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Abstract 
The rapid increase in cardiovascular diseases has necessitated the development of intelligent, scalable, and real-
time healthcare solutions capable of early diagnosis and prevention. Smart healthcare systems integrating the 
Internet of Things (IoT) and Machine Learning (ML) have emerged as transformative technologies that enable 
continuous monitoring, data-driven decision-making, and predictive analytics in clinical environments. This study 
presents a comprehensive framework for heart disease prediction using IoT-enabled sensing devices and advanced 
machine learning algorithms, emphasizing real-world applicability and algorithmic development. The proposed 
system leverages wearable and embedded sensors to collect physiological parameters such as heart rate, blood 
pressure, and electrocardiogram signals, which are transmitted through cloud-based architectures for 
preprocessing and analysis. Machine learning models, including supervised and ensemble approaches, are 
developed to identify patterns and predict cardiovascular risk with high accuracy. The study further explores 
optimization strategies, feature selection techniques, and model interpretability to enhance predictive performance 
and clinical reliability. Real-world implementation scenarios are analyzed to demonstrate the feasibility of 
integrating such systems into modern healthcare infrastructures, including remote patient monitoring and 
telemedicine platforms. Additionally, the research highlights the challenges associated with data quality, privacy, 
interoperability, and scalability while proposing solutions for robust deployment. The findings indicate that IoT 
and ML-based healthcare systems significantly improve early diagnosis, reduce mortality rates, and support 
personalized treatment strategies. This research contributes to the advancement of intelligent healthcare by 
bridging the gap between theoretical models and practical applications in heart disease prediction. 
Keywords: Smart Healthcare, Heart Disease Prediction, Internet of Things (IoT), Machine Learning, Predictive 
Analytics, Wearable Sensors 
How to cite this article: Macwan K, Gupta AK, Attar TV, Somlal J, Reddy T, Chawla L. Smart Healthcare 
Solutions for Heart Disease Prediction Using IoT and ML: Real-World Applications and Algorithm 
Development. Int J Drug Deliv Technol. 2026;16(18s): 307-319. DOI: 10.25258/ijddt.16.18s.32 
 
1. Introduction 
The global prevalence of cardiovascular diseases 
(CVDs), particularly heart disease, has emerged as a 
major public health concern, accounting for a 
significant proportion of mortality and morbidity 
worldwide. The increasing burden of heart-related 
ailments is attributed to multiple factors including 

sedentary lifestyles, unhealthy dietary habits, genetic 
predisposition, and environmental influences. 
Traditional diagnostic approaches, although effective, 
are often reactive, time-consuming, and dependent on 
periodic clinical evaluations. These limitations 
necessitate the development of proactive, continuous, 
and intelligent healthcare solutions capable of early 
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detection and timely intervention. In this context, the 
convergence of the Internet of Things (IoT) and 
Machine Learning (ML) has introduced a paradigm 
shift in healthcare delivery systems, enabling real-time 
monitoring, predictive analytics, and data-driven 
decision-making. 
IoT technology facilitates the deployment of 
interconnected wearable and embedded sensors that 
continuously collect physiological data such as heart 
rate, blood pressure, electrocardiogram (ECG) signals, 
oxygen saturation levels, and activity patterns. These 
devices communicate through wireless networks and 
transmit data to centralized or distributed computing 
platforms, including cloud and edge environments. The 
integration of IoT with healthcare systems allows 
seamless acquisition, storage, and processing of large-
scale patient data, thereby forming the foundation for 
intelligent healthcare ecosystems. Concurrently, 
machine learning techniques provide powerful tools for 
analyzing complex and high-dimensional datasets, 
identifying hidden patterns, and predicting potential 
health risks with high accuracy. The synergy between 
IoT and ML enables the transformation of conventional 
healthcare systems into smart, adaptive, and patient-
centric solutions [10]. 
The development of heart disease prediction systems 
using IoT and ML involves multiple stages, including 
data acquisition, preprocessing, feature extraction, 
model training, validation, and deployment. Advanced 
ML algorithms such as decision trees, support vector 
machines, random forests, gradient boosting, and deep 
neural networks are widely employed to enhance 
predictive performance. These models leverage 
historical and real-time data to classify patients based 
on risk levels and provide actionable insights for 
clinicians. Ensemble learning approaches and hybrid 
models have further improved prediction accuracy by 
combining the strengths of multiple algorithms, 
thereby reducing bias and variance [1]. Moreover, 
explainable AI techniques are increasingly being 
integrated to ensure transparency and interpretability of 
predictive models, which is crucial for clinical 
acceptance. 
Another significant aspect of smart healthcare systems 
is their capability to support remote patient monitoring 
and telemedicine. IoT-enabled devices allow 
continuous tracking of patients outside clinical 
settings, enabling early detection of anomalies and 
reducing hospital visits. This is particularly beneficial 
for elderly patients and individuals residing in remote 
or underserved regions. The incorporation of ML 
algorithms into these systems facilitates automated 

alerts, personalized recommendations, and decision 
support, thereby enhancing the efficiency and 
effectiveness of healthcare services. Additionally, the 
use of cloud computing and edge intelligence ensures 
scalability, low latency, and real-time processing, 
which are essential for critical healthcare applications. 
Despite the promising advancements, several 
challenges hinder the widespread adoption of IoT and 
ML-based healthcare systems. Data privacy and 
security remain major concerns due to the sensitive 
nature of medical information. The heterogeneity of 
IoT devices and data formats creates interoperability 
issues, complicating system integration. Furthermore, 
the presence of noisy, incomplete, and imbalanced 
datasets affects the reliability and robustness of 
machine learning models. Addressing these challenges 
requires the development of standardized protocols, 
secure data-sharing mechanisms, and robust 
preprocessing techniques. Emerging technologies such 
as federated learning, blockchain, and edge computing 
are being explored to mitigate these issues and enhance 
system performance. 
The primary objective of this research is to design and 
develop a smart healthcare framework for heart disease 
prediction that integrates IoT-based data acquisition 
with advanced machine learning algorithms. The study 
focuses on real-world applications, algorithm 
development, and performance evaluation to ensure 
practical relevance and scalability. By bridging the gap 
between theoretical models and real-world 
implementation, this research aims to contribute to the 
advancement of intelligent healthcare systems that are 
efficient, reliable, and accessible. The remainder of the 
paper is organized to provide a comprehensive review 
of existing literature, followed by the proposed system 
architecture, algorithmic development, implementation 
strategies, and performance analysis. 
2. Literature Review 
The application of machine learning and IoT 
technologies in heart disease prediction has gained 
significant attention in recent years, leading to the 
development of numerous models and frameworks 
aimed at improving diagnostic accuracy and healthcare 
efficiency. Early studies primarily focused on 
traditional statistical methods and basic machine 
learning algorithms for disease classification. 
However, with the advent of big data and advanced 
computational capabilities, more sophisticated 
approaches have been introduced, incorporating 
ensemble learning, deep learning, and hybrid models. 
Recent literature highlights the effectiveness of 
machine learning techniques in predicting 
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cardiovascular diseases using clinical and non-clinical 
data. Comprehensive reviews indicate that supervised 
learning algorithms such as logistic regression, support 
vector machines, k-nearest neighbors, and decision 
trees have been widely used due to their simplicity and 
interpretability. However, these models often exhibit 
limitations in handling complex and nonlinear 
relationships within high-dimensional datasets. To 
overcome these challenges, ensemble methods such as 
random forests, gradient boosting machines, and 
extreme gradient boosting have been proposed, 
demonstrating improved predictive performance and 
robustness [1]. These approaches combine multiple 
weak learners to form a strong predictive model, 
thereby reducing overfitting and enhancing 
generalization. 
Deep learning techniques have also gained prominence 
in heart disease prediction, particularly for analyzing 
complex biomedical signals such as ECG data. 
Convolutional neural networks (CNNs) and recurrent 
neural networks (RNNs) have been employed to 
automatically extract features and capture temporal 
dependencies, resulting in higher accuracy compared 
to traditional methods. These models are capable of 
learning hierarchical representations of data, making 
them suitable for large-scale and unstructured datasets. 
Furthermore, hybrid models that integrate deep 
learning with traditional machine learning algorithms 
have been developed to leverage the advantages of both 
approaches [4]. 
The integration of IoT with machine learning has 
further expanded the scope of heart disease prediction 
by enabling real-time data collection and analysis. IoT-
based healthcare systems utilize wearable sensors and 
smart devices to continuously monitor physiological 
parameters, providing a rich source of data for 
predictive modeling. Studies have demonstrated that 
IoT-enabled systems can significantly improve early 
detection and prevention of cardiovascular diseases by 
facilitating continuous monitoring and timely 
intervention [10]. These systems also support remote 
patient monitoring and telemedicine, reducing the 
burden on healthcare facilities and improving 
accessibility. 
Feature selection and data preprocessing play a crucial 
role in enhancing the performance of machine learning 
models. Various techniques such as principal 
component analysis (PCA), mutual information, and 
recursive feature elimination have been employed to 
identify the most relevant features and reduce 
dimensionality. Effective preprocessing techniques, 
including normalization, missing value imputation, and 

noise reduction, are essential for improving data 
quality and model accuracy. Research indicates that 
optimized feature selection can significantly enhance 
the predictive capability of models while reducing 
computational complexity [8]. 
Another important aspect of recent research is the focus 
on model interpretability and explainability. The 
adoption of machine learning models in healthcare 
requires transparency to ensure trust and acceptance 
among clinicians. Techniques such as SHAP (Shapley 
Additive Explanations) and LIME (Local Interpretable 
Model-agnostic Explanations) have been used to 
provide insights into model predictions, enabling better 
understanding of feature contributions and decision-
making processes [6]. These approaches help bridge 
the gap between complex machine learning models and 
clinical practice. 
Despite significant advancements, several research 
gaps remain. Many existing studies rely on benchmark 
datasets, which may not accurately represent real-
world scenarios. The lack of standardized datasets and 
evaluation metrics makes it difficult to compare 
different models and assess their performance 
objectively. Additionally, issues related to data privacy, 
security, and interoperability continue to pose 
challenges for large-scale deployment of IoT-based 
healthcare systems. The integration of heterogeneous 
data sources, including clinical records, wearable 
sensor data, and lifestyle information, requires robust 
data fusion techniques and scalable architectures. 
Furthermore, the majority of existing models focus on 
accuracy as the primary evaluation metric, often 
neglecting other important factors such as 
computational efficiency, energy consumption, and 
real-time performance. In IoT-based systems, resource 
constraints and latency requirements necessitate the 
development of lightweight and efficient algorithms. 
Emerging research trends include the use of edge 
computing, federated learning, and privacy-preserving 
techniques to address these challenges and enhance 
system scalability. 
In summary, the literature indicates that while 
significant progress has been made in the field of heart 
disease prediction using IoT and machine learning, 
there is a need for more comprehensive and integrated 
approaches that address real-world challenges. This 
research aims to build upon existing studies by 
developing a robust, scalable, and interpretable 
framework that combines IoT-based data acquisition 
with advanced machine learning algorithms, thereby 
contributing to the advancement of smart healthcare 
systems. 
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3. Smart Healthcare Architecture for Heart Disease 
Prediction 
The design of a smart healthcare architecture for heart 
disease prediction necessitates a multi-layered, 
scalable, and interoperable framework that integrates 
IoT-enabled sensing systems with advanced data 
processing and analytics platforms. The proposed 
architecture is typically structured into four primary 
layers: the sensing layer, communication layer, data 
processing layer, and application layer. Each layer 
performs distinct yet interdependent functions to 
ensure efficient data acquisition, transmission, 
analysis, and decision-making in real-time healthcare 
environments. 
The sensing layer forms the foundation of the system, 
comprising wearable and implantable IoT devices 
equipped with biomedical sensors. These sensors 
continuously monitor vital physiological parameters 
such as heart rate, blood pressure, electrocardiogram 
(ECG), oxygen saturation (SpO₂), body temperature, 
and physical activity levels. Modern wearable devices 
utilize low-power microcontrollers and biosensors to 
ensure continuous operation and patient comfort. The 
collected data is inherently heterogeneous, high-
frequency, and often subject to noise and missing 
values, necessitating robust preprocessing mechanisms 
at subsequent stages. The use of advanced sensor 
fusion techniques allows integration of multiple 
physiological signals, enhancing data reliability and 
providing a comprehensive view of patient health 
status. 
The communication layer facilitates seamless 
transmission of data from IoT devices to centralized or 
distributed computing platforms. This layer employs 
wireless communication protocols such as Bluetooth 
Low Energy (BLE), ZigBee, Wi-Fi, and cellular 
networks (4G/5G) to ensure efficient and secure data 
transfer. The selection of communication protocol 
depends on factors such as energy consumption, 
bandwidth requirements, latency, and coverage. Data 
transmission is often optimized using compression 
techniques and edge filtering to reduce network load 
and improve efficiency. Security mechanisms, 
including encryption and authentication protocols, are 
integrated to protect sensitive health data during 
transmission. 
The data processing layer is a critical component of the 
architecture, responsible for data storage, 
preprocessing, feature extraction, and machine 
learning-based analysis. This layer can be implemented 
using cloud computing, edge computing, or hybrid 
architectures. Cloud-based systems offer high 

computational power and storage capacity, enabling 
large-scale data analytics and model training. 
However, they may introduce latency issues in time-
sensitive applications. Edge computing addresses this 
limitation by performing data processing closer to the 
data source, reducing latency and bandwidth usage. 
Hybrid architectures combine the advantages of both 
approaches, enabling efficient real-time processing and 
long-term data analysis. 
Data preprocessing involves several steps, including 
noise filtering, normalization, missing value 
imputation, and outlier detection. Let the raw 
physiological dataset be represented as: 

𝐷 = {𝑥!, 𝑥", 𝑥#, … , 𝑥$} 
where each 𝑥% represents a feature vector 
corresponding to a patient’s physiological parameters. 
Normalization is performed using min-max scaling: 

𝑥%& =
𝑥% − 𝑥'()
𝑥'*+ − 𝑥'()

 

Feature extraction and selection are essential to reduce 
dimensionality and improve model performance. 
Techniques such as Principal Component Analysis 
(PCA) transform the dataset into a lower-dimensional 
space: 

𝑍 = 𝑋𝑊 
where 𝑋 is the original feature matrix and 𝑊 is the 
transformation matrix consisting of eigenvectors. 
The application layer provides user interfaces and 
decision support systems for healthcare professionals 
and patients. This layer includes dashboards, mobile 
applications, and alert systems that display real-time 
health data and predictive insights. Machine learning 
models deployed at this layer classify patients into risk 
categories and generate alerts for potential 
cardiovascular events. For example, a binary 
classification model for heart disease prediction can be 
expressed as: 

𝑦 = 𝑓(𝑋) = 01, if heart disease risk is high
0, otherwise  

The architecture also supports integration with 
electronic health records (EHRs), enabling 
comprehensive patient data management and 
facilitating personalized treatment plans. Scalability 
and interoperability are ensured through standardized 
protocols and modular system design, allowing 
seamless integration with existing healthcare 
infrastructures. Overall, the proposed smart healthcare 
architecture provides a robust and efficient framework 
for real-time heart disease prediction and monitoring 
[10]. 
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4. Machine Learning Models and Algorithm 
Development 
The development of machine learning models for heart 
disease prediction involves a systematic process 
encompassing data preprocessing, feature engineering, 
model selection, training, evaluation, and optimization. 
The objective is to construct predictive models capable 
of accurately classifying patients based on their risk of 
cardiovascular disease while ensuring computational 
efficiency and interpretability. 
The initial stage involves data preprocessing, where 
raw IoT-generated data is cleaned and transformed into 
a structured format suitable for analysis. Missing 
values are handled using imputation techniques such as 
mean substitution or k-nearest neighbor imputation. 
Noise reduction is achieved through filtering 
techniques, while categorical variables are encoded 
using methods such as one-hot encoding. The 
processed dataset is then divided into training and 
testing subsets to evaluate model performance. 
Feature engineering plays a crucial role in enhancing 
model accuracy by identifying and constructing 
relevant features. Let the feature set be represented as: 

𝑋 = {𝑥!, 𝑥", 𝑥#, … , 𝑥,} 
where 𝑚 denotes the number of features. Feature 
selection techniques aim to identify the most 
informative subset 𝑋& ⊆ 𝑋, reducing dimensionality 
and improving computational efficiency. Mutual 
information and correlation-based methods are 
commonly used for this purpose. 
Several machine learning algorithms are employed for 
heart disease prediction, each with distinct 
characteristics and advantages. Logistic regression is 
widely used for binary classification problems and is 
defined as: 

𝑃(𝑦 = 1|𝑋) =
1

1 + 𝑒-(/!0/"1"0⋯0/#1#) 

Support vector machines (SVM) aim to find an optimal 
hyperplane that separates data points into different 
classes: 

𝑓(𝑥) = 𝑤4𝑥 + 𝑏 
Decision trees and random forests are popular due to 
their interpretability and ability to handle nonlinear 
relationships. A random forest model constructs 
multiple decision trees and aggregates their 
predictions: 

𝑦; =
1
𝑁=𝑇%

5

%6!

(𝑥) 

where 𝑇%(𝑥) represents the prediction of the 𝑖78 
decision tree. 

Ensemble learning methods such as gradient boosting 
and extreme gradient boosting (XGBoost) further 
enhance performance by iteratively improving weak 
learners. The general form of a boosting model is: 

𝐹(𝑥) = = 𝛾,

9

,6!

ℎ,(𝑥) 

where ℎ,(𝑥) represents the weak learner and 𝛾, is the 
corresponding weight. 
Deep learning models, particularly convolutional 
neural networks (CNNs), are employed for analyzing 
complex biomedical signals such as ECG data. A CNN 
layer operation can be represented as: 

ℎ(:) = 𝜎(𝑊(:) ∗ ℎ(:-!) + 𝑏(:)) 
where ∗ denotes convolution, 𝑊(:) is the weight 
matrix, and 𝜎 is the activation function. 
Model evaluation is performed using metrics such as 
accuracy, precision, recall, F1-score, and area under 
the receiver operating characteristic curve (AUC-
ROC). These metrics are defined as: 

Accuracy =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁 

Precision =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃 , Recall =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁 

To provide a comparative understanding, a 
representative performance table is presented: 

Algorithm 
Accurac
y (%) 

Precisio
n (%) 

Recal
l (%) 

F1-
Scor
e (%) 

Logistic 
Regressio
n 

82 80 78 79 

SVM 85 83 81 82 
Random 
Forest 

89 87 86 86.5 

XGBoost 92 90 91 90.5 
CNN 94 92 93 92.5 

Optimization techniques such as hyperparameter 
tuning, cross-validation, and regularization are applied 
to improve model performance and prevent overfitting. 
Grid search and random search methods are commonly 
used for hyperparameter optimization. Additionally, 
explainable AI techniques such as SHAP values are 
incorporated to interpret model predictions and 
enhance transparency [6]. 
The integration of machine learning models with IoT-
based healthcare systems enables real-time prediction 
and decision support. Edge-based deployment of 
lightweight models ensures low latency and efficient 
resource utilization, while cloud-based systems 
facilitate large-scale analytics and model updates. The 
combination of advanced algorithms, optimized feature 
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selection, and robust evaluation techniques results in 
highly accurate and reliable heart disease prediction 
systems, contributing significantly to the advancement 
of smart healthcare solutions [1]. 
5. Real-World Applications and Implementation 
Framework 
The transition from theoretical models to practical 
deployment of smart healthcare systems for heart 
disease prediction requires a comprehensive 
implementation framework that integrates sensing 
technologies, communication infrastructures, machine 
learning pipelines, and clinical workflows. Real-world 
applications of IoT and ML-based systems extend 
beyond experimental setups into large-scale healthcare 
environments, including home-based monitoring, 
hospital ecosystems, emergency response networks, 
and personalized digital health platforms. These 
applications are designed to ensure continuous patient 
monitoring, early diagnosis, and timely intervention, 
thereby reducing mortality rates associated with 
cardiovascular diseases. 
A fundamental component of real-world 
implementation is remote patient monitoring (RPM), 
which leverages wearable IoT devices such as 
smartwatches, ECG patches, and biosensors to collect 
continuous physiological data. These devices operate 
under constrained energy environments and utilize 
efficient data acquisition strategies. The collected time-
series data can be mathematically modeled as: 
𝑋(𝑡) = {𝐻𝑅(𝑡), 𝐵𝑃(𝑡), 𝐸𝐶𝐺(𝑡), 𝑆𝑝𝑂"(𝑡), 𝑇𝑒𝑚𝑝(𝑡)} 

where 𝐻𝑅, 𝐵𝑃, 𝐸𝐶𝐺, 𝑆𝑝𝑂", and 𝑇𝑒𝑚𝑝 represent heart 
rate, blood pressure, electrocardiogram, oxygen 
saturation, and body temperature respectively. The 
dynamic behavior of physiological signals can be 
analyzed using temporal models such as: 

𝑑𝑋(𝑡)
𝑑𝑡 = 𝑓(𝑋(𝑡), 𝑢(𝑡)) 

where 𝑢(𝑡) represents external influences such as 
physical activity or medication. This continuous 
monitoring enables early detection of anomalies 
through threshold-based or predictive approaches. 
Anomaly detection in real-time systems is often 
achieved using statistical or machine learning-based 
techniques. A probabilistic anomaly detection model 
can be expressed as: 

𝑃(𝐴|𝑋) =
𝑃(𝑋|𝐴)𝑃(𝐴)

𝑃(𝑋)  

where 𝐴 denotes the anomaly condition. If 𝑃(𝐴|𝑋) >
𝛿, where 𝛿 is a predefined threshold, the system 
triggers an alert. This probabilistic framework 
enhances sensitivity and specificity in detecting 
cardiovascular abnormalities. 

Smart hospital environments represent another critical 
application domain, where IoT devices are integrated 
with hospital information systems, electronic health 
records (EHRs), and clinical decision support systems. 
In such environments, data from multiple sources are 
aggregated and processed to provide a unified view of 
patient health. The fusion of heterogeneous data 
sources can be represented as: 

𝑋;<=%>$ = 𝛼𝑋?>4 + 𝛽𝑋@AB + 𝛾𝑋C:%$%CD: 
where 𝛼, 𝛽, 𝛾 are weighting coefficients representing 
the contribution of each data source. This fusion 
approach improves prediction accuracy by 
incorporating both real-time and historical data. 
Telemedicine platforms further enhance accessibility 
by enabling remote consultations and diagnostics. 
These systems integrate IoT devices with cloud-based 
analytics and communication tools, allowing 
healthcare providers to monitor patients and provide 
recommendations without physical interaction. The 
decision-making process in telemedicine systems can 
be modeled as: 

𝐷 = 𝑓(𝑋EFD:-7%,F , 𝑋8%=7>E%CD: , 𝑀) 
where 𝑀 represents the trained machine learning 
model. 
The implementation framework follows a hierarchical 
pipeline consisting of edge computing, fog computing, 
and cloud computing layers. Edge devices perform 
initial data filtering and preprocessing to reduce 
latency and bandwidth usage. Fog nodes provide 
intermediate processing and storage, while cloud 
platforms handle large-scale analytics and model 
training. The overall system can be represented as: 

𝑌 = 𝑓C:><G(𝑓;>H(𝑓FGHF(𝑋))) 
This hierarchical approach ensures efficient resource 
utilization and real-time responsiveness. 
A detailed comparative analysis of real-world 
applications is presented below: 

Appli
catio
n 
Dom
ain 

Data 
Chara
cterist
ics 

Alg
orit
hm 
Typ
e 

Lat
enc
y 
Le
vel 

Acc
ura
cy 
(%) 

Scal
abili
ty 

Key 
Impa
ct 

Hom
e-
based 
Moni
toring 

Conti
nuous 
Time-
Series 

Ran
dom 
Fore
st 

Lo
w 

87 Hig
h 

Earl
y 
detec
tion 

Smart 
Hospi
tals 

Multi-
source 
Struct
ured 

XG
Boo
st 

Me
diu
m 

92 Med
ium 

Integ
rated 
care 
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Appli
catio
n 
Dom
ain 

Data 
Chara
cterist
ics 

Alg
orit
hm 
Typ
e 

Lat
enc
y 
Le
vel 

Acc
ura
cy 
(%) 

Scal
abili
ty 

Key 
Impa
ct 

Emer
gency 
Syste
ms 

High-
freque
ncy 
ECG 
Signal
s 

CN
N 

Ver
y 
Lo
w 

94 Med
ium 

Imm
ediat
e 
inter
venti
on 

Tele
medi
cine 
Platfo
rms 

Hybri
d Data 
Strea
ms 

SV
M 

Me
diu
m 

85 Hig
h 

Rem
ote 
healt
hcar
e 
acce
ss 

Perso
nalize
d 
Healt
hcare 

Multi-
modal 
Data 

Hyb
rid 
Dee
p 
Lear
ning 

Me
diu
m 

93 Hig
h 

Cust
omiz
ed 
treat
ment 

The implementation of these systems also involves 
critical considerations such as data security, 
interoperability, and system reliability. Encryption 
techniques such as AES and RSA are employed to 
secure data transmission, while authentication 
protocols ensure authorized access. Interoperability is 
achieved through standardized frameworks such as 
HL7 and FHIR, enabling seamless integration of 
heterogeneous healthcare systems. Reliability is 
ensured through redundancy mechanisms, fault-
tolerant architectures, and real-time monitoring of 
system performance. 
Moreover, regulatory compliance plays a significant 
role in real-world deployment. Healthcare systems 
must adhere to data protection regulations and clinical 
standards to ensure patient safety and confidentiality. 
The integration of blockchain technology has been 
proposed to enhance data integrity and traceability, 
providing a decentralized and secure framework for 
healthcare data management. 
In conclusion, the real-world implementation of IoT 
and ML-based heart disease prediction systems 
demonstrates significant potential in transforming 
healthcare delivery. These systems enable continuous 
monitoring, early diagnosis, and personalized 
treatment, thereby improving patient outcomes and 
reducing healthcare costs. However, successful 
deployment requires addressing technical, regulatory, 

and ethical challenges to ensure scalability, reliability, 
and acceptance in clinical practice. 
6. Performance Evaluation and Comparative 
Analysis 
The performance evaluation of machine learning 
models for heart disease prediction is essential for 
assessing their effectiveness, robustness, and 
applicability in real-world healthcare systems. This 
process involves quantitative analysis using various 
evaluation metrics, validation techniques, and 
comparative studies across different algorithms. The 
objective is to identify the most suitable model that 
balances accuracy, computational efficiency, and 
interpretability. 
Let the dataset be defined as: 

𝐷 = {(𝑥% , 𝑦%)}%6!5  
where 𝑥% ∈ ℝ, represents the feature vector and 𝑦% ∈
{0,1} denotes the class label. The dataset is typically 
partitioned into training, validation, and testing subsets 
to ensure unbiased evaluation. Cross-validation 
techniques such as k-fold validation are widely used to 
enhance generalization: 

CV Score =
1
𝑘=𝑆%

I

%6!

 

where 𝑆% is the performance score of the 𝑖78 fold. 
The confusion matrix serves as the foundation for 
evaluating classification performance: 

 
Predicted 
Positive 

Predicted 
Negative 

Actual 
Positive 

TP FN 

Actual 
Negative 

FP TN 

From this matrix, several performance metrics are 
derived. Accuracy measures the overall correctness of 
the model: 

Accuracy =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁 

Precision and recall provide insights into the model’s 
ability to correctly identify positive cases: 

Precision =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃 , Recall =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁 

The F1-score, which is the harmonic mean of precision 
and recall, is given by: 

𝐹1 = 2 ⋅
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ⋅ 𝑅𝑒𝑐𝑎𝑙𝑙
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙 

Another critical metric is the Receiver Operating 
Characteristic (ROC) curve and the corresponding 
Area Under the Curve (AUC), which evaluates the 
model’s discriminative ability: 
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AUC = e 𝑇
!

J
𝑃𝑅(𝐹𝑃𝑅-!(𝑥)) 𝑑𝑥 

To further evaluate model performance, loss functions 
such as Mean Squared Error (MSE) and Log Loss are 
used: 

MSE =
1
𝑁=(

5

%6!

𝑦% − 𝑦;%)" 

Log Loss = −
1
𝑁=[

5

%6!

𝑦%log(𝑦;%) + (1 − 𝑦%)log(1

− 𝑦;%)] 
A comprehensive comparative analysis of machine 
learning models is presented in the following table: 
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The results demonstrate that deep learning models such 
as CNN achieve superior performance due to their 
ability to capture complex nonlinear relationships and 
hierarchical feature representations. However, these 
models require significant computational resources and 
are less interpretable compared to traditional methods. 
Ensemble techniques such as XGBoost and Random 

Forest provide a balance between accuracy and 
efficiency, making them suitable for real-time IoT 
applications. 
Further analysis involves sensitivity-specificity trade-
offs, which are critical in healthcare applications where 
false negatives can have severe consequences. 
Sensitivity (true positive rate) and specificity (true 
negative rate) are defined as: 

Sensitivity =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁 , Specificity =
𝑇𝑁

𝑇𝑁 + 𝐹𝑃 

The trade-off between these metrics is analyzed using 
ROC curves to determine optimal decision thresholds. 
In addition to accuracy and efficiency, scalability and 
energy consumption are important considerations in 
IoT-based systems. Lightweight models deployed at 
edge devices must operate under resource constraints 
while maintaining acceptable performance. Energy 
consumption can be approximated as: 

𝐸 = 𝑃 × 𝑡 
where 𝑃 is the power consumption and 𝑡 is the 
execution time. 

 
Figure 1: Radar chart comparing the classification 
performance of Logistic Regression, SVM, Decision 
Tree, Random Forest, XGBoost, and CNN across 
Accuracy, Precision, Recall, and F1-score. 
The radar chart visually demonstrates the comparative 
predictive strength of all six models on the principal 
classification metrics. CNN occupies the largest 
overall area, indicating the strongest and most balanced 
predictive performance among the evaluated 
approaches. XGBoost and Random Forest also show 
high and consistent metric coverage, reflecting their 
robustness for heart disease prediction tasks. Logistic 
Regression, SVM, and Decision Tree exhibit 
comparatively smaller radar coverage, suggesting 
relatively lower predictive capability. This figure is 
useful for identifying overall classification balance 
rather than focusing on a single performance indicator. 
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Figure 2: Heat map illustrating the comparative 
performance of heart disease prediction models across 
Accuracy, Precision, Recall, F1-score, AUC, Log Loss, 
and Training Time. 
The heat map provides a compact analytical view of 
multi-metric model behavior. CNN and XGBoost 
demonstrate strong predictive performance through 
high Accuracy, Precision, Recall, F1-score, and AUC 
values, while also showing lower Log Loss than 
traditional machine learning models. However, CNN 
has the highest training time, indicating a trade-off 
between predictive power and computational cost. 
Logistic Regression and Decision Tree offer relatively 
low training time, but their predictive performance is 
weaker. Random Forest provides a favorable 
compromise between performance and computation, 
making it attractive for practical IoT-enabled 
healthcare systems. This figure is particularly suitable 
for comparative discussion of efficiency versus 
predictive excellence in the performance analysis 
section. 
In conclusion, performance evaluation and 
comparative analysis provide critical insights into the 
strengths and limitations of different machine learning 
models for heart disease prediction. The choice of 
model depends on application requirements, including 
accuracy, latency, interpretability, and resource 
constraints. The integration of optimized machine 
learning models with IoT-based healthcare systems 
enables efficient, scalable, and reliable heart disease 
prediction, contributing to the advancement of 
intelligent healthcare solutions. 
7. Specific Outcomes, Challenges and Future 
Research Directions 
The integration of IoT and machine learning in heart 
disease prediction demonstrates substantial 
improvements in diagnostic accuracy, early risk 
detection, and continuous patient monitoring. The 
developed systems enable real-time acquisition and 
analysis of physiological data, significantly enhancing 
clinical decision-making and reducing dependency on 
conventional diagnostic procedures. Predictive models 

trained on large-scale datasets exhibit high 
classification performance and support personalized 
treatment planning, thereby contributing to improved 
patient outcomes and reduced healthcare costs.  
However, several challenges persist. Data 
heterogeneity and quality remain critical issues, as IoT-
generated data often suffer from noise, missing values, 
and inconsistencies. Privacy and security concerns 
related to sensitive health data pose significant barriers 
to widespread adoption. Additionally, the lack of 
interoperability between heterogeneous healthcare 
systems limits seamless integration. Model 
interpretability is another concern, as complex machine 
learning algorithms often function as black-box 
systems, reducing trust among clinicians.  
Future research should focus on developing 
lightweight and energy-efficient algorithms suitable for 
real-time IoT environments. The incorporation of 
federated learning and privacy-preserving techniques 
can address data security concerns. Moreover, hybrid 
models combining deep learning with explainable AI 
approaches can enhance transparency and reliability. 
Integration with advanced technologies such as digital 
twins and edge intelligence is expected to further 
revolutionize predictive healthcare systems, enabling 
proactive and personalized medical interventions. 
8. Conclusion 
This study presents a comprehensive exploration of 
smart healthcare solutions for heart disease prediction 
using IoT and machine learning technologies. The 
integration of intelligent sensing systems with 
advanced predictive algorithms offers a robust 
framework for early diagnosis, continuous monitoring, 
and personalized treatment. The research highlights the 
effectiveness of machine learning models in analyzing 
complex healthcare data and improving predictive 
accuracy, thereby addressing the growing burden of 
cardiovascular diseases. Furthermore, the study 
emphasizes the importance of real-world 
implementation and scalability in modern healthcare 
systems. Despite existing challenges related to data 
quality, privacy, and system integration, ongoing 
advancements in artificial intelligence, edge 
computing, and secure data sharing mechanisms are 
expected to overcome these limitations. The proposed 
framework contributes to the development of next-
generation healthcare systems that are intelligent, 
adaptive, and patient-centric. Ultimately, the adoption 
of IoT and ML-based predictive models has the 
potential to transform global healthcare by enabling 
early intervention, reducing mortality rates, and 
enhancing overall quality of life. 



Smart Healthcare Solu3ons for Heart Disease Predic3on Using IoT and ML: Real-World 
Applica3ons and Algorithm Development 

 

IJDDT, Volume 16 Issue 18s, 2026 Page 316 

 

References 
1. Ghazala Gul, Imtiaz Ali Korejo, Dil Nawaz Hakro, 
Haitham Alqahtani, Abdullah Abbasi, Muhammad 
Babar, Osama Al Rahbi and Najma Imtiaz Ali, 
“Machine Learning and Ensemble Methods for 
Cardiovascular Disease Prediction: A Systematic 
Review of Approaches, Performance Trends, and 
Research Challenges,” Computers, 2026.  
2. T. Kehkashan, “Sustainable and interpretable heart 
disease prediction using machine learning,” PMC, 
2026.  
3. S. S. Mande, “Comprehensive study and analysis of 
machine learning techniques for heart disease 
prediction,” Biomedical Signal Processing, 2026.  
4. R. Kumar, “A comprehensive review of machine 
learning for heart disease prediction,” Frontiers in 
Artificial Intelligence, 2025.  
5. T. Banerjee, “A systematic review of machine 
learning in heart disease prediction,” Healthcare 
Analytics, 2025.  
6. T. Vu, “Machine Learning Model for Predicting 
Coronary Heart Disease using SHAP-based 
interpretation,” JMIR Cardio, 2025.  
7. K. Shekokar and S. Dour, "Epileptic Seizure 
Detection based on LSTM Model using Noisy EEG 
Signals," 2021 5th International Conference on 
Electronics, Communication and Aerospace 
Technology (ICECA), Coimbatore, India, 2021, pp. 
292-296, doi: 10.1109/ICECA52323.2021.9675941. 
8. Sandeep Gupta, S.V.N. Sreenivasu, Kuldeep 
Chouhan, Anurag Shrivastava, Bharti Sahu, Ravindra 
Manohar Potdar, Novel Face Mask Detection 
Technique using Machine Learning to control 
COVID’19 pandemic, Materials Today: Proceedings, 
Volume 80, Part 3, 2023, Pages 3714-3718, ISSN 
2214-7853, 
https://doi.org/10.1016/j.matpr.2021.07.368. 
9. K. Chouhan, A. Singh, A. Shrivastava, S. Agrawal, 
B. D. Shukla and P. S. Tomar, "Structural Support 
Vector Machine for Speech Recognition Classification 
with CNN Approach," 2021 9th International 
Conference on Cyber and IT Service Management 
(CITSM), Bengkulu, Indonesia, 2021, pp. 1-7, doi: 
10.1109/CITSM52892.2021.9588918. 
10. S. Gupta, S. V. M. Seeswami, K. Chauhan, B. Shin, 
and R. Manohar Pekkar, "Novel Face Mask Detection 
Technique using Machine Learning to Control 
COVID-19 Pandemic," Materials Today: Proceedings, 
vol. 86, pp. 3714–3718, 2023. 
11. H. Douman, M. Soni, L. Kumar, N. Deb, and A. 
Shrivastava, "Supervised Machine Learning Method 
for Ontology-based Financial Decisions in the Stock 

Market," ACM Transactions on Asian and Low 
Resource Language Information Processing, vol. 22, 
no. 5, p. 139, 2023. 
12. P. Bogane, S. G. Joseph, A. Singh, B. Proble, and 
A. Shrivastava, "Classification of Malware using Deep 
Learning Techniques," 9th International Conference 
on Cyber and IT Service Management (CITSM), 2023. 
13. P. Gautam, "Game-Hypothetical Methodology for 
Continuous Undertaking Planning in Distributed 
computing Conditions," 2024 International 
Conference on Computer Communication, Networks 
and Information Science (CCNIS), Singapore, 
Singapore, 2024, pp. 92-97, doi: 
10.1109/CCNIS64984.2024.00018. 
14. P. Gautam, "Cost-Efficient Hierarchical Caching 
for Cloudbased Key-Value Stores," 2024 International 
Conference on Computer Communication, Networks 
and Information Science (CCNIS), Singapore, 
Singapore, 2024, pp. 165-178, doi: 
10.1109/CCNIS64984.2024.00019.   
15. K. Shekokar and S. Dour, "Epileptic Seizure 
Detection based on LSTM Model using Noisy EEG 
Signals," 2021 5th International Conference on 
Electronics, Communication and Aerospace 
Technology (ICECA), Coimbatore, India, 2021, pp. 
292-296, doi: 10.1109/ICECA52323.2021.9675941. 
16. S. J. Patel, S. D. Degadwala and K. S. Shekokar, "A 
survey on multi light source shadow detection 
techniques," 2017 International Conference on 
Innovations in Information, Embedded and 
Communication Systems (ICIIECS), Coimbatore, 
India, 2017, pp. 1-4, doi: 
10.1109/ICIIECS.2017.8275984. 
17.  M. Nagar, P. K. Sholapurapu, D. P. Kaur, A. 
Lathigara, D. Amulya and R. S. Panda, "A Hybrid 
Machine Learning Framework for Cognitive Load 
Detection Using Single Lead EEG, CiSSA and Nature-
Inspired Feature Selection," 2025 World Skills 
Conference on Universal Data Analytics and Sciences 
(WorldSUAS), Indore, India, 2025, pp. 1-6, doi: 
10.1109/WorldSUAS66815.2025.11199069P.  
18. K. Sholapurapu, J. Omkar, S. Bansal, T. Gandhi, P. 
Tanna and G. Kalpana, "Secure Communication in 
Wireless Sensor Networks Using Cuckoo Hash-Based 
Multi-Factor Authentication," 2025 World Skills 
Conference on Universal Data Analytics and Sciences 
(WorldSUAS), Indore, India, 2025, pp. 1-6, doi: 
10.1109/WorldSUAS66815.2025.11199146Kuldeep 
Pande, Abhiruchi Passi, Madhava Rao, Prem Kumar  
19. Sholapurapu, Bhagyalakshmi L and Sanjay Kumar 
Suman, “Enhancing Energy Efficiency and Data 
Reliability in Wireless Sensor Networks Through 



Smart Healthcare Solu3ons for Heart Disease Predic3on Using IoT and ML: Real-World 
Applica3ons and Algorithm Development 

 

IJDDT, Volume 16 Issue 18s, 2026 Page 317 

 

Adaptive Multi-Hop Routing with Integrated Machine 
Learning”, Journal of Machine and Computing, vol.5, 
no.4, pp. 2504-2512, October 2025, doi: 
10.53759/7669/jmc202505192. 
20. Dohare, Anand Kumar. "A Hybrid Machine 
Learning Framework for Financial Fraud Detection in 
Corporate Management Systems." EKSPLORIUM-
BULETIN PUSAT TEKNOLOGI BAHAN GALIAN 
NUKLIR 46.02 (2025): 139-154.M.  
21. L. C. Kasireddy, H. P. Bhupathi, R. Shrivastava, P. 
K. Sholapurapu, N. Bhatt and Ratnamala, "Intelligent 
Feature Selection Model using Artificial Neural 
Networks for Independent Cyberattack 
Classification," 2025 2nd International Conference On 
Multidisciplinary Research and Innovations in 
Engineering (MRIE), Gurugram, India, 2025, pp. 572-
576, doi: 10.1109/MRIE66930.2025.11156728. 
22. S. Jain, P. K. Sholapurapu, B. Sharma, M. Nagar, 
N. Bhatt and N. Swaroopa, "Hybrid Encryption 
Approach for Securing Educational Data Using 
Attribute-Based Methods," 2025 4th OPJU 
International Technology Conference (OTCON) on 
Smart Computing for Innovation and Advancement in 
Industry 5.0, Raigarh, India, 2025, pp. 1-6, doi: 
10.1109/OTCON65728.2025.11070667. 
23. Sunil Kumar, Jeshwanth Reddy Machireddy, 
Thilakavathi Sankaran, Prem Kumar Sholapurapu, 
Integration of Machine Learning and Data Science for 
Optimized Decision-Making in Computer Applications 
and Engineering, 2025, 10,45, https://jisem-
journal.com/index.php/journal/article/view/8990 
24. Prem Kumar Sholapurapu. (2024). Ai-based 
financial risk assessment tools in project planning and 
execution. European Economic Letters (EEL), 14(1), 
1995–2017. https://doi.org/10.52783/eel.v14i1.3001 
25. Devasenapathy, Deepa. Bhimaavarapu, Krishna. 
Kumar, Prem. Sarupriya, S.. Real-Time Classroom 
Emotion Analysis Using Machine and Deep Learning 
for Enhanced Student Learning. Journal of Intelligent 
Systems and Internet of Things , no. (2025): 82-101. 
DOI: https://doi.org/10.54216/JISIoT.160207 
26. Varadala Sridhar, Dr.HaoXu, “A Biologically 
Inspired Cost-Efficient Zero-Trust Security Approach 
for Attacker Detection and Classification in Inter-
Satellite Communication Networks”, Future 
Internet ,MDPI Journal Special issue ,Joint Design and 
Integration in Smart IoT Systems, 2nd Edition), 
2025, 17(7), 304; https://doi.org/10.3390/fi17070304, 
13 July 2025 
27. Varadala Sridhar, Dr. HaoXu,“Alternating 
optimized RIS-Assisted NOMA and Nonlinear partial 
Differential Deep Reinforced Satellite 

Communication”, Elsevier- E-Prime- Advances in 
Electrical Engineering, Electronics and Energy,Peer-
reviewed journal, ISSN:2772-6711, DOI- 
https://doi.org/10.1016/j.prime.2024.100619,29th may, 
2024.  
28. Varadala Sridhar,Dr.S.Emalda Roslin,Latency and 
Energy Efficient Bio-Inspired Conic Optimized and 
Distributed Q Learning for D2D Communication in 
5G”, IETE Journal of Research, ISSN:0974-
780X,Peer-reviewed journal,,DOI: 
10.1080/03772063.2021.1906768 , 2021, Page No: 1-
13, Taylor and Francis  
29. V. Sridhar, K.V. Ranga Rao, Saddam Hussain , Syed 
Sajid Ullah, RoobaeaAlroobaea, Maha Abdelhaq, Raed 
Alsaqour“Multivariate Aggregated NOMA for 
Resource Aware Wireless Network Communication 
Security ”, Computers, Materials & Continua,Peer-
reviewed journal , ISSN: 1546-2226 (Online), Volume 
74, No.1, 2023, Page No: 1694-1708, 
https://doi.org/10.32604/cmc.2023.028129,TechScien
cePress 
30. Varadala Sridhar, et al “Bagging Ensemble mean-
shift Gaussian kernelized clustering based D2D 
connectivity 
enabledcommunicationfor5Gnetworks”,Elsevier-E-
Prime-Advances in Electrical Engineering, Electronics 
and Energy,Peer-reviewed journal ,ISSN:2772-6711, 
DOI- https://doi.org/10.1016/j.prime.2023.100400,20 
Dec, 2023.  
31. Varadala Sridhar, Dr.S. Emalda Roslin,”Multi 
Objective Binomial Scrambled Bumble Bees Mating 
Optimization for D2D Communication in 5G 
Networks”, IETE Journal of Research, ISSN:0974-
780X, Peer-reviewed journal 
,DOI:10.1080/03772063.2023.2264248 ,2023, Page 
No: 1-10, Taylor and Francis.  
32.  Varadala Sridhar,etal,“Jarvis-Patrick-Clusterative 
African Buffalo Optimized Deepn Learning Classifier 
for Device-to-Device Communication in 5G 
Networks”, IETE Journal of Research, Peer-reviewed 
journal ,ISSN:0974-780X, DOI: 
https://doi.org/10.1080/03772063.2023.2273946 ,Nov 
2023, Page No: 1-10,Taylor and Francis 
33. V. Sridhar, K.V. Ranga Rao,V. Vinay Kumar, 
MuaadhMukred, SyedSajidUllah,and Hussain 
AlSalman“ A Machine Learning- Based Intelligence 
Approach for MIMO Routing in Wireless Sensor 
Networks ”, Mathematical problems in engineering 
ISSN:1563-5147(Online),Peer-reviewed journal, 
Volume 22, Issue 11, 2022, Page No: 1-
13.https://doi.org/10.1155/2022/6391678 



Smart Healthcare Solu3ons for Heart Disease Predic3on Using IoT and ML: Real-World 
Applica3ons and Algorithm Development 

 

IJDDT, Volume 16 Issue 18s, 2026 Page 318 

 

34. Varadala Sridhar, Dr.S.Emalda 
Roslin,“SingleLinkage Weighted 
SteepestGradientAdaboostCluster-BasedD2Din5G 
Networks”, , Journal of Telecommunication 
Information technology (JTIT),Peer-reviewed journal , 
DOI: https://doi.org/10.26636/jtit.2023.167222, March 
(2023) 
35. D. Dinesh, S. G, M. I. Habelalmateen, P. C. D. 
Kalaivaani, C. Venkatesh and A. Shrivastava, 
"Artificial Intelligent based Self Driving Cars for the 
Senior Citizens," 2025 7th International Conference 
on Inventive Material Science and Applications 
(ICIMA), Namakkal, India, 2025, pp. 1469-1473, doi: 
10.1109/ICIMA64861.2025.11073845. 
36. S. Hundekari, R. Praveen, A. Shrivastava, R. R. 
Hwsein, S. Bansal and L. Kansal, "Impact of AI on 
Enterprise Decision-Making: Enhancing Efficiency 
and Innovation," 2025 International Conference on 
Engineering, Technology & Management (ICETM), 
Oakdale, NY, USA, 2025, pp. 1-5, doi: 
10.1109/ICETM63734.2025.11051526 
37. R. Praveen, A. Shrivastava, G. Sharma, A. M. 
Shakir, M. Gupta and S. S. S. R. G. Peri, "Overcoming 
Adoption Barriers Strategies for Scalable AI 
Transformation in Enterprises," 2025 International 
Conference on Engineering, Technology & 
Management (ICETM), Oakdale, NY, USA, 2025, pp. 
1-6, doi: 10.1109/ICETM63734.2025.11051446. 
38. A. Shrivastava, R. Praveen, B. Gangadhar, H. K. 
Vemuri, S. Rasool and R. R. Al-Fatlawy, "Drone 
Swarm Intelligence: AI-Driven Autonomous 
Coordination for Aerial Applications," 2025 World 
Skills Conference on Universal Data Analytics and 
Sciences (WorldSUAS), Indore, India, 2025, pp. 1-6, 
doi: 10.1109/WorldSUAS66815.2025.11199241. 
39. V. Nutalapati, R. Aida, S. S. Vemuri, N. Al Said, A. 
M. Shakir and A. Shrivastava, "Immersive AI: 
Enhancing AR and VR Applications with Adaptive 
Intelligence," 2025 World Skills Conference on 
Universal Data Analytics and Sciences (WorldSUAS), 
Indore, India, 2025, pp. 1-6, doi: 
10.1109/WorldSUAS66815.2025.11199210. 
40.  A. Shrivastava, S. Bhadula, R. Kumar, G. 
Kaliyaperumal, B. D. Rao and A. Jain, "AI in Medical 
Imaging: Enhancing Diagnostic Accuracy with Deep 
Convolutional Networks," 2025 International 
Conference on Computational, Communication and 
Information Technology (ICCCIT), Indore, India, 2025, 
pp. 542-547, doi: 
10.1109/ICCCIT62592.2025.10927771. 
41. H. R. Goyal, A. Shrivastava, K. K. Dixit, A. 
Nagpal, B. R. Reddy and J. Kumar, "Improving 

Accuracy of Object Detection in Autonomous Drones 
with Convolutional Neural Networks," 2025 
International Conference on Computational, 
Communication and Information Technology 
(ICCCIT), Indore, India, 2025, pp. 607-611, doi: 
10.1109/ICCCIT62592.2025.10927983. 
42. A. Kotiyal, A. Shrivastava, A. Nagpal, Manjunatha, 
K. K. Dixit and R. A. Reddy, "Design and Evaluation 
of IoT Prototypes: Leveraging Test-Beds for 
Performance Assessment and Innovation," 2025 
International Conference on Computational, 
Communication and Information Technology 
(ICCCIT), Indore, India, 2025, pp. 814-820, doi: 
10.1109/ICCCIT62592.2025.10927925. 
43. A. Shrivastava, S. Bhadula, R. Kumar, G. 
Kaliyaperumal, B. D. Rao and A. Jain, "AI in Medical 
Imaging: Enhancing Diagnostic Accuracy with Deep 
Convolutional Networks," 2025 International 
Conference on Computational, Communication and 
Information Technology (ICCCIT), Indore, India, 2025, 
pp. 542-547, doi: 
10.1109/ICCCIT62592.2025.10927771. 
44. S. Hundekari, A. Shrivastava, R. Praveen, R. H. C. 
Alfilh, A. Badhoutiya and N. Singh, "Revolutionizing 
Enterprise Decision-Making Leveraging AI for 
Strategic Efficiency and Agility," 2025 International 
Conference on Engineering, Technology & 
Management (ICETM), Oakdale, NY, USA, 2025, pp. 
1-6, doi: 10.1109/ICETM63734.2025.11051858. 
45. A. Shrivastava, R. Praveen, R. Aida, K. Vemuri, S. 
S. Vemuri and S. O. Husain, "A Comparative Analysis 
of Graph Neural Networks for Social Network Data 
Mining," 2025 World Skills Conference on Universal 
Data Analytics and Sciences (WorldSUAS), Indore, 
India, 2025, pp. 1-6, doi: 
10.1109/WorldSUAS66815.2025.11199244. 
46. A. Shrivastava, R. Praveen, R. R. Al-Fatlawy, S. 
Bansal, S. Lakhanpal and J. K. K. Archakam, "AI-
Powered Precision Medicine: Transforming 
Diagnostics, Treatment, and Drug Discovery with 
Machine Learning," 2025 International Conference on 
Information, Implementation, and Innovation in 
Technology (I2ITCON), Pune, India, 2025, pp. 1-6, doi: 
10.1109/I2ITCON65200.2025.11210611. 
47.  P. William, V. K. Jaiswal, A. Shrivastava, R. H. C. 
Alfilh, A. Badhoutiya and G. Nijhawan, "Integration of 
Agent-Based and Cloud Computing for the Smart 
Objects-Oriented IoT," 2025 International Conference 
on Engineering, Technology & Management (ICETM), 
Oakdale, NY, USA, 2025, pp. 1-6, doi: 
10.1109/ICETM63734.2025.11051558. 



Smart Healthcare Solu3ons for Heart Disease Predic3on Using IoT and ML: Real-World 
Applica3ons and Algorithm Development 

 

IJDDT, Volume 16 Issue 18s, 2026 Page 319 

 

48. S. Kumar, A. Shrivastava, R. V. S. Praveen, A. M. 
Subashini, H. K. Vemuri and Z. Alsalami, "Future of 
Human-AI Interaction: Bridging the Gap with LLMs 
and AR Integration," 2025 World Skills Conference on 
Universal Data Analytics and Sciences (WorldSUAS), 
Indore, India, 2025, pp. 1-6, doi: 
10.1109/WorldSUAS66815.2025.11199115. 
49. L. Chawla, A. Shrivastava, M. I. Habelalmateen, H. 
Shekhar, P. Mittal and S. Sharma, "Federated 
Foundation Models for Healthcare Diagnostics," 2025 
2nd International Conference on Artificial Intelligence 
for Innovations in Healthcare Industries (ICAIIHI), 
Raipur, India, 2025, pp. 1-6, doi: 
10.1109/ICAIIHI67124.2025.11403022. 
50.  V. Nimbalkar, L. Chawla, M. M. Adnan, A. 
Bhansali, M. Gupta and R. Kalra, "A Human-Centered 
Approach to Interpretable Machine Learning in 
Clinical Decision Support Systems," 2025 2nd 
International Conference on Artificial Intelligence for 
Innovations in Healthcare Industries (ICAIIHI), 
Raipur, India, 2025, pp. 1-5, doi: 
10.1109/ICAIIHI67124.2025.11403473. 
51. D. Chawla, D. Chawla, A. Shrivastava, M. I. 
Habelalmateen, M. Dixit and S. P. Dwivedi, 
"Explainable AI for Mental Health Diagnosis: 
Enhancing Transparency, Trust, and Clinical Decision-
Making," 2025 2nd International Conference on 
Artificial Intelligence for Innovations in Healthcare 
Industries (ICAIIHI), Raipur, India, 2025, pp. 1-6, doi: 
10.1109/ICAIIHI67124.2025.11403514 
52. D. Chawla, D. Chawla, A. Shrivastava, M. M. 
Adnan, B. Sireesha and I. Khan, "Blockchain and 
Federated Learning Integration for Secure IoT and 
Cyber-Physical Systems," 2025 IEEE 5th 
International Conference on ICT in Business Industry 
& Government (ICTBIG), Indore, Madhya Pradesh, 
India, India, 2025, pp. 1-7, doi: 
10.1109/ICTBIG68706.2025.11323990. 
53. Chawla, D. Chawla, A. Shrivastava, M. M. Adnan, 
B. Sireesha and I. Khan, "AI-Driven Predictive 
Infrastructure for Smart and Sustainable Cities," 2025 
IEEE 5th International Conference on ICT in Business 
Industry & Government (ICTBIG), Indore, Madhya 
Pradesh, India, India, 2025, pp. 1-7, doi: 
10.1109/ICTBIG68706.2025.11324009. 
54. Kashyap, N., Singla, G., Verma, S. (2026). 
Wideband Rectangular Ring-Slotted Microstrip Patch 
Antenna for WLAN and 5G NR Sub-6 GHz 
applications. In: Pal, S., Malhotra, S., Gupta, I., Kumar, 
A. (eds) Emerging Technology and Sustainable 
Solutions. ICETSS 2024. Communications in 

Computer and Information Science, vol 2611. Springer, 
Cham. https://doi.org/10.1007/978-3-032-11491-4_32 
55. Pandey, D., Pandey, B. K., George, A. H., George, 
A. S., Sunder, S., Jolly, A., & Verma, S. (2025). 
Scientific Progress in Artificial Intelligence for Time-
Stamped Interpretation of Camera Images in Medical 
Safety Systems. In Advanced Secure Transmission of 
Telemedicine-Based Bio-Medical Images (pp. 91-114). 
IGI Global Scientific Publishing. 
56. Verma, S., Tanwar, R., Salim, A.A., Ibrahim, A.K., 
Hammoode, J.A. (2025). Assessment of Urban Heat 
Island Effects for Building Climate Resilience Through 
Remote Sensing and Machine Learning Techniques. In: 
Bhat, R., Naik, N., Kotecha, K., Samrot, A.V., 
Mohanty, S.N., Somani, B. (eds) Recent Advances in 
Applied Sciences. iDEAAS 2024. Sustainable Civil 
Infrastructures. Springer, Cham. 
https://doi.org/10.1007/978-3-031-84335-8_10 
57. Verma, S., Meenakshi, Rattan, P., & Gopal, G. 
(2024, January). Artificial Neural Network-Based 
Forecasting to Anticipate the Indian Stock Market. 
In International Conference on Smart Computing and 
Communication (pp. 23-34). Singapore: Springer 
Nature Singapore. 
58. Kashyap, N., Verma, S., Sandhu, A., & Sharma, A. 
(2024, November). Bandwidth Improvement of Slits-
Slots with DGS Circular Patch Antenna for Wireless 
Communication. In 2024 IEEE International 
Conference of Electron Devices Society Kolkata 
Chapter (EDKCON) (pp. 1-5). IEEE. 
59. Sahu, Bharti; Phulpagar, Bhagwan; Patil, Pramod, 
Dynamic Surveillance and Implementation of COVID-
19 Social Distancing Measures using Advanced Image 
Processing and R-CNN. Library of Progress-Library 
Science, Information Technology & Computer, 2024, 
Vol 44, Issue 3, p13457 
60. Sahu, Bharti; Phulpagar, Bhagwan; Patil, Pramod, 
Deep Learning-Based Framework for Identifying 
COVID-19 Pneumonia in Chest X-Ray Imaging. 
Frontiers in Health Informatics, 2024, Vol 13, Issue 2, 
p399 

 
 

 


