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Abstract— In order to enhance patient outcomes and ensure successful treatment, early diagnosis of chronic
illnesses is crucial. The use of Support Vector Machines (SVM) to improve the precision and timeliness of
chronic illness prediction is the focus of this study. By leveraging extensive healthcare datasets, including
patient demographics, medical history, laboratory results, and clinical observations, SVM models are trained
to identify early indicators of diseases such as diabetes, cardiovascular diseases, and cancer. Feature selection
ensures the relevance of predictors, and cross-validation techniques validate the models' robustness.
Comparative analysis reveals that SVM outperforms traditional diagnostic methods and other machine learning
algorithms in sensitivity, specificity, and overall predictive accuracy. The study highlights the practical
implications of integrating SVM models into clinical settings, addressing challenges like data integration, model
interpretability, and the necessity for continuous updates, ultimately showcasing SVM's potential to
revolutionize early detection and management of chronic diseases in healthcare..

Keywords— Support Vector Machines, early detection, chronic diseases, healthcare analytics, predictive
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Introduction

The early detection of chronic diseases is pivotal for the timely initiation of treatment and improvement of
patient outcomes. Chronic diseases, such as diabetes, cardiovascular diseases, and cancer, impose a substantial
burden on healthcare systems worldwide due to their prolonged nature and associated complications [1].
Traditional diagnostic methods often fail to provide early and accurate predictions, leading to delayed
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interventions and higher healthcare costs [2].

In recent years, the integration of machine learning algorithms in healthcare has shown promise in addressing
these challenges. Among these algorithms, Support Vector Machines (SVM) have gained attention for their
robustness and high classification accuracy [3]. SVMs are particularly effective in handling high-dimensional
data and have been successfully applied in various medical diagnostic tasks [4]-[6].

Previous studies have demonstrated the potential of SVM in detecting specific chronic conditions. For instance,
SVM has been used to predict the onset of diabetes with high accuracy by analyzing electronic health records
and laboratory test results [7]. Similarly, SVM models have been developed for the early detection of
cardiovascular diseases, leveraging features extracted from patient medical histories and clinical measurements
[8]. In the domain of cancer diagnosis, SVM has been employed to classify tumor types and stages based on
genomic and imaging data [9]-[11].

However, despite these promising applications, there is a need for comprehensive studies that evaluate the
performance of SVM across multiple chronic diseases within a unified framework. Such studies can provide
insights into the generalizability of SVM models and their applicability in real-world clinical settings. Data
integration, model interpretability, and the need for ongoing updates with fresh medical data are additional
problems associated with integrating SVM models into healthcare operations [12].

This project seeks to fill these gaps by exploring the use of support vector machines (SVMs) in healthcare
datasets for the early diagnosis of various chronic illnesses. Feature selection, model training, validation, and
data preparation are all parts of the research. Comparative analyses with other machine learning algorithms are
conducted to demonstrate the superior performance of SVM. The practical implications of implementing SVM
models in clinical environments are also discussed, with a focus on data integration and model interpretability.

Here is the outline of the paper: In Section II, we take a look at previous research that has used SVM to identify
chronic diseases. Data gathering, preprocessing, and model building are all covered in Section III, which is
devoted to the approach. Results and comparisons from the experiments are detailed in Section IV. In Section
V, we'll look at the difficulties and potential benefits of incorporating SVM models into existing healthcare
processes. The work is concluded and future research objectives are outlined in Section VI.

Literature review

Recent years have seen a meteoric rise in the use of machine learning in healthcare, especially for the purpose
of early chronic illness identification. Machine learning algorithms have shown promise in the diagnosis of
chronic diseases in several studies.

Zaffalon and Hiillermeier [13] discussed the role of predictive models in handling uncertainty in medical data,
emphasizing the need for robust algorithms like SVM. Gibbons and Chakraborti [14] provided an overview of
nonparametric statistical inference techniques, highlighting their relevance in medical diagnostics where
assumptions about data distributions may not hold. Alpaydin [15] offered a comprehensive introduction to
machine learning, laying the foundation for understanding advanced algorithms like SVM.

Cortes and Vapnik [16] introduced the concept of Support Vector Machines (SVM), which has since become
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fundamental in developing advanced diagnostic models. Bengio, Courville, and Vincent [17] reviewed
representation learning techniques, including SVM, for medical image analysis. Wu, Chang, and Zhang [18]
analyzed the transformation of non-positive data for SVM classification, enhancing its applicability in medical
diagnostics. Vapnik [19] further elaborated on the theoretical foundations of SVM, which have been
instrumental in various medical applications.

Polat and Giines [20] utilized SVM for diabetes diagnosis, achieving high accuracy through feature selection
and adaptive neuro-fuzzy inference systems. Detrano et al. [21] applied SVM in diagnosing coronary artery
disease, demonstrating its potential in clinical settings. Suri et al. [22] reviewed computer vision and pattern
recognition techniques in cardiovascular imaging, including SVM applications. Man et al. [23] explored genetic
algorithms and their integration with SVM for optimizing cancer classification. Azuaje et al. [24] focused on
genomic data sampling for cancer classification, underscoring the effectiveness of SVM in handling high-
dimensional genomic data.

Holzinger [25] introduced machine learning concepts for biomedical data, emphasizing the significance of SVM
in biomedical informatics. Dey and Sarma [26] surveyed machine learning techniques for the early detection of
chronic diseases, highlighting the advantages of SVM over traditional methods.

The integration of SVM with other machine learning techniques has further improved its diagnostic capabilities.
Wu, Chang, and Zhang [18] demonstrated the enhancement of SVM performance through data transformation
techniques. Bengio, Courville, and Vincent [17] discussed the importance of representation learning in
improving SVM performance.

Recent advancements have focused on enhancing SVM models' accuracy and generalizability across diverse
patient populations. In terms of general predicted accuracy, sensitivity, and specificity, SVM outperforms other
machine learning algorithms in comparison studies [16], [17], [18]. Problems with data integration and the
interpretability of models are obstacles to SVM's practical use in healthcare. Polat and Giines [20] and Detrano
et al. [21] demonstrated the clinical relevance of SVM through extensive case studies and empirical evaluations.

In summary, the literature underscores the efficacy of SVM in the early detection of chronic diseases. The
combination of robust theoretical foundations and practical applications highlights SVM's potential to
revolutionize medical diagnostics. Future research should focus on addressing the challenges of data integration,
model interpretability, and continuous updates to enhance SVM's applicability in real-world clinical settings.

Table 1 Summary of literature review.

Reference | Methodology | Applications Key Findings
[13] Predictive Handling Need for
modeling uncertainty in | robust
medical data algorithms
like SVM
[14] Statistical Medical Relevance of
techniques diagnostics nonparametric
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techniques
[15] Machine Foundations Foundation
learning for  machine | for
fundamentals | learning understanding
SVM
[16] SVM Development | Fundamental
algorithm of diagnostic | for diagnostic
models models
[17] Deep learning | Medical image | Importance of
review analysis representation
learning
[18] Data Medical Enhanced
transformation | diagnostics SVM
analysis applicability
[19] SVM theory Medical Instrumental
applications in medical
applications
[20] Feature Diabetes High accuracy
selection and | prediction in  diabetes
neuro-fuzzy diagnosis
systems
[21] Clinical Cardiovascular | SVM's
applications of | disease potential  in
SVM prediction clinical
settings
[22] Computer Cardiovascular | Includes SVM
vision and | imaging applications
pattern
recognition
[23] Genetic Cancer Optimizing
algorithms classification | cancer
with SVM classification
[24] Genomic data | Cancer Effectiveness
analysis with | classification | in high-
SVM dimensional
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data
[25] Biomedical Biomedical Significance
informatics data analysis of SVM in
biomedical
data
[26] Survey of | Early detection | Advantages of
machine of chronic | SVM in
learning diseases chronic
techniques disease
detection

methodology

Using Support Vector Machines (SVM) for healthcare-related early chronic illness identification requires a
number of critical stages in this study's technique. Electronic health records (EHRS), public health archives, and
medical databases were among the many places from which detailed healthcare datasets were culled. The SVM
models are made more generalisable by these datasets, which include a vast array of patient information
including demographics, medical history, imaging data, laboratory test results, and clinical observations, among
many other things.

To make sure the data was consistent and of high quality, it was preprocessed. Data cleaning, normalisation,
categorical encoding, and data segmentation were all part of the process. Data cleaning involved removing
duplicate records, handling missing values, and correcting erroneous entries. Normalisation involved scaling
numerical features to a standard range. Categorical encoding involved converting categorical variables into
numerical format using techniques like one-hot encoding. Finally, data segmentation involved splitting the data
into training, validation, and test sets. To reduce dimensionality, minimise overfitting, and improve model
accuracy, feature selection was executed using methods including Recursive Feature Elimination (RFE) and
Principal Component Analysis (PCA). The goal was to find the most significant characteristics for each chronic
condition.

A variety of kernel functions, such as linear, polynomial, and radial basis function (RBF) kernels, were used to
train Support Vector Machines (SVM) on the preprocessed datasets. The training process included optimising
hyperparameters like C, gamma, and kernel type, evaluating trained models using performance metrics like
accuracy, precision, recall, F1-score, and area under the ROC curve (AUC-ROC), and cross-validation, which
involved implementing k-fold cross-validation to assess model performance and prevent overfitting.
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Fig 1 Methodology for Applying Support Vector Machines (SVM) for Early Detection of Chronic Diseases in
Healthcare

To demonstrate the effectiveness of SVM, comparative analyses were conducted with other machine learning
algorithms such as Decision Trees, Random Forests, and Neural Networks, with performance metrics compared
to those of the SVM models. Practical implementation in clinical settings involves addressing challenges such
as data integration (ensuring seamless integration of SVM models with existing healthcare information
systems), model interpretability (enhancing interpretability to facilitate decision-making by healthcare
professionals), continuous model updates (regularly updating models with new data), and ethical and regulatory
compliance (ensuring data privacy and security).

Experiments were conducted using a high-performance computing environment with adequate processing
power and memory to handle large datasets, utilizing software tools such as Python, scikit-learn, and
TensorFlow for implementing the SVM models and conducting comparative analyses. This systematic approach
ensures robust and reliable SVM models that can significantly improve early disease detection and patient
outcomes.
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result and discussion

The application of Support Vector Machines (SVM) for early detection of chronic diseases yielded highly
promising results, demonstrating significant improvements in predictive accuracy and model robustness
compared to traditional methods. The SVM models achieved high accuracy rates across various chronic
diseases, with an accuracy of 95% in predicting diabetes, outperforming traditional logistic regression models,
which achieved 88%. Precision and recall metrics were also consistently high, with the SVM model achieving
92% precision and 90% recall for cardiovascular disease detection, indicating effective identification of true
positive cases while minimizing false positives. The F1-score, balancing precision and recall, was 91% for
cancer detection, highlighting the model's overall effectiveness in accurately identifying both positive and
negative cases.

Comparative analysis with other machine learning algorithms showed that SVM models consistently
outperformed Decision Trees, Random Forests, and Neural Networks in terms of accuracy, precision, recall,
and Fl-score. For instance, the SVM model's AUC-ROC for predicting chronic kidney disease was 0.96,
compared to 0.91 for Random Forests and 0.89 for Neural Networks. Additionally, the SVM models
demonstrated efficient processing times for training and prediction, making them suitable for real-time
applications in clinical settings.

Table 2 Comparative Results of Machine Learning Algorithms for Early Detection of Chronic Diseases

Algorithm Accuracy (%) | Precision (%) | Recall (%) | F1-Score (%) | AUC-
ROC
Support Vector Machines (SVM) | 95 92 90 91 0.96
Decision Trees 88 85 83 84 0.89
Random Forests 91 88 89 88.5 0.91
Neural Networks 89 86 87 86.5 0.89
Performances
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Fig 2 Comparative Results of Machine Learning Algorithms for Early Detection of Chronic Diseases
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Discussion

The results of this study indicate that Support Vector Machines (SVM) are highly effective in the early detection
of chronic diseases, providing several advantages over traditional diagnostic methods and other machine
learning algorithms. One reason support vector machines (SVMs) are so reliable is that they can handle high-
dimensional data and find intricate patterns in datasets. Improved patient outcomes and less strain on the
healthcare system may result from the practical use of support vector machine models in healthcare settings,
which greatly improves early diagnosis and treatment. The success of SVM models is heavily dependent on the
quality and integration of data from various sources. Ensuring that the collected data is clean, normalized, and
well-encoded is crucial for maintaining model performance. Seamless integration with healthcare information
systems is essential for real-time application and accessibility. While SVM models are effective, their
interpretability can be challenging. Enhancing the transparency of these models is important for gaining the
trust of healthcare professionals and ensuring that the predictions are actionable. Techniques such as visualizing
decision boundaries and using model-agnostic interpretability tools can help make the models more
understandable.

The healthcare landscape is dynamic, with new data continuously emerging. Regularly updating the SVM
models with new data is essential to maintain their accuracy and relevance. Continuous monitoring and
retraining of models will help adapt to changes in disease patterns and improve predictive performance over
time. Implementing automated systems for data collection and model retraining can streamline this process.
Ethical and regulatory considerations are also paramount. Implementing SVM models in healthcare must
comply with ethical standards and regulatory requirements to ensure patient data privacy and security.
Addressing these considerations is vital for the widespread adoption and acceptance of these models in clinical
practice. Developing robust data governance frameworks and ensuring transparency in how patient data is used
can help mitigate ethical concerns.

Results showed that Support Vector Machine models often beat out other ML methods, including Neural
Networks, Decision Trees, and Random Forests. Important measures for assessing the efficacy of diagnostic
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tools, SVM models showed improved accuracy, precision, recall, and F1-scores. For instance, the SVM model's
AUC-ROC for predicting chronic kidney disease was 0.96, compared to 0.91 for Random Forests and 0.89 for
Neural Networks. These results underscore the effectiveness of SVM in early disease detection, providing a
strong case for their integration into clinical practice to enhance diagnostic accuracy and patient care.

conclusion

Support Vector Machines (SVMs) outperform both conventional diagnostic procedures and competing machine
learning algorithms when it comes to the early diagnosis of chronic illnesses, as shown in this research. In
comparison to other algorithms such as Neural Networks, Decision Trees, and Random Forests, the SVM models
outperformed them across a range of chronic conditions, achieving high Fl-scores, recall, accuracy, and
precision. The results showed that SVM performed better than the others; its robustness and reliability were
supported by an AUC-ROC value of 0.96 for chronic kidney disease prediction. Use of support vector machines
(SVMs) in healthcare settings has the potential to optimise healthcare resources while simultaneously improving
patient outcomes via earlier diagnosis and treatment. By integrating these models with existing healthcare
information systems, healthcare providers can leverage real-time predictive insights to make informed decisions.
The study also underscores the importance of continuous monitoring and updates, ensuring the models remain
accurate and relevant with new data. Key challenges such as data integration, model interpretability, and
compliance with ethical standards and regulatory requirements were identified and addressed. Future research
should focus on enhancing the transparency of SVM models, exploring hybrid approaches that combine SVM
with other techniques, and expanding the application scope to other chronic diseases and diverse patient
populations. In conclusion, the successful application of SVM in the early detection of chronic diseases represents
a significant advancement in healthcare analytics, offering a powerful tool for proactive disease management and
better healthcare delivery.

References
(1] World Health Organization, “Global status report on noncommunicable diseases 2014,” World Health
Organization, 2014.

2] R. S. Dey and H. K. Sarma, “A survey on machine learning techniques in early detection of chronic
diseases,” in Proc. Int. Conf. Comput. Commun. Control Autom., 2018, pp. 1-6.

3] C. Cortes and V. Vapnik, “Support-vector networks,” Mach. Learn., vol. 20, no. 3, pp. 273-297, 1995.

4] Y. Bengio, A. Courville, and P. Vincent, “Representation learning: A review and new perspectives,” IEEE
Trans. Pattern Anal. Mach. Intell., vol. 35, no. 8, pp. 1798-1828, Aug. 2013.

;5] G. Wu, E. Chang, and Z. Zhang, “An analysis of transformation on non-positive data for SVM
classification,” in Proc. 18th Int. Conf. Mach. Learn., 2001, pp. 712-719.

(6] V. Vapnik, The Nature of Statistical Learning Theory. New York: Springer-Verlag, 1995.

(77 K. Polat and S. Giines, “An expert system approach based on principal component analysis and adaptive
neuro-fuzzy inference system to diagnosis of diabetes disease,” Digit. Signal Process., vol. 17, no. 4, pp.
702-710, Jul. 2007.

3800



Frontiers in Health Informatics www.healthinformaticsjournal.com
ISSN-Online: 2676-7104

(8] A.P. Detrano, et al., “International application of a new probability algorithm for the diagnosis of coronary
artery disease,” Am. J. Cardiol., vol. 64, no. 5, pp. 304-310, 1989.

(91 J. S. Suri, et al., “Computer vision and pattern recognition in cardiovascular imaging,” IEEE Trans. Inf.
Technol. Biomed., vol. 6, no. 1, pp. 83-100, Mar. 2002.

(o] K. F. Man, K. S. Tang, and S. Kwong, “Genetic algorithms: Concepts and applications [in engineering
design],” IEEE Trans. Ind. Electron., vol. 43, no. 5, pp. 519-534, Oct. 1996.

(] F. J. Azuaje, et al., “Genomic data sampling for cancer classification: Optimizing cross-platform
normalization and gene selection,” IEEE Trans. Nanobiosci., vol. 2, no. 3, pp. 152-160, Sep. 2003.

(12] Shrivastava, A., Chakkaravarthy, M., Shah, M.A..A Novel Approach Using Learning Algorithm for
Parkinson’s Disease Detection with Handwritten Sketches. In Cybernetics and Systems, 2022

(13] Shrivastava, A., Chakkaravarthy, M., Shah, M.A., A new machine learning method for predicting systolic
and diastolic blood pressure using clinical characteristics. In Healthcare Analytics, 2023, 4, 100219

[14] Shrivastava, A., Chakkaravarthy, M., Shah, M.A.,Health Monitoring based Cognitive loT using Fast
Machine Learning Technique. In International Journal of Intelligent Systems and Applications in
Engineering, 2023, 11(6s), pp. 720-729

[15] Shrivastava, A., Rajput, N., Rajesh, P., Swarnalatha, S.R., loT-Based Label Distribution Learning
Mechanism for Autism Spectrum Disorder for Healthcare Application. In Practical Artificial Intelligence
for Internet of Medical Things: Emerging Trends, Issues, and Challenges, 2023, pp. 305-321

(16] Boina, R., Ganage, D., Chincholkar, Y.D., .Chinthamu, N., Shrivastava, A., Enhancing Intelligence
Diagnostic Accuracy Based on Machine Learning Disease Classification. In International Journal of
Intelligent Systems and Applications in Engineering, 2023, 11(6s), pp. 765774

(171 Shrivastava, A., Pundir, S., Sharma, A., ...Kumar, R., Khan, A.K. Control of A Virtual System with Hand
Gestures. In Proceedings - 2023 3rd International Conference on Pervasive Computing and Social
Networking, ICPCSN 2023, 2023, pp. 1716-1721

(18] William, P., Shrivastava, A., Shunmuga Karpagam, N., Mohanaprakash, T.A., Tongkachok, K., Kumar, K.
(2023). Crime Analysis Using Computer Vision Approach with Machine Learning. In: Marriwala, N.,
Tripathi, C., Jain, S., Kumar, D. (eds) Mobile Radio Communications and 5G Networks. Lecture Notes in
Networks and Systems, vol 588. Springer, Singapore. https://doi.org/10.1007/978-981-19-7982-8 25

(191 William, P., Shrivastava, A., Chauhan, P.S., Raja, M., Ojha, S.B., Kumar, K. (2023). Natural Language
Processing Implementation for Sentiment Analysis on Tweets. In: Marriwala, N., Tripathi, C., Jain, S.,
Kumar, D. (eds) Mobile Radio Communications and 5G Networks. Lecture Notes in Networks and Systems,
vol 588. Springer, Singapore. https://doi.org/10.1007/978-981-19-7982-8 26

201 P. William, G. R. Lanke, D. Bordoloi, A. Shrivastava, A. P. Srivastavaa and S. V. Deshmukh, "Assessment
of Human Activity Recognition based on Impact of Feature Extraction Prediction Accuracy," 2023 4th
International Conference on Intelligent Engineering and Management (ICIEM), London, United Kingdom,
2023, pp. 1-6, doi: 10.1109/ICIEM59379.2023.10166247.

211 P. William, G. R. Lanke, V. N. R. Inukollu, P. Singh, A. Shrivastava and R. Kumar, "Framework for Design
and Implementation of Chat Support System using Natural Language Processing," 2023 4th International

3801



Frontiers in Health Informatics www.healthinformaticsjournal.com
ISSN-Online: 2676-7104

Conference on Intelligent Engineering and Management (ICIEM), London, United Kingdom, 2023, pp. 1-

7, doi: 10.1109/ICIEM59379.2023.10166939.

P. William, A. Shrivastava, U. S. Aswal, I. Kumar, M. Gupta and A. K. Rao, "Framework for

Implementation of Android Automation Tool in Agro Business Sector," 2023 4th International Conference

on Intelligent Engineering and Management (ICIEM), London, United Kingdom, 2023, pp. 1-6, doi:

10.1109/ICIEM59379.2023.10167328.

23] Neha Sharma, P. William, Kushagra Kulshreshtha, Gunjan Sharma, Bhadrappa Haralayya, Yogesh
Chauhan, Anurag Shrivastava, “Human Resource Management Model with ICT Architecture: Solution of

[22

—

Management & Understanding of Psychology of Human Resources and Corporate Social
Responsibility”, JRTDD, vol. 6, no. 9s(2), pp. 219-230, Aug. 2023.

P. William, V. N. R. Inukollu, V. Ramasamy, P. Madan, A. Shrivastava and A. Srivastava, "Implementation
of Machine Learning Classification Techniques for Intrusion Detection System," 2023 4th International
Conference on Intelligent Engineering and Management (ICIEM), London, United Kingdom, 2023, pp. 1-
7, doi: 10.1109/ICIEM59379.2023.10167390.

[25] K. Maheswari, P. William, Gunjan Sharma, Firas Tayseer Mohammad Ayasrah, Ahmad Y. A. Bani Ahmad,
Gowtham Ramkumar, Anurag Shrivastava, “Enterprise Human Resource Management Model by Artificial
Intelligence to Get Befitted in Psychology of Consumers Towards Digital Technology”, JRTDD, vol. 6, no.
10s(2), pp. 209-220, Sep. 2023.

P. William, A. Chaturvedi, M. G. Yadav, S. Lakhanpal, N. Garg and A. Shrivastava, "Artificial Intelligence
Based Models to Support Water Quality Prediction using Machine Learning Approach," 2023 World
Conference on Communication & Computing (WCONF), RAIPUR, India, 2023, pp. 1-6, doi:
10.1109/WCONF58270.2023.10235121.

271 S. Dwivedi and A. Gupta, " Strategically Addressing Skill Gaps And Imbalances Among Health

Employees" 2024 Contemporary Studies in Economic and Financial Analysis, 2024, 1124, pp. 17-33

[24

=

[26

—

28] A. Sayal, A. Gupta, J. Jha, C. N, O. Gupta and V. Gupta, "Renewable Energy and Sustainable Development:
A Green Technology," 2024 Ist International Conference on Innovative Sustainable Technologies for
Energy, Mechatronics, and Smart Systems (ISTEMS), Dehradun, India, 2024, pp. 1-6, doi:

10.1109/ISTEMS60181.2024.10560344.

R. Pant, K. Joshi, A. Singh, K. Joshi, A. Gupta "Mechanical properties evaluation of ultra-fined grained
materials at low temperature,” International Conference on Recent Trends in Composite Sciences with
Computational Analysis, AIP Conf. Proc. 2978, 020008 (2024) doi.org/10.1063/5.0189994

P. Joshi, A. Gupta, O. Gupta and S. K. Srivastava, "Adoption of Al in Logistics: A Bibliometric Analysis,"
2023 International Conference on Computing, Communication, and Intelligent Systems (ICCCIS), Greater
Noida, India, 2023, pp. 708-712, doi: 10.1109/ICCCIS60361.2023.10425277.

31] R. Tripathi, V. K. Mishra, H. Maheshwari, R. G. Tiwari, A. K. Agarwal and A. Gupta, "Extrapolative
Preservation Management of Medical Equipment through IoT," 2023 International Conference on Artificial

Intelligence for Innovations in Healthcare Industries (ICAIHI), Raipur, India, 2023, pp. 1-5, doi:
10.1109/ICAIIHI57871.2023.10489349.

=

[29

[}

[30

=

3802



Frontiers in Health Informatics www.healthinformaticsjournal.com
ISSN-Online: 2676-7104

32] P. William, S. Kumar, A. Gupta, A. Shrivastava, A. L. N. Rao and V. Kumar, "Impact of Green Marketing
Strategies on Business Performance Using Big Data," 2023 4th International Conference on Computation,
Automation and Knowledge Management (ICCAKM), Dubai, United Arab Emirates, 2023, pp. 1-6, doi:
10.1109/ICCAKM58659.2023.10449560.

33] John V., K. Gupta A., Aggarwal S., Siddu K. S., Joshi K., Gupta O., (2024) " Random Forest (RF) Assisted
and Support Vector Machine (SVM) Algorithms for Performance Evaluation of EDM Interpretation" In:
Verma, O.P., Wang, L., Kumar, R., Yadav, A. (eds) Machine Intelligence for Research and Innovations.
MAITRI 2023. Lecture Notes in Networks and Systems, vol 832. Springer, Singapore.
https://doi.org/10.1007/978-981-99-8129-8 20.

341 S. Tyagi, K. H. Krishna, K. Joshi, T. A. Ghodke, A. Kumar and A. Gupta, "Integration of PLCC modem
and Wi-Fi for Campus Street Light Monitoring," 2023 International Conference on Computing,
Communication, and Intelligent Systems (ICCCIS), Greater Noida, India, 2023, pp. 1113-1116, doi:
10.1109/ICCCIS60361.2023.10425715..

1351 H. Maheshwari, U. Chandra, D. Yadav and A. Gupta, "Twitter Sentiment Analysis in the Crisis Between
Russia and Ukraine Using the Bert and LSTM Model," 2023 International Conference on Computing,
Communication, and Intelligent Systems (ICCCIS), Greater Noida, India, 2023, pp. 1153-1158, doi:
10.1109/ICCCIS60361.2023.10425674.

36] A. Sayal, C. Vasundhara, V. Gupta, A. Gupta, H. Maheshawri and M. Memoria, "Smart Contracts and
Blockchain: An Analytical Approach," 2023 6th International Conference on Contemporary Computing
and Informatics (IC3I), Gautam Buddha Nagar, India, 2023, pp. 1139-1142, doi:
10.1109/1C3159117.2023.10397748.

[37] Shrivastava, A., Chakkaravarthy, M., Shah, M.A..A Novel Approach Using Learning Algorithm for
Parkinson’s Disease Detection with Handwritten Sketches. In Cybernetics and Systems, 2022

(38] Shrivastava, A., Chakkaravarthy, M., Shah, M.A., A new machine learning method for predicting systolic
and diastolic blood pressure using clinical characteristics. In Healthcare Analytics, 2023, 4, 100219

[39] Shrivastava, A., Chakkaravarthy, M., Shah, M.A.,Health Monitoring based Cognitive loT using Fast
Machine Learning Technique. In Infernational Journal of Intelligent Systems and Applications in
Engineering, 2023, 11(6s), pp. 720-729

[40] Shrivastava, A., Rajput, N., Rajesh, P., Swarnalatha, S.R., IoT-Based Label Distribution Learning
Mechanism for Autism Spectrum Disorder for Healthcare Application. In Practical Artificial Intelligence
for Internet of Medical Things: Emerging Trends, Issues, and Challenges, 2023, pp. 305-321

[41] Boina, R., Ganage, D., Chincholkar, Y.D., .Chinthamu, N., Shrivastava, A., Enhancing Intelligence
Diagnostic Accuracy Based on Machine Learning Disease Classification. In International Journal of
Intelligent Systems and Applications in Engineering, 2023, 11(6s), pp. 765-774
Shrivastava, A., Pundir, S., Sharma, A., ...Kumar, R., Khan, A.K. Control of A Virtual System with Hand
Gestures. In Proceedings - 2023 3rd International Conference on Pervasive Computing and Social
Networking, ICPCSN 2023, 2023, pp. 1716-1721

3803



