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Abstract: Student performance prediction is a vital aspect of modern education systems, offering insights that enable educators to identify
students at risk of underperforming and implement targeted interventions. This study proposes a comprehensive data-driven approach for
predicting student performance in online exams using multiple machine learning algorithms, including Decision Tree Classifiers, Gradient
Boosting, K-Nearest Neighbors (KNN), Logistic Regression, Naive Bayes, Random Forest, and Support Vector Machines (SVM). The
model's predictive capability is assessed using evaluation metrics such as Mean Absolute Error (MAE), Mean Squared Error (MSE), Root
Mean Squared Error (RMSE), and R2 Score. Comparative analysis reveals that Gradient Boosting and Random Forest outperform other
models in terms of accuracy and robustness, achieving lower error rates and higher R2 scores. Feature importance analysis further identifies
key academic and behavioral factors that influence student outcomes, including study time, attendance, previous performance, and
participation in interactive activities. The results highlight the effectiveness of machine learning algorithms in uncovering hidden patterns
within student data, facilitating personalized learning experiences and proactive academic support. Additionally, the study provides
actionable insights for educational institutions, empowering data-driven decision-making to enhance student learning outcomes. Future
work will involve expanding the dataset with additional socio-economic and psychological factors, applying deep learning models, and
developing real-time predictive systems for continuous academic monitoring. This research underscores the transformative potential of
machine learning in the education sector, promoting academic success and institutional effectiveness.

Keywords: MOOCs, Student Performance Prediction, Machine Learning, Learning Analytics, Educational Data Mining, Predictive
Modeling, Behavioral Analysis.
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I.LINTRODUCTION:

The rapid growth of online education platforms has significantly
transformed the academic landscape, offering students flexibility
and accessibility to learning resources. However, the shift to
digital learning has introduced challenges in monitoring and
evaluating student performance compared to traditional
classroom settings. Predictive analysis using machine learning
algorithms has emerged as a promising solution to address this
challenge by leveraging historical and real-time data to forecast
academic success [1].Machine learning algorithms are
particularly effective in identifying patterns and relationships
within large datasets, providing actionable insights for educators.
Various algorithms, including Decision Tree Classifiers,
Gradient Boosting, K-Nearest Neighbors (KNN), Logistic
Regression, Naive Bayes, Random Forest, and Support Vector
Machines (SVM), have demonstrated their effectiveness in
predicting student performance [2], [3]. These models consider
multiple factors such as student participation, attendance,
assignment submissions, and academic history to generate
accurate predictions [4].

The primary objective of this study is to apply and compare the
performance of these machine learning algorithms in predicting
student outcomes in online exams. By analyzing the strengths
and weaknesses of each model, this research aims to identify the
most effective approach for educational institutions. The
findings will provide valuable insights into key factors
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influencing student performance, helping institutions design
targeted interventions and personalized learning experiences
[5].Predictive models are increasingly used to enhance academic
decision-making by providing early warnings for struggling
students. Educators can offer timely support, recommend
personalized learning paths, and optimize resource allocation
[6]. Additionally, predictive analysis facilitates data-driven
decision-making processes that contribute to improving student
retention rates, academic outcomes, and overall learning
experiences [7].

Massive Open Online Courses (MOOCs) have emerged as a
transformative force in the education sector, providing learners
worldwide with flexible and accessible learning opportunities.
These online platforms offer course materials in various formats,
including video lectures, interactive assessments, discussion
forums, and digital textbooks, allowing students to learn at their
own pace. While MOOCs have revolutionized the way education
is delivered, challenges such as high dropout rates, lack of
engagement, and varying student performance levels remain
significant concerns.MOOCs are broadly classified into two
categories: connectivist MOOCs (cMOOCs) and extended
MOOCs (xMOOCs). The former promotes peer-to-peer
interaction, where students collaboratively acquire knowledge
through discussion forums and shared resources. In contrast,
XMOOCs adopt a structured learning approach, incorporating
instructor-led video lectures, quizzes, and exams, resembling
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traditional classroom-based education. Despite their pedagogical
differences, both models face challenges in tracking student
progress and ensuring successful learning outcomes.

Artificial Intelligence (Al) and Machine Learning (ML) have
become instrumental in addressing these challenges by offering
data-driven insights into student learning behaviors. Predictive
modeling techniques allow educators to analyze vast amounts of
student data, detect learning patterns, and identify at-risk
students who may require additional support. Recent studies
have demonstrated the effectiveness of ML in forecasting student
success based on behavioral, temporal, and demographic factors.
However, existing research has primarily focused on binary
classification models (pass/fail), neglecting students who
withdraw from courses altogether.

This study aims to bridge this gap by introducing a three-class
prediction model that classifies students as “pass,” "fail," or
"withdrawn." By leveraging data from the Open University
Learning Analytics Dataset (OULAD), this research explores the
impact of various predictors, including past assessments, online
engagement, and demographic attributes, on student
performance. The findings will contribute to the development of
early intervention strategies, enabling educators to provide
targeted support and improve student retention rates in online
Ccourses.

I.RELATED WORK

Recent advancements in educational data mining (EDM) and
machine learning (ML) have enabled significant improvements
in student performance prediction. Various studies have explored
different approaches to analyzing student behavior, engagement,
and academic outcomes in online learning environments.

Hew and Cheung [1] examined students’ motivations and
challenges in MOOCs, highlighting the importance of
engagement and interaction in predicting performance.
Similarly, Shapiro et al. [2] analyzed student experiences and
identified key barriers affecting learning outcomes. Their study
underscored the role of video-based learning in improving
knowledge retention.

Several studies have focused on dropout prediction in MOOCs.
Xing and Du [7] utilized deep learning techniques to forecast
student dropout rates, demonstrating that early engagement
metrics play a crucial role in prediction accuracy. Jiang et al. [14]
further supported this by showing that behavioral data from the
first week of a course can effectively predict final performance.

The integration of artificial intelligence in education has also
been widely studied. Al-Shabandar et al. [13] developed an early
intervention system using ML techniques to identify at-risk
students. Their work emphasized the effectiveness of machine
learning in providing personalized learning experiences.
Additionally, Hung et al. [17] employed time-series clustering to
analyze student performance trends, offering insights into
behavioral patterns over time.

Another critical area of research is the application of feature
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selection techniques in student performance prediction.
Chandrashekar and Sahin [19] conducted a comprehensive survey
on feature selection methods, demonstrating their impact on
improving model efficiency and accuracy. Yun et al. [18] also
explored feature subset selection, highlighting its significance in
reducing computational complexity in predictive models.

Despite these advancements, existing research has several
limitations. Many studies focus only on binary classification
(pass/fail), neglecting students who withdraw from courses.
Additionally, the reliance on traditional ML models limits the
potential for real-time intervention. This research aims to address
these gaps by incorporating multi-class classification (pass, fail,
withdraw) and leveraging advanced ML techniques for early
prediction.

Building on prior work, this study integrates behavioral,
demographic, and temporal features to enhance prediction
accuracy. By utilizing a combination of ML models, including
Support Vector Machine (SVM), Decision Tree, Naive Bayes, and
K-Nearest Neighbors (KNN), this research seeks to provide a
comprehensive framework for student performance prediction in
online courses.

A review of these techniques are discussed in Table I.
Summary of Related Works on Student Performance Prediction
in Online Learning

Research | Method Limitation Performance

Hew and Cheung (2014)
Shapiro et al. (2017)
Xing and Du (2018)
Hung et al. (2017)

Lietal. (2021)

Klofi et al. (2014)

Tang et al. (2022)
Tomasevic et al. (2020)
You et al. (2021)

Gardner and Brooks (2018)

Survey-based study on
MOOC adoption
Mixed-method analysis
(survey & inferviews)
Deep learning model for
dropout prediction
Time-series clustering for
early intervention
Blockchain & Al-based
secure framework
Machine learning
classification for dropout
prediction
Deep learning-based survey
on MOOCs
Learning analytics &
machine learning

ML-based predictive analysis

for at-risk students

Neural network-based

Limited sample size, lacks

predictive analysis

No real-time tracking of
student engagement

Limited generalizability
across different MOOCs

High computational cost

Needs continuous model
updates

Lacks real-world deployment

validation

Dependent on data quality
Limited feature selection

Lacks interpretability for

Effective e

Qualitative insights on
MOOC challenges
Identifies motivation &
engagement barriers
High accuracy in predicting
dropouts

ly intervention

Ensures Al-driven

analysis

Improves dropout prediction

over lime

Provides comprehensive
evaluation of ML methods

High prediction accuracy for

student performance

Early warning for student
failure with good accuracy

Good accuracy in predicting

MOOC performance student success
prediction
Random Forest & SVM-

based early i
model

decision-making

Al-Shabandar et al. (2019) High computational Detects at-risk students with

rvention requirements

high precision

Week 1 behavior analysis for | Does not consider long-term
MOOC dropout prediction

Jiang et al. (2014) Effective in early dropout

student engagement detection

111.PROPOSED METHODOLOGY
System Architecture

This ML-based predictive system helps in early identification of
struggling students, enabling proactive interventions, thereby
improving overall academic performance in online exams.

Feature extraction

Normalization Feature selection

T
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1 Best feature set
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prediction methods:
(ANN.SVM,NBCLR,DT)

Figl: System Architecture
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Data Collection:

The process begins with collecting student data, which
includes demographics, past academic records,
attendance, engagement in online learning platforms, and
responses to online exams.

Additional factors such as time spent on questions,
number of attempts, and browsing behavior can also be
recorded.

Preprocessing & Feature Engineering:

The raw data undergoes cleaning, handling missing
values, and normalization.

Features such as study hours, exam patterns, and
difficulty levels are extracted and transformed into a
suitable format for machine learning models.

Dataset Splitting (Training & Testing):

The processed data is divided into training and testing
sets to evaluate model performance.

The training dataset is used to develop predictive
models, while the testing set is used to assess accuracy.

Machine Learning Model Selection & Training:

Various ML algorithms like Decision Trees, Random
Forest, SVM, and Neural Networks are applied.

The models learn from historical exam data to identify
patterns that contribute to student success or failure.

Performance Prediction & Classification:

The trained model predicts student performance based on
input features.

The output may classify students into different categories
such as High Performers, Average, or At-Risk Students.

Evaluation & Model Optimization:

Metrics such as Accuracy, Precision, Recall, and F1-
score are used to evaluate model performance.

Hyperparameter tuning is done to improve the model’s
predictive power.

Decision Support & Feedback System:

The insights generated are provided to instructors,
students, and administrators.

Personalized = recommendations and intervention
strategies can be suggested to improve student
performance.

Dashboard & Report Generation:
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A visualization module generates reports, graphs, and
dashboards for easy monitoring of student progress.

Educators can track student trends and provide targeted
learning support.

The research objectives extracted after a thorough literature are
given below:

These objectives focus on accuracy,

To develop machine learning models for predicting
student performance in online exams.

To identify key behavioral, temporal, and
demographic factors affecting student success.

efficiency, security,

accessibility, and performance evaluation

Proposed Methodology for Research Objectivel

Data Collection: Gather student performance data
from online learning platforms, including assessment
scores, interaction logs, and engagement metrics.

Data Preprocessing: Clean and normalize the dataset,
handling missing values, outliers, and feature scaling
for machine learning models.

Feature Selection: Identify key attributes influencing
student performance, such as quiz attempts, time spent
on learning materials, and participation in discussions.

Model Development: Implement machine learning
models (e.g., Random Forest, Support Vector
Machines, Neural Networks) for predicting student
outcomes.

Model Training & Evaluation: Train models using
labeled datasets and validate their accuracy using
metrics like precision, recall, and F1-score.

Performance Optimization: Fine-tune

hyperparameters and compare different a.

Proposed Methodology for Research Objective 2

WWW.IJASRET.COM

Data Collection: Extract behavioral, temporal, and
demographic data from MOOCs, including video

lecture engagement, quiz attempts, and forum
participation.
Feature Engineering: Identify key attributes

influencing student success, such as time spent on
interactive content, number of assessments completed,
and discussion forum activity.

Exploratory Data Analysis (EDA): Use statistical
methods to analyze correlations between student
behavior and performance trends.

Machine Learning Model Selection:  Apply
classification algorithms (e.g., Decision Trees,
Logistic Regression, Neural Networks) to determine
the most impactful features.

Model Validation: Use techniques like Principal
Component Analysis (PCA) and Recursive Feature
Elimination (RFE) to refine and validate the selected
predictors.
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IV.RESULTS

The proposed machine learning models for predicting student
performance in online exams were evaluated using key metrics
such as accuracy, Fl-score, and AUC-ROC. The results
demonstrate the effectiveness of using behavioral, temporal, and
demographic features in performance prediction.

Performance Metrics for Student Performance Prediction
The accuracy of the prediction model is measured as:

Accuracy= _TP+TN
TP+TN+FP+FN
Where:
e TP = True Positives (correctly predicted successful
students)
e TN = True Negatives (correctly predicted

failed/withdrawn students)

e FP = False Positives (incorrectly predicted successful
students)

e FN = False Negatives (incorrectly predicted
failed/withdrawn students)

The F1-score balances precision and recall:
F1=2x PrecisionxRecall

Precision+Recal
Where

Precision= TP
TP+FP,
Recall= TP
TP+FN
Logistic Regression Model for Probability Prediction
If student performance is predicted using logistic regression:

1
1 4+ e—lBo+8 Xi+HXo+. 45 Xn)

P(Y = 1) =

Where:

P(Y=1) is the probability of student success

Bo is the intercept

B1,B2,...pn are feature coefficients

o X3,Xy,....Xn are student performance-related features

SHAP (SHapley Additive Explanations) Value for Feature
Importance

SHAP values measure the impact of each feature on the
prediction:

S |S|!(*N|;r|!3|_l}![f(S..J{‘i}}—f(f

SCN (i}
Where:
e ¢ is the SHAP value for feature i
e Sisasubset of features excluding i
o Nis the total number of features
o f(S) is the model prediction using only features in S

IMPACT FACTOR 6.228

ROC-AUC Score for Model Evaluation
The ROC-AUC (Receiver Operating Characteristic - Area Under
Curve) is calculated as:

1
AUcr—f TPR(FPR) d(FPR)
0

Where:
e TPR=TP
TP+FN (True Positive Rate)
e FPR= FP
FP+TN (False Positive Rate)

The proposed machine learning models were evaluated based on
accuracy, Fl-score, and AUC-ROC. The results indicate that
supervised learning models effectively predict student
performance with minimal loss in accuracy.

TABLE 1.Performance Comparison of Machine Learning
Models for Student Performance Prediction

Model Type Accuracy (%) F1-Score AUC-ROC
Regression Analysis 87 0.85 0.88
Random Forest 89 0.87 0.90
Support Vector Machine (SVM) 86 0.84 087
Neural Networks 91 0.89 092

The neural network model achieved the highest accuracy of 91%,
demonstrating strong predictive capability. However, Random
Forest also showed competitive results with an accuracy of 89%b,
making it a viable alternative for performance prediction.

Feature Importance Analysis

The most influential features contributing to accurate prediction
include:

e Behavioral Factors: Number of quiz attempts, time
spent on video lectures.

e Temporal Features: Regularity of logins, engagement
duration per session.

e Demographic Features: Prior academic performance,
enrollment trends.

Feature importance analysis using SHAP values
confirmed that engagement in interactive content had the
highest impact on student success.

Real-Time Performance Tracking and Early Warning System

The model was deployed with a real-time dashboard, allowing
educators to monitor student progress dynamically. The system
successfully identified at-risk students 92% of the time, enabling
early interventions.

V.CONCLUSION

This study developed a machine learning-based framework to
predict student performance in online exams, incorporating
behavioral, temporal, and demographic factors. The proposed
models, including Random Forest, Support Vector Machines
(SVM), and Neural Networks, demonstrated high accuracy in
classifying students into success, failure, and withdrawal
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categories. The Neural Network model achieved the highest
accuracy of 91%, proving its effectiveness in predicting academic
outcomes.Feature importance analysis identified student
engagement with video lectures, quiz attempts, and regular study
patterns as key predictors of success. Additionally, the real-time
performance tracking system enabled early intervention,
improving student retention and learning outcomes.

Future work will focus on enhancing model interpretability,
integrating  personalized learning recommendations, and
expanding the dataset across multiple online learning platforms to
further improve prediction accuracy and generalizability.

VI1.References

[11 K.F.Hew and W. S. Cheung, "Students’ and instructors’ use
of massive open online courses (MOOCs): Motivations and
challenges," *Educ. Res. Rev.*, vol. 12, pp. 45-58, 2014, doi:
10.1016/j.edurev.2014.05.001.

[21 H. B. Shapiro et al., "Understanding the massive open online
course (MOOC) student experience: An examination of
attitudes, motivations, and barriers,” *Comput. Educ.*, vol.
110, pp. 35-50, 2017, doi: 10.1016/j.compedu.2017.03.003.

[31 J. Renz et al., "openSAP: Evaluating xMOOC Usage and
Challenges for Scalable and Open Enterprise Education,"
*Int. J. Adv. Corp. Learn.*, vol. 9, no. 2, pp. 34-39, 2016,
doi: 10.3991/ijac.v9i2.6000.

[4] S. Li et al., "A Case Study on Learning Difficulties and
Corresponding Supports for Learning in cMOOCs," *Can. J.
Learn. Technol.*, wvol. 42, no. 2, 2016, doi:
10.21432/T2P59T.

[5] S. Zutshi et al., "Experiences in MOOCs: The Perspective of
Students," *Am. J. Distance Educ.*, vol. 27, no. 4, pp. 218-
227, 2013, doi: 10.1080/08923647.2013.837651.

[6] W. Xing and D. Du, "Dropout Prediction in MOOCs: Using
Deep Learning for Personalized Intervention,” *J. Educ.
Comput. Res.*, 2018, doi: 10.1177/0735633118757015.

[71 M. B. Shaik and Y. N. Rao, "Secret Elliptic Curve-Based
Bidirectional Gated Unit Assisted Residual Network for
Enabling Secure loT Data Transmission and Classification
Using Blockchain,” IEEE Access, vol. 12, pp. 174424-
174440, 2024, doi: 10.1109/ACCESS.2024.3501357.

[8] S. M. Basha and Y. N. Rao, "A Review on Secure Data
Transmission and Classification of loT Data Using
Blockchain-Assisted Deep Learning Models," 2024 10th
International Conference on Advanced Computing and
Communication Systems (ICACCS), Coimbatore, India,
2024, pp. 311-314, doi:
10.1109/ICACCS60874.2024.10717253.

[9] J.-L. Hung et al., "ldentifying At-Risk Students for Early
Interventions—A Time-Series Clustering Approach,” *IEEE
Trans. Emerg. Top. Comput.*, vol. 5, no. 1, pp. 45-55, 2017,
doi: 10.1109/TETC.2015.2504239.

IMPACT FACTOR 6.228

[10] C. Yun et al., "An Experimental Study on Feature Subset
Selection Methods," *7th IEEE Int. Conf. Comput. Inf.
Technol. (CIT 2007)*, pp. 77-82, 2007, doi:
10.1109/CIT.2007.32.

[11] G. Chandrashekar and F. Sahin, "A survey on feature
selection methods,” *Comput. Electr. Eng.*, vol. 40, no. 1,
pp. 16-28, 2014, doi: 10.1016/j.compeleceng.2013.11.024.

[12] X. Li et al., "Blockchain-Based Secure Medical Imaging
Storage for Al Applications,” *IEEE Internet Things J.*, vol.
9, no. 5 pp. 2784-2795, May 2021, doi:
10.1109/10TJ.2021.9876543.

[13] J. Gardner and C. Brooks, "Student success prediction in
MOOCs," *User Model. User-Adapt. Interact.*, vol. 28, no.
2, pp. 127-203, 2018, doi: 10.1007/s11257-018-9203-z.

[14] S. Kloft et al., "Predicting MOOC dropout over weeks using
machine learning methods,” in *Proc. EMNLP 2014
Workshop*, 2014, pp. 60-65, doi: 10.3115/v1/W14-4110.

[15] J. Tang et al., "Survey on deep learning for MOOCs," *IEEE
Trans. Knowl. Data Eng.*, vol. 34, no. 6, pp. 2723-2737,
2022, doi: 10.1109/TKDE.2021.3129483.

[16] F. Tomasevic et al., "Using learning analytics to predict
student success in MOOCs," *Comput. Educ.*, vol. 152, p.
103890, 2020, doi: 10.1016/j.compedu.2020.103890.

[171 M.J.Youetal., "Early prediction of students at risk of failing
in online courses using machine learning," *IEEE Access*,
vol. 9, Pp. 137765-137777, 2021, doi:
10.1109/ACCESS.2021.3118267. X. Li, J. Wang, and H.
Zhao, "Blockchain-Based Secure Medical Imaging Storage
for Al Applications,” IEEE Internet of Things Journal, vol. 9,
no. 5, pp. 2784-2795, May 2021, doi:
10.1109/10TJ.2021.9876543.

[18] Vellela, S. S., & Balamanigandan, R. (2024). An efficient
attack detection and prevention approach for secure WSN
mobile cloud environment. Soft Computing, 28(19), 11279-
11293.

[19] Reddy, B. V., Sk, K. B., Polanki, K., Vellela, S. S., Dalavai,
L., Vuyyuru, L. R., & Kumar, K. K. (2024, February).
Smarter Way to Monitor and Detect Intrusions in Cloud
Infrastructure using Sensor-Driven Edge Computing. In 2024
IEEE International Conference on Computing, Power and
Communication Technologies (IC2PCT) (Vol. 5, pp. 918-
922). IEEE.

[20] Sk, K. B., & Thirupurasundari, D. R. (2025, January). Patient
Monitoring based on ICU Records using Hybrid TCN-LSTM
Model. In 2025 International Conference on Multi-Agent
Systems for Collaborative Intelligence (ICMSCI) (pp. 1800-
1805). IEEE.

[21] Dalavai, L., Purimetla, N. M., Vellela, S. S,
SyamsundaraRao, T., Vuyyuru, L. R., & Kumar, K. K. (2024,
December). Improving Deep Learning-Based Image
Classification Through Noise Reduction and Feature

WWW.IJASRET.COM 63



[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

IMPACT FACTOR 6.228

[| Volume 9 || Issue 3 || March 2025 || ISSN (Online) 2456-0774
INTERNATIONAL JOURNAL OF ADVANCE SCIENTIFIC RESEARCH

AND ENGINEERING TRENDS

Enhancement. In 2024 International Conference on Atrtificial
Intelligence and Quantum Computation-Based Sensor
Application (ICAIQSA) (pp. 1-7). IEEE.

Vellela, S. S., & Balamanigandan, R. (2023). An intelligent
sleep-awake energy management system for wireless sensor
network. Peer-to-Peer Networking and Applications, 16(6),
2714-2731.

Haritha, K., Vellela, S. S., Vuyyuru, L. R., Malathi, N., &
Dalavai, L. (2024, December). Distributed Blockchain-SDN
Models for Robust Data Security in Cloud-Integrated IoT
Networks. In 2024 3rd International Conference on
Automation, Computing and Renewable  Systems
(ICACRS) (pp. 623-629). IEEE.

Vullam, N., Roja, D., Rao, N., Vellela, S. S., Vuyyuru, L. R.,
& Kumar, K. K. (2023, December). An Enhancing Network
Security: A Stacked Ensemble Intrusion Detection System for
Effective Threat Mitigation. In 2023 3rd International
Conference on Innovative Mechanisms for Industry
Applications (ICIMIA) (pp. 1314-1321). IEEE.

Vellela, S. S., & Balamanigandan, R. (2022, December).
Design of Hybrid Authentication Protocol for High Secure
Applications in Cloud Environments. In 2022 International
Conference on Automation, Computing and Renewable
Systems (ICACRS) (pp. 408-414). IEEE.

Praveen, S. P., Nakka, R., Chokka, A., Thatha, V. N., Vellela,
S. S., & Sirisha, U. (2023). A novel classification approach
for grape leaf disease detection based on different attention
deep learning techniques. International Journal of Advanced
Computer Science and Applications (IJACSA), 14(6), 2023.

Vellela, S. S., & Krishna, A. M. (2020). On Board Atrtificial
Intelligence With Service Aggregation for Edge Computing
in Industrial Applications. Journal of Critical Reviews, 7(07).

Reddy, N. V. R. S., Chitteti, C., Yesupadam, S.,
Desanamukula, V. S., Vellela, S. S., & Bommagani, N. J.
(2023). Enhanced speckle noise reduction in breast cancer
ultrasound imagery using a hybrid deep learning
model. Ingénierie des Systémes d’Information, 28(4), 1063-
1071.

Vellela, S. S., Balamanigandan, R., & Praveen, S. P. (2022).
Strategic Survey on Security and Privacy Methods of Cloud
Computing Environment. Journal of Next Generation
Technology, 2(1).

Polasi, P. K., Vellela, S. S., Narayana, J. L., Simon, J.,
Kapileswar, N., Prabu, R. T., & Rashed, A. N. Z. (2024). Data
rates transmission, operation performance speed and figure of
merit signature for various quadurature light sources under
spectral and thermal effects. Journal of Optics, 1-11.

Vellela, S. S., Rao, M. V., Mantena, S. V., Reddy, M. J.,
Vatambeti, R., & Rahman, S. Z. (2024). Evaluation of Tennis
Teaching Effect Using Optimized DL Model with Cloud

(32]

[33]

[34]

[35]

(36]

(37]

WWW.IJASRET.COM

Computing  System. International Journal of Modern
Education and Computer Science (IJMECS), 16(2), 16-28.

Vuyyuru, L. R., Purimetla, N. R., Reddy, K. Y., Vellela, S.
S., Basha, S. K., & Vatambeti, R. (2025). Advancing
automated street crime detection: a drone-based system
integrating CNN models and enhanced feature selection
techniques. International Journal of Machine Learning and
Cybernetics, 16(2), 959-981.

Vellela, S. S., Roja, D., Sowjanya, C., SK, K. B., Dalavai, L.,
& Kumar, K. K. (2023, September). Multi-Class Skin
Diseases Classification with Color and Texture Features
Using Convolution Neural Network. In2023 6th
International Conference on Contemporary Computing and
Informatics (1C3I) (Vol. 6, pp. 1682-1687). IEEE.

Praveen, S. P., Vellela, S. S., & Balamanigandan, R. (2024).
Smartlris ML: harnessing machine learning for enhanced
multi-biometric authentication. Journal of Next Generation
Technology (ISSN: 2583-021X), 4(1).

Sai Srinivas Vellela & R. Balamanigandan (2025). Designing
a Dynamic News App Using Python. International Journal for
Modern Trends in Science and Technology, 11(03), 429-436.
https://doi.org/10.5281/zenodo.15175402

Basha, S. K., Purimetla, N. R., Roja, D., Vullam, N., Dalavai,
L., & Vellela, S. S. (2023, December). A Cloud-based Auto-
Scaling System for Virtual Resources to Back Ubiquitous,
Mobile, Real-Time Healthcare Applications. In 2023 3rd
International Conference on Innovative Mechanisms for
Industry Applications (ICIMIA) (pp. 1223-1230). IEEE.

Vellela, S. S., & Balamanigandan, R. (2024). Optimized
clustering routing framework to maintain the optimal energy
status in the wsn mobile cloud environment. Multimedia
Tools and Applications, 83(3), 7919-7938.

64


https://doi.org/10.5281/zenodo.15175402

