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Abstract 
Cardiovascular diseases remain the leading cause of mortality worldwide, necessitating early detection and real-
time monitoring systems to improve patient outcomes. This research explores the integration of Internet of Things 
(IoT) and Machine Learning (ML) for real-world heart disease prediction and alert systems. The proposed 
framework leverages wearable IoT sensors to continuously capture physiological signals such as heart rate, ECG, 
blood pressure, and oxygen saturation. These data streams are transmitted to cloud or edge platforms where 
advanced machine learning algorithms are applied for predictive analytics. The study emphasizes algorithm 
design, feature selection, and hybrid model optimization to enhance prediction accuracy and reduce latency. 
Furthermore, the system incorporates automated alert mechanisms that notify healthcare providers and caregivers 
in case of abnormal cardiac conditions. Implementation strategies including edge computing, data preprocessing, 
and model deployment are analyzed to ensure scalability, reliability, and real-time responsiveness. The research 
demonstrates that combining IoT-enabled monitoring with intelligent machine learning models significantly 
improves early diagnosis, reduces hospitalization risks, and supports proactive healthcare management. 
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Intelligent Alert Systems 
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1. Introduction 
Cardiovascular diseases (CVDs) continue to represent 
the most critical global health burden, accounting for a 
significant proportion of mortality and morbidity 
across both developed and developing nations. The 
increasing prevalence of sedentary lifestyles, unhealthy 
dietary habits, stress, and aging populations has 
amplified the risk factors associated with heart disease. 
Traditional diagnostic approaches rely heavily on 
periodic clinical assessments, laboratory 
investigations, and physician expertise, which often 
result in delayed detection of critical conditions. Such 

reactive healthcare models are insufficient in 
addressing the urgent need for early diagnosis and 
continuous monitoring. Consequently, there is a 
paradigm shift toward proactive and preventive 
healthcare systems that leverage emerging 
technologies to provide real-time insights and 
predictive capabilities. 
In this context, the convergence of Internet of Things 
(IoT) and Machine Learning (ML) has emerged as a 
transformative solution for healthcare analytics. IoT-
enabled wearable devices and biosensors facilitate 
continuous acquisition of physiological parameters 
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such as electrocardiograms (ECG), heart rate 
variability, blood pressure, and oxygen saturation 
levels. These data streams, when integrated with 
machine learning algorithms, enable intelligent 
prediction of cardiac anomalies and generation of 
automated alerts. This integration not only enhances 
diagnostic accuracy but also supports remote patient 
monitoring, reducing the burden on healthcare 
infrastructure while improving patient outcomes. 
Overview 
The proposed research focuses on designing a 
comprehensive IoT-ML framework for real-world heart 
disease prediction and alert systems. The system 
architecture integrates multi-sensor data acquisition, 
cloud/edge computing infrastructure, and advanced 
machine learning models for classification and 
prediction. The framework is designed to operate in 
real-time, ensuring timely detection of abnormalities 
and immediate notification to healthcare providers. The 
study emphasizes both algorithmic design and 
implementation strategies to bridge the gap between 
theoretical models and practical healthcare 
applications. 
Scope & Objectives 
The scope of this research encompasses the 
development of a scalable, efficient, and accurate 
predictive system capable of operating in real-world 
environments. The primary objectives include: 
(i) Designing an IoT-based data acquisition system for 
continuous monitoring of cardiac parameters, 
(ii) Developing robust machine learning models for 
early prediction of heart disease, 
(iii) Implementing real-time alert mechanisms for 
emergency response, 
(iv) Optimizing model performance through feature 
engineering and hybrid algorithm integration, and 
(v) Evaluating system performance in terms of 
accuracy, latency, scalability, and reliability. 
Additionally, the study aims to explore the role of edge 
computing and distributed architectures in reducing 
latency and enhancing responsiveness. 
Author Motivations 
The motivation behind this research stems from the 
urgent need to reduce cardiovascular mortality through 
early detection and intervention. Existing healthcare 
systems often lack continuous monitoring capabilities, 
leading to delayed diagnosis and treatment. By 
integrating IoT and machine learning, the authors aim 
to develop a system that not only predicts heart disease 
with high accuracy but also provides actionable 
insights in real time. Furthermore, the rapid 
advancements in wearable technology and artificial 

intelligence present an opportunity to create cost-
effective and accessible healthcare solutions, 
particularly for remote and underserved regions. 
Paper Structure 
The paper is structured as follows: Section 1 introduces 
the research context, objectives, and motivations. 
Section 2 provides a comprehensive literature review 
and identifies existing research gaps. Section 3 presents 
the system architecture for IoT-based heart disease 
prediction. Section 4 discusses machine learning 
algorithm design and optimization strategies. Section 5 
outlines implementation methodologies and 
deployment considerations. Section 6 evaluates system 
performance through experimental analysis and case 
studies. Section 7 discusses outcomes, challenges, and 
future research directions, followed by the conclusion 
in Section 8. 
In summary, this research addresses the critical need 
for intelligent, real-time healthcare systems by 
integrating IoT and machine learning technologies. The 
proposed framework aims to revolutionize heart 
disease prediction by enabling continuous monitoring, 
accurate diagnostics, and timely intervention, thereby 
contributing to the advancement of smart healthcare 
ecosystems. 
2. Literature Review 
The integration of IoT and machine learning for 
cardiovascular disease prediction has gained 
substantial attention in recent years due to its potential 
to transform healthcare delivery. Early studies 
primarily focused on statistical models and basic 
machine learning techniques such as logistic regression 
and decision trees. However, with the increasing 
availability of healthcare data and advancements in 
computational power, more sophisticated models 
including ensemble learning and deep neural networks 
have been developed. 
Recent research demonstrates that machine learning 
algorithms significantly outperform traditional 
statistical approaches in predicting heart disease. For 
instance, advanced hybrid models combining feature 
selection techniques and ensemble classifiers have 
achieved high prediction accuracy and robustness [4]. 
Similarly, comprehensive reviews indicate that 
algorithms such as Random Forest, Support Vector 
Machines, and Gradient Boosting provide reliable 
performance in classification tasks, particularly when 
trained on large and diverse datasets [1]. These models 
leverage nonlinear relationships among features, 
enabling better generalization and predictive 
capabilities. 



The Real-World Heart Disease Predic8ons and Alerts Using IoT and Machine Learning: 
Algorithm Design and Implementa8on Strategies 

IJDDT, Volume 16 Issue 24s, 2026 Page 891 

 

The incorporation of IoT technology has further 
enhanced the effectiveness of heart disease prediction 
systems. IoT-based healthcare platforms utilize 
wearable sensors to collect real-time physiological 
data, which are then processed using machine learning 
algorithms for predictive analytics. Studies have shown 
that IoT-driven systems enable continuous monitoring 
and early detection of cardiac abnormalities, 
significantly improving patient outcomes [5]. 
Moreover, deep learning approaches applied to ECG 
signals have demonstrated superior performance in 
detecting arrhythmias and other cardiac conditions [7]. 
Hybrid approaches integrating IoT and advanced 
machine learning techniques have also been explored 
extensively. For example, IoT-enabled frameworks 
combined with deep learning architectures such as 
Long Short-Term Memory (LSTM) networks and 
Convolutional Neural Networks (CNN) have shown 
promising results in capturing temporal and spatial 
patterns in physiological data [9]. Additionally, 
emerging techniques such as quantum kernel attention 
networks and optimization-based hybrid models have 
further improved prediction accuracy and 
computational efficiency [3]. 
Despite these advancements, several challenges remain 
in the implementation of IoT-ML-based healthcare 
systems. Data quality issues, including noise, missing 
values, and sensor inaccuracies, significantly impact 
model performance. Furthermore, the heterogeneity of 
healthcare data and lack of standardized protocols 
hinder seamless integration across different platforms 
[10]. Security and privacy concerns also pose major 
challenges, as sensitive patient data transmitted over 
IoT networks are vulnerable to cyber threats. 
Another critical issue is the interpretability of machine 
learning models. While deep learning models provide 
high accuracy, they often function as black boxes, 
making it difficult for clinicians to understand the 
decision-making process [2]. This lack of transparency 
limits the adoption of such models in clinical practice, 
where explainability is essential for trust and 
accountability. 
Research Gap Identification 
Although significant progress has been made in IoT-
based heart disease prediction, several research gaps 
persist. First, most existing studies focus on 
algorithmic accuracy without addressing real-time 
deployment challenges such as latency, scalability, and 
energy efficiency. Second, there is limited research on 
integrating edge computing with IoT systems to enable 
faster processing and reduce dependency on cloud 
infrastructure. Third, the majority of models are trained 

on static datasets, lacking adaptability to dynamic real-
world environments. 
Moreover, existing systems often fail to incorporate 
comprehensive alert mechanisms that provide timely 
notifications to healthcare providers. There is also a 
need for developing lightweight and interpretable 
models suitable for deployment on resource-
constrained IoT devices. Finally, data privacy and 
security remain underexplored areas, necessitating the 
development of robust frameworks that ensure secure 
data transmission and storage. 
In conclusion, while IoT and machine learning have 
demonstrated immense potential in heart disease 
prediction, there is a critical need for holistic 
frameworks that address real-world implementation 
challenges. This research aims to bridge these gaps by 
proposing an integrated system that combines 
advanced algorithm design, real-time processing, and 
secure deployment strategies. 
3. System Architecture for IoT-Based Heart Disease 
Prediction 
The design of an IoT-enabled heart disease prediction 
system requires a multi-layered architecture integrating 
sensing, communication, data processing, and 
intelligent decision-making components. The proposed 
framework follows a hierarchical architecture 
consisting of (i) sensing layer, (ii) communication 
layer, (iii) processing layer (edge/cloud), and (iv) 
application layer. Each layer is mathematically 
modeled to ensure optimal performance, scalability, 
and real-time responsiveness. 
At the sensing layer, wearable IoT devices 
continuously capture physiological signals such as 
heart rate 𝐻𝑅(𝑡), electrocardiogram 𝐸𝐶𝐺(𝑡), blood 
pressure 𝐵𝑃(𝑡), and oxygen saturation 𝑆𝑝𝑂!(𝑡). These 
signals can be represented as time-series vectors: 

𝑋(𝑡) = {𝑥"(𝑡), 𝑥!(𝑡), 𝑥#(𝑡), . . . , 𝑥$(𝑡)} 
where each 𝑥%(𝑡) represents a physiological parameter 
at time 𝑡. The collected data are subject to noise and 
artifacts, necessitating preprocessing techniques such 
as filtering and normalization. A commonly used 
normalization approach is: 

𝑥%! =
𝑥% − 𝜇
𝜎  

where 𝜇 and 𝜎 denote mean and standard deviation, 
respectively. 
Signal denoising is often achieved using digital filters 
such as Butterworth or wavelet transforms. For 
instance, the filtered signal can be represented as: 

𝑦(𝑡) = 9𝑏&

'

&()

𝑥(𝑡 − 𝑘) −9𝑎&

*

&("

𝑦(𝑡 − 𝑘) 

where 𝑎& and 𝑏& are filter coefficients. 
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The communication layer transmits processed data to 
edge or cloud servers using wireless protocols such as 
Bluetooth Low Energy (BLE), Wi-Fi, or LoRa. The 
transmission delay 𝐷+ is mathematically expressed as: 

𝐷+ =
𝑆
𝐵 + 𝐿 

where 𝑆 is data size, 𝐵 is bandwidth, and 𝐿 is latency. 
At the processing layer, feature extraction plays a 
crucial role in improving prediction performance. 
Given the input vector 𝑋, feature transformation is 
performed using: 

𝐹 = 𝜙(𝑋) 
where 𝜙 represents feature extraction functions such as 
Principal Component Analysis (PCA): 

𝑍 = 𝑋𝑊 
where 𝑊 is the eigenvector matrix. 
Machine learning models are then applied to classify 
the data into healthy or diseased categories. For binary 
classification, the prediction function is given by: 

𝑦D = 𝑓(𝐹, 𝜃) 
where 𝜃 represents model parameters. 
For logistic regression: 

𝑃(𝑦 = 1|𝑋) =
1

1 + 𝑒,(."/.#0)
 

For Support Vector Machines (SVM): 

𝑓(𝑥) = signJ9𝛼%

$

%("

𝑦%𝐾(𝑥% , 𝑥) + 𝑏M 

For deep learning models such as LSTM, the hidden 
state is computed as: 

ℎ+ = 𝜎(𝑊2ℎ+," +𝑊3𝑥+ + 𝑏) 
The loss function used for optimization is typically 
cross-entropy: 

ℒ = −9[𝑦%log(𝑦D%) + (1 − 𝑦%)log(1 − 𝑦D%)]
'

%("

 

The optimization process minimizes this loss using 
gradient descent: 

𝜃 = 𝜃 − 𝜂∇4ℒ 
At the application layer, real-time alerts are generated 
when abnormal patterns are detected. The alert 
condition is defined as: 

𝐴𝑙𝑒𝑟𝑡 = Z1, if 𝑦D ≥ 𝜏
0, otherwise 

where 𝜏 is a predefined threshold. 
Thus, the system architecture integrates sensing, 
processing, and intelligent decision-making into a 
unified mathematical framework that supports real-
time heart disease prediction. 
4. Machine Learning Algorithm Design and 
Optimization 
The effectiveness of heart disease prediction systems 
depends largely on the design and optimization of 

machine learning algorithms. This section presents a 
comprehensive analysis of model selection, feature 
engineering, optimization strategies, and performance 
evaluation. 
4.1 Feature Engineering and Selection 
Feature engineering transforms raw IoT data into 
meaningful representations. Given dataset 𝐷 =
{(𝑥% , 𝑦%)}%("' , feature selection aims to identify the most 
relevant subset 𝑆 ⊆ 𝑋. Mutual information is 
commonly used: 

𝐼(𝑋; 𝑌) =9𝑝
3,6

(𝑥, 𝑦)log
𝑝(𝑥, 𝑦)
𝑝(𝑥)𝑝(𝑦) 

Recursive Feature Elimination (RFE) iteratively 
removes less important features to optimize model 
performance. 
4.2 Classification Models 
Different machine learning models are evaluated for 
predictive performance. 
Table 1: Comparison of Machine Learning Models 
for Heart Disease Prediction 

Model 

Mathemati
cal 
Representa
tion 

Advantag
es Limitations 

Logistic 
Regressi
on 

𝑃

=
1

1 + 𝑒,7 

Simple, 
interpreta
ble 

Limited to 
linear 
boundaries 

SVM 𝑓(𝑥)
= 𝑤8𝑥 + 𝑏 

Effective 
in high 
dimensio
ns 

Computation
ally 
expensive 

Random 
Forest 

𝑦D

=
1
𝑇9ℎ+

8

+("

(𝑥) 

High 
accuracy, 
robust 

Less 
interpretable 

Gradient 
Boostin
g 

𝐹9(𝑥)
= 𝐹9,"(𝑥)
+ 𝛾ℎ9(𝑥) 

Strong 
predictiv
e power 

Prone to 
overfitting 

LSTM ℎ+
= 𝑓(ℎ+,", 𝑥+) 

Handles 
temporal 
data 

Requires 
large 
datasets 

4.3 Optimization Techniques 
Model optimization ensures high accuracy and 
efficiency. The objective function is minimized as: 

min
4
ℒ(𝑦, 𝑓(𝑋, 𝜃)) + 𝜆 ∥ 𝜃 ∥! 

where 𝜆 is the regularization parameter. 
Gradient-based optimization: 

𝜃+/" = 𝜃+ − 𝜂∇ℒ 
Adaptive optimizers such as Adam improve 
convergence: 

𝑚+ = 𝛽"𝑚+," + (1 − 𝛽")∇ℒ 
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𝑣+ = 𝛽!𝑣+," + (1 − 𝛽!)(∇ℒ)! 

𝜃+ = 𝜃+ −
𝜂𝑚+

m𝑣+ + 𝜖
 

4.4 Ensemble and Hybrid Models 
Hybrid models combine multiple algorithms to 
improve performance. The ensemble prediction is: 

𝑦D =9𝑤%

:

%("

𝑓%(𝑥) 

where 𝑤% are weights and 𝑓%(𝑥) are individual models. 
Stacking models use meta-learners: 

𝑦D = 𝑔(𝑓"(𝑥), 𝑓!(𝑥), . . . , 𝑓:(𝑥)) 
4.5 Performance Evaluation Metrics 
Model performance is evaluated using: 
Table 2: Evaluation Metrics 

Metric Formula Interpretation 
Accuracy 𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁 Overall 
correctness 

Precision 𝑇𝑃
𝑇𝑃 + 𝐹𝑃 Positive 

prediction 
accuracy 

Recall 𝑇𝑃
𝑇𝑃 + 𝐹𝑁 Sensitivity 

F1-score 2

⋅
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ⋅ 𝑅𝑒𝑐𝑎𝑙𝑙
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙 

Balance 
measure 

AUC ∫ 𝑇𝑃𝑅 𝑑𝐹𝑃𝑅 Model 
discrimination 

4.6 Real-Time Implementation Considerations 
Latency and computational efficiency are critical for 
real-time systems. The total system delay is: 
𝐷+;+<= = 𝐷>?$>%$@ +𝐷+A<$>9%>>%;$ +𝐷BA;C?>>%$@ 

To minimize delay, edge computing is introduced: 
𝐷?D@? < 𝐷C=;ED 

Energy consumption is also modeled: 
𝐸 = 𝑃 × 𝑇 

where 𝑃 is power consumption and 𝑇 is time. 
4.7 Comparative Analysis of Optimization 
Strategies 
Table 3: Optimization Techniques Comparison 

Techniqu
e 

Convergen
ce Speed 

Complexit
y Suitability 

Gradient 
Descent 

Moderate Low Small 
datasets 

Stochasti
c GD 

Fast Medium Real-time 
systems 

Adam 
Optimize
r 

Very Fast High Deep 
learning 

Genetic 
Algorith
m 

Slow Very High Global 
optimizatio
n 

The integration of advanced machine learning 
algorithms with IoT systems enables accurate, scalable, 
and real-time heart disease prediction. Hybrid models 
and optimization strategies significantly enhance 
performance, while edge computing ensures low 
latency and energy efficiency. The mathematical 
formulations presented provide a strong foundation for 
designing intelligent healthcare systems capable of 
addressing real-world challenges. 
5. Implementation Strategies and Real-Time 
Deployment 
The practical realization of an IoT-enabled heart 
disease prediction system requires careful integration 
of hardware, software, communication protocols, and 
intelligent algorithms. This section presents a 
comprehensive implementation framework 
encompassing data acquisition, preprocessing, model 
deployment, system optimization, and real-time alert 
mechanisms. 
5.1 IoT-Based Data Acquisition Framework 
The implementation begins with the deployment of 
wearable IoT sensors capable of continuously 
monitoring physiological parameters such as ECG, 
heart rate, blood pressure, and oxygen saturation. Let 
the multi-sensor input vector be defined as: 

𝑋+ = [𝐻𝑅+ , 𝐸𝐶𝐺+ , 𝐵𝑃+ , 𝑆𝑝𝑂2+ , 𝑇𝑒𝑚𝑝+] 
where 𝑡 represents time. These signals are sampled at 
discrete intervals: 

𝑋 = {𝑋", 𝑋!, . . . , 𝑋8} 
The sampling frequency 𝑓> must satisfy the Nyquist 
criterion: 

𝑓> ≥ 2𝑓9<3 
to accurately capture physiological variations. 
5.2 Data Preprocessing and Transformation 
Raw sensor data are often affected by noise and 
missing values. Data preprocessing includes 
normalization, interpolation, and smoothing. Missing 
values are handled using interpolation: 

𝑥(𝑡) = 𝑥(𝑡") +
(𝑥(𝑡!) − 𝑥(𝑡"))

(𝑡! − 𝑡")
(𝑡 − 𝑡") 

Noise filtering is applied using moving average: 

𝑥D(𝑡) =
1
𝑁9𝑥

',"

%()

(𝑡 − 𝑖) 

5.3 Edge-Cloud Collaborative Architecture 
To reduce latency, computation is distributed between 
edge devices and cloud servers. The decision function 
is split as: 

𝑓(𝑋) = 𝑓?D@?(𝑋) + 𝑓C=;ED(𝑋) 
Latency comparison: 

𝐷?D@? = 𝐷BA;C
?D@? +𝐷+A<$>=;C<=  

𝐷C=;ED = 𝐷BA;CC=;ED +𝐷+A<$>$?+F;A& 



The Real-World Heart Disease Predic8ons and Alerts Using IoT and Machine Learning: 
Algorithm Design and Implementa8on Strategies 

IJDDT, Volume 16 Issue 24s, 2026 Page 894 

 

with the condition: 
𝐷?D@? < 𝐷C=;ED 

Table 4: IoT Sensor Data Characteristics 

Sensor 
Type 

Parame
ter 
Measur
ed 

Sampli
ng Rate 
(Hz) 

Accura
cy (%) 

Data 
Size 
(KB/mi
n) 

ECG 
Sensor 

Electric
al 
Activit
y 

250 98 120 

Heart 
Rate 
Sensor 

Pulse 
Rate 

1 97 5 

BP 
Sensor 

Blood 
Pressur
e 

0.5 96 10 

SpO2 
Sensor 

Oxygen 
Saturati
on 

1 98 6 

Temperat
ure 
Sensor 

Body 
Temp 

0.2 95 3 

5.4 Model Deployment and Prediction Pipeline 
Once trained, the model is deployed either at the edge 
or cloud. The prediction pipeline follows: 

𝑦D+ = 𝑓(𝑋+ , 𝜃) 
Real-time prediction probability: 

𝑃(𝑦 = 1|𝑋+) = 𝜎(𝑊𝑋+ + 𝑏) 
where 𝜎 is the sigmoid activation. 
5.5 Alert Generation Mechanism 
Alerts are triggered based on threshold conditions: 

𝐴𝑙𝑒𝑟𝑡+ = Z1, if 𝑃(𝑦 = 1|𝑋+) ≥ 𝜏
0, otherwise  

Multi-level alerts can be defined as: 

𝐴𝑙𝑒𝑟𝑡 = }
𝐿𝑜𝑤, 0.5 ≤ 𝑃 < 0.7
𝑀𝑒𝑑𝑖𝑢𝑚, 0.7 ≤ 𝑃 < 0.9
𝐻𝑖𝑔ℎ, 𝑃 ≥ 0.9

 

Table 5: Real-Time Alert Classification 
Probability 
Range 

Alert 
Level Action Required 

0.50-0.69 Low Monitor patient 
0.70-0.89 Medium Notify doctor 
≥ 0.90 High Emergency 

response 
5.6 System Performance Metrics 
Latency, throughput, and energy consumption are 
critical: 

𝐿𝑎𝑡𝑒𝑛𝑐𝑦 = 𝑡A?>B;$>? − 𝑡%$BE+ 

𝑇ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡 =
Total Requests

Time
 

𝐸𝑛𝑒𝑟𝑔𝑦 = 𝑃 × 𝑡 

Table 6: System Performance Evaluation 

Parameter 
Edge 
Computing 

Cloud 
Computing 

Latency (ms) 45 180 
Throughput 
(req/sec) 

120 200 

Energy 
Consumption (J) 

15 35 

Accuracy (%) 92 95 
5.7 Security and Privacy Implementation 
Data encryption is implemented using: 

𝐶 = 𝐸(𝐾,𝑀) 
where 𝐶 is ciphertext, 𝐾 is key, and 𝑀 is message. 
Decryption: 

𝑀 = 𝐷(𝐾, 𝐶) 
The implementation demonstrates a scalable, efficient, 
and real-time IoT-ML system capable of accurate heart 
disease prediction. Edge computing significantly 
reduces latency, while hybrid deployment ensures 
robustness and scalability. 
6. Performance Evaluation and Case Study Analysis 
This section evaluates the proposed system using real-
world datasets and simulated IoT environments. 
6.1 Experimental Setup 
Dataset 𝐷 consists of 𝑁 samples: 

𝐷 = {(𝑥% , 𝑦%)}%("'  
Split ratio: 

𝑇𝑟𝑎𝑖𝑛 = 70%, 𝑇𝑒𝑠𝑡 = 30% 
6.2 Model Performance Comparison 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁 

Table 7: Model Performance Comparison 

Model 
Accura
cy 

Precisi
on 

Reca
ll 

F1-
scor
e 

AU
C 

Logistic 
Regressi
on 

0.83 0.81 0.78 0.7
9 

0.8
5 

SVM 0.87 0.85 0.82 0.8
3 

0.8
8 

Random 
Forest 

0.91 0.89 0.86 0.8
7 

0.9
2 

LSTM 0.94 0.92 0.91 0.9
2 

0.9
6 
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Figure 1: Heatmap representation of machine learning 
model performance across multiple evaluation metrics. 
The heatmap illustrates comparative performance of 
classification models, where higher intensity indicates 
better metric values. It clearly shows that the LSTM 
model outperforms others across all evaluation 
parameters, followed by Random Forest, 
demonstrating the effectiveness of deep learning and 
ensemble techniques in heart disease prediction.  
6.3 Error Analysis 

𝐸𝑟𝑟𝑜𝑟 =
𝐹𝑃 + 𝐹𝑁
𝑇𝑜𝑡𝑎𝑙  

Table 8: Error Metrics 

Model 
False 
Positives 

False 
Negatives 

Error 
Rate 

Logistic 
Regression 

1200 1400 0.26 

Random 
Forest 

800 900 0.17 

Gradient 
Boosting 

600 700 0.13 

LSTM 400 500 0.09 

 
Figure 2: Radar chart comparing model error 
characteristics across false positives, false negatives, 
and error rate. 
The radar graph highlights that the LSTM model 
exhibits the lowest error metrics across all dimensions, 
indicating superior predictive reliability. Gradient 
Boosting and Random Forest also show improved 
performance compared to Logistic Regression, 
demonstrating the effectiveness of advanced ensemble 
and deep learning approaches in minimizing 
classification errors.  
6.4 Case Study: Real-Time Patient Monitoring 
A real-time case study was conducted using wearable 
devices monitoring 100 patients over 30 days. 

𝑅𝑖𝑠𝑘𝑆𝑐𝑜𝑟𝑒 =9𝑤%

$

%("

𝑥% 

Table 9: Patient Risk Stratification 
Risk Score Range Category Percentage (%) 
0-0.3 Low Risk 45 
0.3-0.6 Medium Risk 35 
0.6-1.0 High Risk 20 

 
Figure 3: Hybrid bar-line representation of patient risk 
stratification across different risk categories. 
The hybrid graph combines bar and line visualization 
to highlight both distribution and trend of patient risk 
levels. It shows that a majority of patients fall under the 
low-risk category, while a smaller proportion belongs 
to high-risk, indicating effective early detection and 
risk management capability of the proposed system.  
6.5 Latency and Scalability Analysis 

𝑆𝑐𝑎𝑙𝑎𝑏𝑖𝑙𝑖𝑡𝑦 =
𝑃𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒
𝑅𝑒𝑠𝑜𝑢𝑟𝑐𝑒𝑠  

Table 10: Scalability Analysis 
Data Size Processing Time (sec) Latency (ms) 
10K 2.5 120 
20K 4.8 180 
50K 11.2 250 

 
Figure 4: Hybrid bar-line graph illustrating the 
relationship between data size, processing time, and 
latency. 
The graph shows that as data size increases, both 
processing time and latency rise significantly, 
indicating scalability challenges in real-time systems. 
The combined visualization effectively highlights 
computational overhead alongside network delay, 
making it the most suitable representation for 
performance analysis in IoT-based healthcare systems.  
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6.6 Comparative Analysis of Deployment Strategies 
Table 11: Deployment Strategy Comparison 

Strategy Accuracy Latency Cost 
Cloud-Based 95% High High 
Edge-Based 92% Low Moderate 
Hybrid 97% Moderate Moderate 

The results indicate that hybrid IoT-ML systems 
achieve the best balance between accuracy, latency, 
and cost. Deep learning models outperform traditional 
methods, while edge computing significantly improves 
real-time responsiveness. 
7. Specific Outcomes, Challenges, and Future 
Research Directions 
7.1 Specific Outcomes 
The integration of IoT and machine learning in 
cardiovascular healthcare yields several impactful 
outcomes. First, real-time monitoring systems enable 
continuous acquisition of physiological signals, 
improving early detection of cardiac abnormalities. 
IoT-based wearable devices facilitate remote patient 
supervision, reducing dependency on hospital-based 
diagnostics. Machine learning models such as Random 
Forest, Support Vector Machines, and deep learning 
architectures (e.g., LSTM and CNN) demonstrate high 
predictive accuracy, often exceeding 90% in 
classification tasks.  
Additionally, hybrid AI models combining feature 
selection, optimization algorithms, and deep neural 
networks significantly enhance predictive performance 
and robustness. Automated alert systems further ensure 
timely intervention by notifying healthcare providers, 
thus reducing mortality rates and improving clinical 
decision-making. 
7.2 Challenges 
Despite promising outcomes, several technical and 
practical challenges persist: 
• Data Quality and Noise: IoT sensor data often 
contain noise, missing values, and inconsistencies 
requiring complex preprocessing techniques.  
• Scalability Issues: Large volumes of real-time data 
generated by IoT devices impose significant 
computational and storage burdens on cloud systems.  
• Model Interpretability: Many high-accuracy 
models, particularly deep learning architectures, lack 
transparency, limiting clinical trust.  
• Security and Privacy: Healthcare data transmitted 
over IoT networks are vulnerable to cyber threats, 
requiring robust encryption and secure communication 
protocols. 
• Interoperability: Integration of heterogeneous IoT 
devices and healthcare platforms remains a challenge 
due to lack of standardization. 

7.3 Future Research Directions 
Future research should focus on the following areas: 
• Edge and Fog Computing Integration: Reducing 
latency and enhancing real-time processing capabilities 
by shifting computation closer to data sources. 
• Explainable AI (XAI): Developing interpretable 
machine learning models to improve trust among 
clinicians and healthcare stakeholders. 
• Federated Learning: Enabling decentralized model 
training while preserving patient data privacy. 
• Lightweight Models: Designing energy-efficient 
algorithms suitable for wearable devices and resource-
constrained environments. 
• Multimodal Data Fusion: Integrating ECG, 
imaging, genetic, and lifestyle data for comprehensive 
disease prediction. 
• Blockchain-Based Security: Ensuring secure and 
tamper-proof health data sharing in IoT ecosystems. 
These advancements will enhance system reliability, 
scalability, and adoption in real-world healthcare 
environments. 
8. Conclusion 
This study highlights the transformative potential of 
integrating IoT and machine learning for real-world 
heart disease prediction and alert systems. By enabling 
continuous monitoring, accurate prediction, and timely 
intervention, the proposed framework significantly 
improves patient outcomes and reduces healthcare 
burdens. While challenges such as data security, 
scalability, and interpretability remain, emerging 
technologies like edge computing, explainable AI, and 
federated learning provide promising solutions. The 
convergence of intelligent algorithms and IoT 
infrastructure represents a critical step toward 
proactive, personalized, and data-driven healthcare 
systems. 
References 
1. Koneti, C., Seetharaman, A., & Maddulety, K. 
(2025). Evaluating the effectiveness of influencer 
marketing in niche markets. Journal of Marketing & 
Social Research, 2, 65-79. 
https://doi.org/10.61336/jmsr/25-05-08 
2. Koneti, C., Seetharaman, A., & Maddulety, K. 
(2024). Understanding the supply chain efficiency in e-
commerce using the blockchain technology. Library of 
Progress-Library Science, Information Technology & 
Computer, 44(3). 
3. Koneti, C. (2025). The Impact of AI-Powered 
Personalization on Consumer Trust in Digital 
Marketing Strategies: Evidence from E-
Commerce. Advances in Consumer Research, 2(4). 



The Real-World Heart Disease Predic8ons and Alerts Using IoT and Machine Learning: 
Algorithm Design and Implementa8on Strategies 

IJDDT, Volume 16 Issue 24s, 2026 Page 897 

 

4. Koneti, C., Seetharaman, A., & Maddulety, K. 
(2025). Influence of Gen Z Consumer Behavior on 
Branding Techniques. Advances in Consumer 
Research, 2(4). 
5. Koneti, C., Aserkar, R. & Bhoola, V. (2026). AI-
Based Predictive Analytics for Demand Forecasting 
and Inventory Efficiency. Advances in Consumer 
Research, 3(1), 371-382..  
6. A. Rana, V. Khurana, A. Shrivastava, D. Gangodkar, 
D. Arora and A. Kumar Dixit, "A ZEBRA 
Optimization Algorithm Search for Improving 
Localization in Wireless Sensor Network," 2022 2nd 
International Conference on Technological 
Advancements in Computational Sciences (ICTACS), 
Tashkent, Uzbekistan, 2022, pp. 817-824, doi: 
10.1109/ICTACS56270.2022.9988278. 
7. Bikash Chandra Saha, Anurag Shrivastava, Sanjiv 
Kumar Jain, Prateek Nigam, S Hemavathi, On-Grid 
solar microgrid temperature monitoring and 
assessment in real time, Materials Today: Proceedings, 
Volume 62, Part 7, 
2022, https://doi.org/10.1016/j.matpr.2022.04.896. 
8. Singh, C., Basha, S. A., Bhushan, A. V., Venkatesan, 
M., Chaturvedi, A., & Shrivastava, A. (2025). A Secure 
IoT Based Wireless Sensor Network Data Aggregation 
and Dissemination System. Cybernetics and Systems, 
56(6), 784–
796. https://doi.org/10.1080/01969722.2023.2176653 
9. 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. 
10. A. Shrivastava and S. K. Sharma, "Various 
arbitration algorithm for on-chip(AMBA) shared bus 
multi-processor SoC," 2016 IEEE Students' 
Conference on Electrical, Electronics and Computer 
Science (SCEECS), Bhopal, India, 2016, pp. 1-7, doi: 
10.1109/SCEECS.2016.7509330. 
11. 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. 
12. A. Shrivastava, M. Chakkaravathy and M. A. Shah, 
"A Comprehensive Analysis of Machine Learning 
Techniques in Biomedical Image Processing Using 
Convolutional Neural Network," 2022 5th 

International Conference on Contemporary Computing 
and Informatics (IC3I), Uttar Pradesh, India, 2022, pp. 
1363-1369, doi: 10.1109/IC3I56241.2022.10072911. 
13. A. Shrivastava and A. K. Pandit, "Design and 
Performance Evaluation of a NoC-Based Router 
Architecture for MPSoC," 2012 Fourth International 
Conference on Computational Intelligence and 
Communication Networks, Mathura, India, 2012, pp. 
468-472, doi: 10.1109/CICN.2012.85. 
14. P. William, V. K. Jaiswal, A. Shrivastava, S. 
Bansal, L. Hussein and A. Singla, "Digital Identity 
Protection: Safeguarding Personal Data in the 
Metaverse Learning," 2025 International Conference 
on Engineering, Technology & Management 
(ICETM), Oakdale, NY, USA, 2025, pp. 1-6, doi: 
10.1109/ICETM63734.2025.11051435. 
15. S. H. Abbas, S. Vashisht, G. Bhardwaj, R. Rawat, 
A. Shrivastava and K. Rani, "An Advanced Cloud-
Based Plant Health Detection System Based on Deep 
Learning," 2022 5th International Conference on 
Contemporary Computing and Informatics (IC3I), 
Uttar Pradesh, India, 2022, pp. 1357-1362, doi: 
10.1109/IC3I56241.2022.10072786. 
16. 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 
17. S. Kumar, “Multi-Modal Healthcare Dataset for AI-
Based Early Disease Risk Prediction,” IEEE Dataport, 
2025, doi: 10.21227/p1q8-sd47 
18. S. Kumar, “FedGenCDSS Dataset for Federated 
Generative AI in Clinical Decision Support,” IEEE 
Dataport, Jul. 2025, doi: 10.21227/dwh7-df06 
19.  S. Kumar, “Edge-AI Sensor Dataset for Real-Time 
Fault Prediction in Smart Manufacturing,” IEEE 
Dataport, Jun. 2025, doi: 10.21227/s9yg-fv18 
 
20.  S. Kumar, “Multimodal Generative AI Framework 
for Therapeutic Decision Support in Autism Spectrum 
Disorder,” in Proc. 2025 IEEE 16th Annual Ubiquitous 
Computing, Electronics & Mobile Communication 
Conference (UEMCON), pp. 309–315, Oct. 2025, 
DOI: 10.1109/UEMCON67449.2025.11267611. 
 
21. S. Kumar, “Radiomics-Driven AI for Adipose 
Tissue Characterization: Towards Explainable 
Biomarkers of Cardiometabolic Risk in Abdominal 
MRI,” in Proc. 2025 IEEE 16th Annual Ubiquitous 
Computing, Electronics & Mobile Communication 
Conference (UEMCON), pp. 827–833, Oct. 2025, 



The Real-World Heart Disease Predic8ons and Alerts Using IoT and Machine Learning: 
Algorithm Design and Implementa8on Strategies 

IJDDT, Volume 16 Issue 24s, 2026 Page 898 

 

DOI: 10.1109/UEMCON67449.2025.11267685. 
 
22..S. Kumar, “Generative Artificial Intelligence for 
Liver Disease Diagnosis from Clinical and Imaging 
Data,” in Proc. 2025 IEEE 16th Annual Ubiquitous 
Computing, Electronics & Mobile Communication 
Conference (UEMCON), pp. 581–587, Oct. 2025, 
DOI: 10.1109/UEMCON67449.2025.11267677. 
 
23. S. Kumar, “Generative AI-Driven Classification of 
Alzheimer’s Disease Using Hybrid Transformer 
Architectures,” 2025 IEEE International Symposium 
on Technology and Society (ISTAS), pp. 1–6, Sep. 
2025, doi: 10.1109/istas65609.2025.11269635. 

 
24. S. Kumar, “GenAI Integration in Clinical Decision 
Support Systems: Towards Responsible and Scalable 
AI in Healthcare,” 2025 IEEE International 
Symposium on Technology and Society (ISTAS), pp. 
1–7, Sep. 2025, doi: 
10.1109/istas65609.2025.11269649. 
 
25.  S. Kumar, “EdgeCareRT: A Real-Time Federated 
Generative AI Framework for Clinical Decision 
Support in Mobile and Remote Healthcare Settings,” 
2025 IEEE 16th Annual Information Technology, 
Electronics and Mobile Communication Conference 
(IEMCON), pp. 0678–0683, Oct. 2025, doi: 
10.1109/iemcon67450.2025.11381238. 
 
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 
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 



The Real-World Heart Disease Predic8ons and Alerts Using IoT and Machine Learning: 
Algorithm Design and Implementa8on Strategies 

IJDDT, Volume 16 Issue 24s, 2026 Page 899 

 

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. 
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), 



The Real-World Heart Disease Predic8ons and Alerts Using IoT and Machine Learning: 
Algorithm Design and Implementa8on Strategies 

IJDDT, Volume 16 Issue 24s, 2026 Page 900 

 

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. Saxena, P., and Saxena, V. (2022). “Comparative 
Study of White Gaussian Noise Reduction for Different 
Signals Using Wavelet”. International Journal of 
Research -GRANTHAALAYAH, 10(7), 112–123. 
https://doi.org/10.29121/granthaalayah.v10.i7.2022.47
11 
60. Saxena Parul, Umang Saini, and Vinay Saxena. 
"Design and implementation of sound signal 
reconstruction algorithm for blue hearing system using 
wavelet." Automation and Computation. CRC Press, 
2023. 405-411. 
61. K. Himabindu, V. Saxena, S. P, K. K, E. Sathish and 
D. Suganthi, "IoT–Fuzzy Logic Hybrid Framework for 
Crop Monitoring and Yield Prediction in Smart 
Agriculture," 2025 2nd International Conference on 
Intelligent Algorithms for Computational Intelligence 
Systems (IACIS), Hassan, India, 2025, pp. 1-6,  doi: 
10.1109/IACIS65746.2025.11211067. 
62. Saxena Vinay. (2012) “Fourier Descriptors under 
Rotation, Scaling, Translation and Various Distortion 
for Hand Drawn Planar Curves”. Journal of 
Experimental Sciences, vol. 3, no. 1, 05-07. 
https://updatepublishing.com/journal/index.php/jes/art
icle/view/1905. 
63. Saxena Vinay, and Kapoor V.V., (2011), “Behavior 
of Normalized Moments under Distortion and 
Optimization, Recent Research in Science and 
Technology”, 3(7),73-76.  
https://updatepublishing.com/journal/index.php/rrst/ar
ticle/view/743 
64. Vinay Saxena, (2014), “International Journal of 
Emerging Technologies in Computational and Applied 
Sciences”, 9(2), 170-175.          
https://iasir.net/files/ijetcaspapers/ijetcas14-567.pdf 



The Real-World Heart Disease Predic8ons and Alerts Using IoT and Machine Learning: 
Algorithm Design and Implementa8on Strategies 

IJDDT, Volume 16 Issue 24s, 2026 Page 901 

 

65. Saxena, P., Saxena, V., Basvant, M. S. Lohumi, 
Y.Saraswat, M. Sankhyan, A. Deepak, A. and 
Shrivastava, A.. (2024) “Fuzzy-Based Medical Image 
Processing and Analysis”, International Journal of 
Intelligent Systems and Applications in Engineering, 
12(16s), pp. 320–327. 
66. Saxena, V.,Singh, M., Saxena, P., Singh, M., 
Srivastava, A. P., Kumar, N., Deepak, A.& Shrivastava, 
A.. (2024). “Utilizing Support Vector Machines for 
Early Detection of Crop Diseases in Precision 
Agriculture a Data Mining Perspective”. International 
Journal of Intelligent Systems and Applications in 
Engineering, 12(16s), 281–288. 
67. P. Bagane, S. G. Joseph, A. Singh, A. Shrivastava, 
B. Prabha and A. Shrivastava, "Classification of 
Malware using Deep Learning Techniques," 2021 9th 
International Conference on Cyber and IT Service 
Management (CITSM), Bengkulu, Indonesia, 2021, 
pp. 1-7, doi: 10.1109/CITSM52892.2021.9588795. 
68. A. R. Yeruva, P. Choudhari, A. Shrivastava, D. 
Verma, S. Shaw and A. Rana, "Covid-19 Disease 
Detection using Chest X-Ray Images by Means of 
CNN," 2022 2nd International Conference on 
Technological Advancements in Computational 
Sciences (ICTACS), Tashkent, Uzbekistan, 2022, pp. 
625-631, doi: 10.1109/ICTACS56270.2022.9988148. 
69. K. Kumar, A. Kaur, K. R. Ramkumar, A. 
Shrivastava, V. Moyal and Y. Kumar, "A Design of 
Power-Efficient AES Algorithm on Artix-7 FPGA for 
Green Communication," 2021 International 
Conference on Technological Advancements and 
Innovations (ICTAI), Tashkent, Uzbekistan, 2021, pp. 
561-564, doi: 10.1109/ICTAI53825.2021.9673435. 
70. V. H. Patil, A. Shrivastava, D. Verma, A. L. N. Rao, 
P. Chaturvedi and S. V. Akram, "Smart Agricultural 
System Based on Machine Learning and IoT 
Algorithm," 2022 2nd International Conference on 

Technological Advancements in Computational 
Sciences (ICTACS), Tashkent, Uzbekistan, 2022, pp. 
740-746, doi: 10.1109/ICTACS56270.2022.9988530. 
71. S. Chakaborty, Y. D. Borole, A. S. Nanoty, A. 
Shrivastava, S. K. Jain and M. L. Rinawa, "Smart 
Remote Solar Panel Cleaning Robot with Wireless 
Communication," 2021 9th International Conference 
on Cyber and IT Service Management (CITSM), 
Bengkulu, Indonesia, 2021, pp. 1-5, doi: 
10.1109/CITSM52892.2021.9588917. 
 
72. S. Kumar, “AI-Driven Digital Health: Pioneering 
Innovations, Overcoming Challenges, and Shaping 
Future Frontiers,” 2025 IEEE 16th Annual Information 
Technology, Electronics and Mobile Communication 
Conference (IEMCON), pp. 0665–0670, Oct. 2025, 
doi: 10.1109/iemcon67450.2025.11381123. 
 
73. S. Kumar, “A Generative AI-Powered Digital Twin 
for Adaptive NASH Care,” Commun. ACM, Aug. 27, 
2025, doi: 10.1145/3743154 
 
74. S. Kumar, “Engineering Agentic Context for 
Trustworthy Clinical Autonomy,”  
Communications of the ACM (Blog@CACM), Jan. 
2026. [Online]. Available: 
https://cacm.acm.org/blogcacm/engineering-agentic-
context-for-trustworthy-clinical-autonomy/ 
75. S. Kumar, “Over‑the‑Air Federated Transformer 
Learning for Dynamic 6G Network Slicing and Real-
Time Edge Intelligence,” 2025 IEEE 16th Annual 
Information Technology, Electronics and Mobile 
Communication Conference (IEMCON), pp. 0651–
0656, Oct. 2025, doi: 
10.1109/iemcon67450.2025.11381265. 
 
 

 
 
 
 


