for extensive global
healthcare applications.
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