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Abstract:  

     Health care technologies and analytics are at the forefront of a transformative era in 

modern healthcare. By integrating advanced technologies such as artificial intelligence 

(AI), machine learning, wearable devices, and big data analytics, these innovations are 

revolutionizing how healthcare services are delivered, monitored, and optimized. This 

paradigm shift enables personalized treatment plans, predictive diagnostics, and 

efficient resource allocation, improving patient outcomes and reducing healthcare costs. 

Data-driven insights gleaned from patient records, imaging, and real-time monitoring 

devices allow healthcare providers to make informed decisions, enhance preventive 

care, and streamline operations. This paper explores the role of emerging technologies 

and analytics in reshaping healthcare systems, emphasizing their impact on patient care, 

clinical workflows, and overall healthcare efficiency. By addressing challenges such as 

data privacy, interoperability, and ethical considerations, this research highlights the 

need for strategic integration and regulation to maximize the benefits of these 

innovations. The findings underscore how a data-centric approach, coupled with 

technological advancements, is pivotal in creating a sustainable and accessible 

healthcare ecosystem for the future 

Keywords: Healthcare technologies, data analytics, artificial intelligence, machine 

learning, personalized medicine, predictive models, big data. 

1. Introduction:  

Early identification of disease lowers death rates and greatly enhances treatment results. One 

of the main risk factors for different kinds of cancer is age, and knowing how it affects the 

chance of receiving a cancer diagnosis can aid in preventative healthcare. With Modern 

Healthcare tools. Medical practitioners will be able to identify patients who are more likely to 

receive a diagnosis depending on their age.  Electronic Health Records (EHRs) are digital 

versions of patients' paper charts and a foundational component of modern healthcare 

technology. EHRs centralize patient information by providing a single, comprehensive digital 

repository that stores all relevant patient data, such as: 
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• Medical History: Past diagnoses, treatments, surgeries, and allergies. 

• Lab Results: Blood tests, imaging results, and other diagnostic findings. 

• Medication Records: List of current and past prescriptions, dosages, and any known 

drug interactions. 

• Treatment Plans and Progress Notes: Updates from healthcare providers on 

treatments, follow-up appointments, and progress. 

• Billing and Insurance Information: Simplifies administrative tasks and improves 

transparency for patients. 

EHRs can be accessed and updated in real-time by authorized healthcare providers across 

various departments streamlining communication and reducing redundant tests or treatments. 

For example suppose a patient is admitted to an emergency room. The attending physician can 

instantly access the patient's HER in that case. Quickly reviewing their history and medications 

to make informed decisions, potentially life-saving in urgent cases. 

 
Figure 1: Overview of Health Care Technologies   

Telemedicine: Telemedicine uses digital communication tools like video calls, phone calls and 

messaging to provide remote medical care. which has significantly improved healthcare 

accessibility. Its value became especially evident during the COVID-19 pandemic when in-

person visits posed a risk of virus transmission. 

Here are key ways telemedicine has made healthcare more accessible: 

• Increased Access to Care: Telemedicine allows patients especially those in rural or 

underserved areas to consult with healthcare providers without needing to travel long 

distances. This has been crucial for those with limited transportation options or who 

live in areas with fewer healthcare facilities. 

• Safety During the Pandemic: Telemedicine minimized the risk of virus exposure by 

allowing patients to receive care without visiting a healthcare facility. It provided a way 

for those with mild COVID-19 symptoms or other illnesses to receive treatment advice 

remotely to protect both patients and healthcare workers from potential exposure. 

• Support for Chronic Disease Management: For patients with chronic conditions like 

diabetes, heart disease, and mental health disorders, telemedicine enabled continuous 

care even when regular office visits were restricted. Patients could monitor their 

conditions and consult with healthcare providers on adjustments to treatment plans 

ensuring better disease management from home. 
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• Expanded Mental Health Services: The pandemic led to increased mental health 

needs, and telemedicine allowed many to access mental health services without stigma. 

Therapy, counseling, and support groups could be attended remotely. Encourage more 

people to seek help during a time of widespread stress and anxiety. 

• Reduced Overload on Healthcare Facilities: By treating non-urgent cases remotely, 

telemedicine helped prevent healthcare facilities from becoming overwhelmed. This 

ensured that hospitals and clinics had more resources available to treat critically ill 

patients during surges in COVID-19 cases. 

Medical Wearables and IoT: Wearable devices like Fitbits, heart monitors, and Internet of 

Things (IoT) applications have become essential tools in modern healthcare. Enable continuous 

health monitoring and proactive care. These devices track various health metrics, offering both 

patients and healthcare providers valuable real-time data that can support timely interventions 

and personalized treatment plans. 

• Fitness Trackers: Fitness trackers are worn on the wrist and monitor physical activity 

levels. Such as heart rate, sleep patterns, and other health indicators. These devices help 

individuals track their fitness goals and helps stay active, and maintain better health 

awareness. By monitoring data such as steps taken, calories burned, and hours of sleep, 

users can make lifestyle adjustments to improve their physical and mental well-being. 

• Heart Monitors: Heart monitors with the help of ECG devices. Track heart rhythm and 

detect irregularities, such as arrhythmias. Many wearable devices now have built-in 

ECG sensors. Portable heart monitors also allow patients to monitor their heart health 

outside a clinical setting. Continuous heart monitoring allows for early detection of 

irregular heart activity. This technology enables doctors to make data-informed 

decisions about a patient’s cardiac health without requiring frequent in-person visits. 

2. Literature Review: 

Recent advancements in healthcare technologies have seen extensive applications of 

machine learning (ML) and hybrid models to enhance diagnostic accuracy, cost prediction, 

accessibility, and data security. Devarajan et al. (2021) employed ML to improve diagnostic 

outcomes for Parkinson’s disease (PD), yielding a 13.4% increase in accuracy by using a 

novel ensemble model that leverages nonclinical patient data. In healthcare cost prediction, 

Zou et al. (2023) developed a Conditional Gaussian Bayesian Network (CGBN) model to 

effectively forecast costs, outperforming standard algorithms with fewer data inputs. For 

COVID-19 detection, Qaid et al. (2021) used hybrid deep learning models, achieving high 

accuracy in distinguishing COVID-19 from other viral pneumonia, thereby addressing 

pandemic-related diagnostic challenges. Abdelaziz et al. (2018) focused on optimizing 

healthcare services through cloud computing and introduced Parallel Particle Swarm 

Optimization (PPSO) to streamline virtual machine selection, enhancing real-time data 

processing by 50%. Khosravi Kazazi et al. (2022) tackled spatial accessibility issues in 

urban healthcare services, using clustering algorithms to map disparities and inform urban 

health policy. In spine surgery, Saravi et al. (2022) explored multi-input hybrid models 

combining convolutional neural networks (CNN) with other data types, enabling 

personalized decision-making. For heart disease prediction, Mohan et al. (2019) and Kavitha 

et al. (2021) implemented hybrid models using random forests and decision trees, achieving 

high prediction accuracy (88.7%) and proving effective in clinical support. Finally, Saif et 

al. (2022) designed a Hybrid Intelligent Intrusion Detection System (HIIDS) for IoT 

healthcare applications, leveraging ML and metaheuristics to secure patient data with high 

classification accuracy. Together, these studies underscore the transformative role of hybrid 

ML applications in improving healthcare efficiency, predictive accuracy, and security, while 
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also identifying key limitations related to data scope, generalizability, and infrastructure 

requirements. 
Reference Objective Methodology Advantage Limitation 

[11] Devarajan 

et al. (2021) 

Use machine 

learning to 

improve 

diagnostic 

accuracy for 

Parkinson’s 

disease 

Developed a novel 

ensemble machine 

learning model using 

nonclinical patient 

data, focused on 

early PD diagnosis 

Improved diagnostic 

accuracy by 13.4% 

compared to 

traditional models; 

aids in early 

intervention 

Limited to Parkinson's 

disease diagnosis and 

nonclinical data; 

requires further 

validation in clinical 

settings 

[12] Zou et al. 

(2023) 

Predict healthcare 

costs using hybrid 

machine learning 

algorithms 

Used Conditional 

Gaussian Bayesian 

Network (CGBN) 

with regression for 

variable selection 

and prediction 

accuracy 

improvement 

Achieved high 

prediction accuracy 

with reduced data, 

outperforming single 

ML algorithms 

Focused on healthcare 

cost prediction; may 

not generalize across 

all types of healthcare 

data 

[13] Qaid et al. 

(2021) 

Develop an 

accurate model 

for early COVID-

19 detection 

Employed hybrid 

deep-learning 

models (CNN and 

transfer learning) for 

COVID-19 and viral 

pneumonia 

differentiation 

High accuracy in 

COVID-19 

detection; promising 

for reducing 

diagnostic workload 

Limited dataset scope; 

potential bias due to 

use of specific data 

sources 

[14] Abdelaziz 

et al. (2018) 

Enhance 

healthcare 

services with 

optimized cloud 

computing for 

data processing 

Used Parallel 

Particle Swarm 

Optimization 

(PPSO) for 

optimized virtual 

machine selection 

Reduced execution 

time by 50%; 

improved real-time 

data processing 

efficiency 

Limited by reliance on 

cloud infrastructure; 

applicable primarily in 

high-resource settings 

[15] Khosravi 

Kazazi et al. 

(2022) 

Assess spatial 

accessibility to 

healthcare 

services for urban 

planning 

Applied 

unsupervised 

clustering to map 

healthcare service 

accessibility in urban 

areas 

Identified healthcare 

access disparities, 

guiding urban 

planning for health 

equity 

Limited by the 

exclusion of supply and 

demand rates; scope 

restricted to specific 

urban area 

[16] Saravi et 

al. (2022) 

Use AI for 

decision support 

in spine surgery 

Hybrid model 

combining CNN 

with other data 

inputs for a multi-

input approach to 

predictive modeling 

Improved multi-

modal data 

integration; 

personalized, AI-

supported decision-

making 

Focused on spine 

surgery; needs 

validation across other 

surgical or medical 

fields 

[17] Mohan et 

al. (2019) 

Improve heart 

disease prediction 

using hybrid ML 

models 

Combined random 

forest and linear 

models to predict 

cardiovascular 

disease 

Achieved 88.7% 

accuracy, improved 

over single 

algorithms 

Limited to heart 

disease; additional 

validation across other 

health conditions 

needed 

[18] Kavitha et 

al. (2021) 

Predict heart 

disease using 

hybrid ML model 

Hybrid model using 

Random Forest and 

Decision Tree for 

classification 

High accuracy 

(88.7%) in heart 

disease prediction; 

user-friendly 

interface for 

clinicians 

Limited 

generalizability; 

focused on a specific 

dataset (Cleveland 

heart disease dataset) 

[19] Saif et al. 

(2022) 

Develop a hybrid 

intrusion 

detection system 

for IoT healthcare 

Integrated ML with 

metaheuristic 

algorithms for attack 

detection on IoT 

health data 

High classification 

accuracy, effective 

feature selection for 

reduced 

computational cost 

Limited to security 

applications in IoT 

healthcare; requires 

further real-world 

testing 
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3. Benefits of Health Care Technology and Analytics 

• Improved Patient Outcomes and Reduced Mortality Rates 

Advanced healthcare technologies like Electronic Health Records (EHRs), AI-based 

diagnostic tools, and wearable health devices provide comprehensive data on patient health. 

This real-time access to data allows healthcare providers to detect issues earlier and 

implement timely interventions, leading to better health outcomes.  For instance, remote 

monitoring devices for heart conditions enable earlier intervention during arrhythmic 

events, which can be life-saving. Data-driven decisions also mean that treatment plans can 

be personalized, improving the likelihood of success and ultimately reducing mortality 

rates. 

• Enhanced Accuracy in Diagnostics and Treatment Plans 

AI and machine learning algorithms analyze vast amounts of patient data, including 

medical imaging, lab results, and genetic information, to identify patterns and 

anomalies that might be missed by human observation alone. Tools like AI-supported 

diagnostic imaging and predictive analytics assist healthcare providers in making more 

accurate diagnoses.  By reducing the rate of misdiagnoses, these technologies help 

ensure that patients receive the right treatments faster. This minimizes trial-and-error in 

treatment, which can be costly and harmful, and improves the precision of treatment 

plans tailored to individual needs, often yielding better and faster recoveries [20][21]. 

• Streamlined Operations Leading to Cost Reduction 

Healthcare analytics streamline operations by identifying inefficiencies and optimizing 

resource allocation. For example, predictive analytics can forecast patient admissions 

and help hospitals better manage staffing and inventory needs. EHRs and automated 

billing systems also reduce administrative burdens, allowing healthcare staff to focus 

more on patient care. These operational efficiencies lead to significant cost reductions, 

reducing unnecessary hospital stays and resource wastage. For patients, this translates 

to more affordable care, as hospitals are better able to control costs. For healthcare 

providers, optimized processes improve workflow, reduce burnout, and allow for a 

more focused approach to patient care [22][23]. 

• Increased Accessibility of Healthcare Services, Especially in Rural Areas 

Telemedicine and mobile health applications enable patients to consult with healthcare 

providers without traveling to medical facilities. Wearable devices and IoT technology 

allow for remote monitoring, so healthcare teams can track patients’ health and 

intervene as needed, even from afar.  This increased accessibility is particularly 

beneficial for patients in rural or underserved areas, where healthcare facilities are often 

scarce. Telemedicine also allows patients with limited mobility or busy schedules to 

receive consistent care, reducing disparities in healthcare access and ensuring that more 

people can receive timely, quality care. 

4. Challenges and Ethical Considerations 

• Data Privacy and Security: Risks of Patient Data Breaches and HIPAA 

Compliance 

Healthcare technologies generate and store vast amounts of sensitive patient data. This 

increases the risk of data breaches, which can expose personal health information (PHI) 

and make patients vulnerable to identity theft, financial fraud, and privacy violations. 

Healthcare providers must comply with data privacy regulations, such as the Health 
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Insurance Portability and Accountability Act (HIPAA) in the U.S., which mandates 

strict protocols for handling and protecting PHI. Meeting these requirements can be 

complex and costly, and a failure to do so can lead to fines, legal repercussions, and 

reputational damage. To address these risks, healthcare organizations must invest in 

robust cybersecurity measures, including encryption, access controls, and regular 

security audits, to protect patient data from unauthorized access and cyber-attacks [24]. 

• Bias in AI Algorithms: Potential for Unintentional Biases in Predictive Models 

Affecting Certain Patient Demographics 

AI algorithms in healthcare are often trained on large datasets that may not be fully 

representative of all demographic groups. This can lead to biases in predictive models, 

resulting in inaccurate or unfair treatment recommendations for underrepresented 

populations, such as certain racial or socioeconomic groups. If an AI system is trained 

predominantly on data from one demographic, it may not perform as well for other 

groups, potentially exacerbating healthcare disparities. For example, some predictive 

models may inaccurately assess health risks for minority populations, leading to 

delayed diagnoses or inappropriate treatment plans. Addressing AI bias requires using 

diverse and inclusive datasets, ongoing model evaluation, and involving diverse 

stakeholders in the development process. Regular auditing of algorithms for biases can 

also help ensure that predictive models provide fair and accurate insights across all 

patient demographics. 

• Cost and Accessibility: High Initial Costs and Access Challenges for Smaller 

Healthcare Facilities 

Implementing advanced healthcare technologies like EHR systems, AI diagnostics, and 

wearable devices often involves high initial costs for hardware, software, and training. 

For smaller or rural healthcare facilities with limited budgets, this can be a significant 

barrier. Smaller facilities may struggle to afford and maintain these technologies, 

creating an uneven playing field in healthcare access. This can lead to disparities in 

healthcare quality between urban and rural settings or between large and small facilities. 

To improve accessibility, some governments and organizations offer grants and 

subsidies for smaller healthcare providers to implement necessary technologies. 

Additionally, cloud-based services and scalable tech solutions may provide more 

affordable alternatives to traditional, high-cost systems. 

• Training and Implementation: Requirement for Healthcare Professionals to Be 

Tech-Savvy and Educated in Analytics 

The adoption of healthcare technology requires healthcare providers to have a working 

understanding of analytics and data interpretation, as well as the ability to use specific 

software and devices. This shift places a new demand on medical training programs and 

professional development. Many healthcare professionals lack formal training in data 

analytics and may find it challenging to incorporate these tools into their clinical 

practice effectively. The learning curve can also lead to resistance or slow adoption of 

new technologies. Providing ongoing training and support is essential for successful 

implementation. Healthcare organizations can offer workshops, hands-on training, and 

certification programs to ensure that staff are comfortable and capable of using these 

technologies. Additionally, developing user-friendly interfaces and support systems can 

make it easier for clinicians to integrate technology into their workflow. 
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5.Comparative Analysis: In recent years, AI-driven approaches have gained significant 

traction in the diagnosis, prediction, and management. 
Reference Objective Methodology Dataset Result 

[11] Devarajan 

et al. (2021) 

To demonstrate how 

machine learning 

(ML) can be used 

for early diagnosis 

of Parkinson's 

disease (PD) using 

nonclinical data. 

Development of novel 

ensembles to improve 

diagnostic capability. 

Comparison of 

improved artificial 

neural network (ANN) 

versions with 

traditional ANN 

classifiers. 

Nonclinical 

patient data 

related to 

Parkinson's 

disease. 

Improved ANN 

versions yielded 

13.4% more accuracy 

than traditional 

ANN, aiding early 

detection and better 

clinical decisions for 

PD. 

[12] Zou et al. 

(2023) 

To predict 

healthcare costs 

using hybrid 

machine learning 

algorithms that 

consider isolated 

characteristic 

variables in 

healthcare data. 

Implementation of 

network structure 

learning algorithms for 

Conditional Gaussian 

Bayesian Networks 

(CGBN) to identify and 

remove isolated 

variables before 

training regression 

algorithms. 

Two public 

healthcare 

datasets. 

The hybrid model 

achieved similar or 

higher prediction 

accuracy than 

popular single ML 

algorithms, using less 

data. 

[13] Qaid et al. 

(2021) 

To develop accurate 

models for early 

COVID-19 

detection using deep 

and transfer learning 

techniques. 

Use of convolutional 

neural networks and 

transfer-learning 

models, combined with 

machine-learning 

techniques for feature 

extraction. 

COVID-19 

Radiography 

Database from 

Kaggle and a local 

dataset from Asir 

Hospital, Saudi 

Arabia. 

Hybrid models 

achieved full 

accuracy for binary 

COVID-19 

classification and 

97.8% accuracy for 

multiclass 

classification. 

[15] Khosravi 

Kazazi et al. 

(2022) 

To analyze spatial 

accessibility to 

healthcare services 

and improve health 

equity and 

sustainable 

development. 

Application of 

unsupervised 

clustering methods (K-

Means, agglomerative, 

bisecting K-Means) 

followed by supervised 

clustering (KNN). 

Census blocks 

level data of 

Isfahan. 

47% of city blocks 

have rich, 22% 

medium, and 31% 

poor spatial 

accessibility; 

suggests linear 

development pattern 

of healthcare 

services. 

[18] Kavitha et 

al. (2021) 

To predict heart 

disease using a 

hybrid machine 

learning approach 

combining multiple 

algorithms. 

Combination of 

Random Forest, 

Decision Tree, and 

hybrid models for heart 

disease prediction. 

Cleveland heart 

disease dataset. 

Hybrid model 

achieved an accuracy 

level of 88.7% in 

predicting heart 

disease. 

[19] Saif et al. 

(2022) 

To design a hybrid 

intelligent intrusion 

detection system 

(HIIDS) for IoT-

based healthcare. 

Combination of 

machine learning and 

metaheuristic 

algorithms for feature 

selection and 

classification. 

NSL-kDD dataset 

with 41 features 

and 125,973 

samples. 

GA-DT variant 

achieved highest 

accuracy of 99.88% 

across different 

classes, 

outperforming other 

variants and similar 

state-of-the-art 

works. 

 

5. Conclusion: In conclusion, healthcare technologies combined with advanced analytics and 

machine learning are reshaping patient care, diagnostics, and operational efficiency. Studies 

reviewed demonstrate that hybrid machine learning models improve diagnostic accuracy, 
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streamline healthcare costs, and bolster patient data security. However, challenges such as 

data privacy risks, biases in predictive models, high costs, and the need for specialized 

training highlight areas requiring further research and ethical consideration. The adoption 

of these technologies holds promise for accessible, accurate, and efficient healthcare, 

especially as telemedicine and IoT applications continue to bridge gaps in care delivery. 

Future developments should focus on creating inclusive, robust systems that balance 

technological advancement with ethical standards and accessibility, ensuring that healthcare 

innovations benefit diverse patient populations worldwide. 

 

References:  

[1] Gomes, M. A. S., Kovaleski, J. L., Pagani, R. N., da Silva, V. L., & Pasquini, T. C. D. S. 

(2023). Transforming healthcare with big data analytics: technologies, techniques and 

prospects. Journal of Medical Engineering & Technology, 47(1), 1-11. 

[2] Banerjee, A., Chakraborty, C., Kumar, A., & Biswas, D. (2020). Emerging trends in IoT 

and big data analytics for biomedical and health care technologies. Handbook of data science 

approaches for biomedical engineering, 121-152. 

[3] Agarwal, R., Dugas, M., Gao, G., & Kannan, P. K. (2020). Emerging technologies and 

analytics for a new era of value-centered marketing in healthcare. Journal of the Academy of 

Marketing Science, 48, 9-23. 

[4] Belle, A., Thiagarajan, R., Soroushmehr, S. R., Navidi, F., Beard, D. A., & Najarian, K. 

(2015). Big data analytics in healthcare. BioMed research international, 2015(1), 370194. 

[5] Pramanik, M. I., Lau, R. Y., Azad, M. A. K., Hossain, M. S., Chowdhury, M. K. H., & 

Karmaker, B. K. (2020). Healthcare informatics and analytics in big data. Expert Systems with 

Applications, 152, 113388. 

[6] Mehta, N., & Pandit, A. (2018). Concurrence of big data analytics and healthcare: A 

systematic review. International journal of medical informatics, 114, 57-65. 

[7] Ambigavathi, M., & Sridharan, D. (2018, December). Big data analytics in healthcare. In 

2018 tenth international conference on advanced computing (ICoAC) (pp. 269-276). IEEE. 

[8] Chen, T., Keravnou-Papailiou, E., & Antoniou, G. (2021). Medical analytics for healthcare 

intelligence–Recent advances and future directions. Artificial Intelligence in Medicine, 112, 

102009. 

[9] Harerimana, G., Jang, B., Kim, J. W., & Park, H. K. (2018). Health big data analytics: A 

technology survey. Ieee Access, 6, 65661-65678. 

[10] Mall, P. K., Srivastava, S., PATEL, M. M., Kumar, A., Narayan, V., Kumar, S., ... & Singh, 

D. S. (2024). Optimizing Heart Attack Prediction Through OHE2LM: A Hybrid Modelling 

Strategy. Journal of Electrical Systems, 20(1). 

[11] Devarajan, J. P., Sreedharan, V. R., & Narayanamurthy, G. (2021). Decision making in 

health care diagnosis: Evidence from Parkinson's disease via hybrid machine learning. IEEE 

Transactions on Engineering Management, 70(8), 2719-2731. 

[12] Zou, S., Chu, C., Shen, N., & Ren, J. (2023). Healthcare Cost Prediction Based on Hybrid 

Machine Learning Algorithms. Mathematics, 11(23), 4778. 

[13] Qaid, T. S., Mazaar, H., Al-Shamri, M. Y. H., Alqahtani, M. S., Raweh, A. A., & Alakwaa, 

W. (2021). Hybrid Deep‐Learning and Machine‐Learning Models for Predicting COVID‐19. 

Computational Intelligence and Neuroscience, 2021(1), 9996737. 

[14] Abdelaziz, A., Elhoseny, M., Salama, A. S., & Riad, A. M. (2018). A machine learning 

model for improving healthcare services on cloud computing environment. Measurement, 119, 

117-128. 

[15] Khosravi Kazazi, A., Amiri, F., Rahmani, Y., Samouei, R., & Rabiei-Dastjerdi, H. (2022). 

A new hybrid model for mapping spatial accessibility to healthcare services using machine 

learning methods. Sustainability, 14(21), 14106. 



Health Care Technologies and Analytics   Vipul Narayan 2296 

 

Nanotechnology Perceptions Vol 20 No. S13 (2024) 2288–2296                                          

 

[16] Saravi, B., Hassel, F., Ülkümen, S., Zink, A., Shavlokhova, V., Couillard-Despres, S., ... 

& Lang, G. M. (2022). Artificial intelligence-driven prediction modeling and decision making 

in spine surgery using hybrid machine learning models. Journal of Personalized Medicine, 

12(4), 509. 

[17] Mohan, S., Thirumalai, C., & Srivastava, G. (2019). Effective heart disease prediction 

using hybrid machine learning techniques. IEEE access, 7, 81542-81554. 

[18] Kavitha, M., Gnaneswar, G., Dinesh, R., Sai, Y. R., & Suraj, R. S. (2021, January). Heart 

disease prediction using hybrid machine learning model. In 2021 6th international conference 

on inventive computation technologies (ICICT) (pp. 1329-1333). IEEE. 

[19] Saif, S., Das, P., Biswas, S., Khari, M., & Shanmuganathan, V. (2022). HIIDS: Hybrid 

intelligent intrusion detection system empowered with machine learning and metaheuristic 

algorithms for application in IoT based healthcare. Microprocessors and Microsystems, 

104622. 

[20] Shah, J., Ganatra, A., Narayan, V., & Srivastava, S. (2024). Integrating Word Libraries in 

Healthcare Recommender systems: Exploring the synergy of knowledge graphs and 

ontologies. Library Progress International, 44(2), 807-822. 

[21] Narayan, V., Srivastava, S., Mall, P. K., Kumar, V., & Awasthi, S. (2024). A theoretical 

analysis of simple retrieval engine. In Computational Intelligence in the Industry 4.0 (pp. 240-

248). CRC Press. 

[22] Narayan, V., Srivastava, S., Faiz, M., Kumar, V., & Awasthi, S. (2024). A comparison 

between nonlinear mapping and high-resolution image. In Computational Intelligence in the 

Industry 4.0 (pp. 153-160). CRC Press. 

[23] Sawhney, Rahul, et al. "Ear Biometry: Protection Safeguarding Ear Acknowledgment 

Framework utilizing Transfer Learning in Industry 4.0." Journal of Electrical Systems 20.3s 

(2024): 1397-1412. 

[24] Sawhney, R., Sharma, S., Narayan, V., & Srivastava, S. (2024). An Efficient Scientific 

Programming Technique for MRI Classification using Deep Residual Networks. Journal of 

Electrical Systems, 20(2s), 241-255. 

 

 


