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Abstract. Predicting student performance and understanding behavioral 
patterns have become central themes in modern educational research, 
particularly with the rise of digital and blended learning environments. The 
growing availability of data from Learning Management Systems (LMS) 
and online learning platforms has led to a wide array of data-driven and AI-
based approaches for analyzing academic outcomes and learner behaviors. 
This paper presents a comprehensive comparative review of existing 
intelligent learning models, examining how various studies utilize 
behavioral indicators, such as engagement, interaction patterns, and study 
habits, to predict student performance. By synthesizing findings across 
diverse methodologies and datasets, the review highlights current trends, 
strengths, limitations, and research gaps, offering educators and researchers 
valuable insights for developing more effective, data-informed student 
support strategies. 

1    Introduction 
The growing use of technology in classrooms has significantly reshaped the education sector 
in recent years. With more institutions relying on digital platforms, Educational Data Mining 
(EDM) has gained momentum by enabling large-scale collection and analysis of student data. 
Online learning environments, digital tools, and Learning Management Systems (LMS) now 
provide educators with detailed information about students’ learning behavior, academic 
progress, and overall engagement [1–2]. 
This digital shift has opened new possibilities for enhancing the learning experience—
especially through personalized instruction and timely academic support. As education 
becomes increasingly digital, the way students interact with learning materials, teachers, and 
peers continues to evolve. This change highlights the importance of data-driven techniques, 
particularly Machine Learning (ML), for predicting student performance and understanding 
behavior patterns. ML-based predictions offer powerful tools for analyzing learning data and 
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forecasting academic outcomes, enabling educators to identify struggling students early and 
provide targeted support to improve overall academic success [22][26]. 
The purpose of this paper is to compare different machine learning techniques for predicting 
student performance and explore the behavioral factors that shape student learning. The study 
uses indicators such as attendance, participation in discussions, quiz results, and assignment 
submissions to build predictive models. It also examines how behaviors like time spent on 
course materials, engagement levels, and tendencies toward procrastination influence    
academic performance, to offer actionable insights into students learning processes. 
 
 The remainder of the paper consists of eight parts.  Section 2 examines the importance of 
predictive analysis within the education sector.  Section 3 addresses the challenges associated 
with predicting student success.  Section 4 examines the importance of behavioral analysis 
within educational settings.  Section 5 provides a detailed review of the pertinent literature 
concerning behavioral analysis and performance prediction.  The proposed technique is 
detailed in Section 6.  Section 7 presents the findings of the comparative experiment along 
with a commentary.  The research conclusion was ultimately presented. 
 

2  Importance of Predictive Analysis In Education 
The rising number of students enrolling in online and hybrid courses has made it nearly 
impossible for instructors to manually track each student’s progress. In the past, educators 
mainly used midterms and assignments to gauge how well students were doing, but these 
checkpoints provide only a limited view. They fail to capture real-time learning behaviors, 
which often reveal signs of academic struggle much earlier. 
Machine learning offers a solution by enabling the analysis of large and complex datasets, 
allowing educators to predict student performance more accurately from the very beginning 
of a course [3–4]. Through predictive analytics, institutions can identify students who may 
be at risk of poor performance, failing, or dropping out. Detecting these warning signs early 
makes it possible to provide timely interventions such as personalized mentoring, academic 
support, or counseling. These steps help close learning gaps, boost engagement, and improve 
student motivation—ultimately leading to better academic outcomes. 
Machine learning methods can examine multiple variables at once, uncovering intricate, non-
linear patterns that traditional statistical techniques might overlook. Additionally, these 
models can continuously learn and adapt as new data becomes available, further enhancing 
their predictive accuracy over time. This capability helps institutions allocate academic 
resources more efficiently—such as directing tutoring or support services where they are 
needed most—and deliver interventions tailored to each student’s specific needs [7][10]. 
 

3 Challenges Associated With Predicting Student Performance 
Predicting student performance involves significant challenges arising from multiple factors 
[16][20]: 

• Code-Switching Behavior in Learning: Code-switching behavior in learning 
contexts, particularly in multilingual or culturally diverse classrooms, can exhibit 
variability influenced by external factors that are challenging to quantify. 

• Data Heterogeneity: Student datasets exhibit diversity, encompassing demographic 
information, academic performance metrics, behavioral indicators, and additional 
variables. The interaction of these variables can complicate the prediction process. 
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• Temporal Dependencies: Temporal dependencies indicate that student performance 
can be dynamic and may evolve throughout the semester. A student may initially 
demonstrate strong engagement but may subsequently disengage, or, alternatively, 
show improvement following an initial period of difficulty. Identifying these 
temporal patterns is crucial for accurate predictions. 

• Non-Linear Relationships: Students' success is frequently affected by a combination 
of academic and behavioral factors, which may demonstrate non-linear 
relationships. Consistent engagement in class may exert a greater influence on 
performance than individual quiz scores. 

4 Role of Behavioral Analysis in Modern Education 

Academic metrics, including grades, quizzes, and exam scores, provide a restricted 
perspective on a student's abilities, inadequately reflecting the comprehensive nature of the 
learning process. Behavioral analysis improves this perspective by examining students' 
methods of engaging with learning tasks. For instance [20][26]: 

• Interaction with peers and instructors: Engagement in discussions, forums, or 
group activities serves as an indicator of success, as involved students tend to better 
assimilate course material and gain from collaborative learning experiences. 

• Engagement with course materials: The duration dedicated to lectures, reading 
assignments, and supplementary resources reflects the extent of a student's 
engagement in the learning process. 

• Study habits: Patterns like cramming versus consistent studying and time 
management relative to assignment deadlines, provide valuable insights into a 
student's discipline and preparedness. 

The incorporation of behavioral indicators into predictive models improves the 
comprehension of elements influencing student success. This method assists in identifying 
students who are academically at risk and provides insights into their challenges, enabling 
targeted and effective interventions. 
 

5    Related Work 
Predicting student performance and analyzing behavior are important areas of research in 
Educational Data Mining (EDM), utilizing diverse AI methods to forecast academic results 
and clarify student learning behaviors. This section reviews relevant research on forecasting 
student performance, analyzing behavior, and utilizing AI techniques in educational contexts. 

5.1    Student Performance Prediction 

K-means has been widely used as a clustering technique in educational data mining, where 
the Davies–Bouldin index helps identify meaningful clusters and highlight key factors 
influencing student performance [1]. Researchers have also applied multiple machine 
learning algorithms combined with Principal Component Analysis (PCA) for feature 
reduction to improve the prediction of academic outcomes [2]. Another notable contribution 
is ASIST, an attention-aware, convolutional, stacked BiLSTM model specifically designed 
to learn rich student representations for predicting academic success [3]. Further studies have 
introduced new machine learning models that incorporate newly identified behavioral 
attributes and apply sequential feature selection to determine the most important predictors 
of student performance [4]. Other systems focus on forecasting academic outcomes by 
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analyzing multiple factors through machine learning, offering institutions deeper insights 
into how students learn and perform [5]. These findings support educational institutions in 
refining their evaluation practices to achieve more accurate and meaningful assessments [6]. 
In programming education, a novel methodology was proposed to examine students’ learning 
patterns and how these behaviors relate to learning outcomes [7]. Another study explored 
how Virtual Learning Environments (VLEs) affect student procrastination and evaluated the 
usefulness of machine learning in reducing the need for manual oversight [8]. Big data 
techniques have also been employed to analyze and predict the behavior of university 
students [9], while models such as YOLOv5s have been developed to automatically detect 
and analyze classroom behaviors in real time [10]. Machine learning has further been used 
to recognize learning styles based on behavioral data collected from LMS usage at Christian 
Vocational School Petra Surabaya in the area of Network System Administration [12]. 
Additionally, new data mining approaches leveraging student behavioral traits have been 
proposed to address the limitations of existing information management systems in higher 
education [14]. Some projects aim to identify holistic student clusters and develop predictive 
models for each cluster to more accurately forecast performance [17]. 
Modern technologies have also made it possible to create real-time, vision-based classroom 
systems capable of monitoring emotions, attendance, and attention levels, even when 
students are wearing face masks [19]. Machine learning techniques have been applied to 
predict final exam scores using midterm results [20], and models have been built using 
historical marks from grades 10, 12, and previous semesters to forecast academic 
performance [21]. Machine learning classification models, combined with assessment results 
and programming system logs, have identified strong connections between students’ learning 
behaviors and their success in similar programming tasks [23]. Behavioral patterns have also 
been used to determine students’ learning styles based on the Felder–Silverman model in 
online learning environments [28]. Comprehensive reviews of machine learning approaches 
have been conducted to improve the accuracy of final grade predictions for first-semester 
students [36]. Finally, student performance prediction has been enhanced using behavioral 
data and exercise characteristics through the integration of attention mechanisms within 
knowledge-tracing models [37], and the behavior of online learners has been analyzed to 
support strategies that boost motivation and improve learning outcomes [38].  

5.2    Behavioral Analysis in Education 

Recent methods developed for analyzing student behavior have been evaluated based on 
performance indicators, areas of application, and geographical contexts [11]. One study 
compiled a comprehensive dataset of university students using information gathered from a 
digital campus platform, then applied an adaptive K-means clustering algorithm within a 
machine learning framework to categorize student data more effectively [13]. These 
emerging analytical patterns and techniques are being used to enhance teaching and learning 
processes across educational settings [15]. Both descriptive and predictive learning analytics 
approaches have been employed to build models that explain and anticipate student behavior 
and academic success [18]. Educational data mining techniques also play a crucial role in 
evaluating student behavior in e-learning environments, helping identify students’ interests 
in learning materials and gauge the overall quality of educational content [24]. By combining 
AI and computer vision, researchers have developed systems that analyze classroom video 
recordings to assess students’ behavioral states, evaluate their learning conditions, and 
provide teachers with valuable feedback on their instructional methods [25]. 
In addition, behavioral analysis has been used to detect academic malpractice during online 
assessments, ensuring that students demonstrate their knowledge honestly and without 
external assistance [27]. A new machine learning method has also been proposed to analyze 
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students’ assessment scores throughout the duration of a course to predict their final exam 
performance [29]. In response to the growing volume of digital information, student behavior 
data has been stored in a MySQL database and analyzed through a behavior monitoring 
system developed using Python [30]. Moreover, a self-sufficient intelligent agent has been 
designed to deliver real-time information to both students and educators [31]. Hybrid 
machine learning models have also been developed, including one that uses regression to 
improve predictions of students’ future academic performance across different courses [33]. 
Another approach, known as Augmented Education (AugmentED), integrates multisource 
and multi-feature behavioral data to forecast academic outcomes more accurately [34]. 
Clustering techniques continue to be used to summarize student academic performance and 
to estimate optimal group sizes for analysis [35]. An unsupervised ensemble clustering 
method has also been introduced to detect behavioral trends within large student datasets 
[39], and researchers have explored the use of association rule mining to analyze behavioral 
patterns and identify meaningful relationships within student data [40].  

5.3    Gaps in Existing Research 

Although many studies have explored academic factors like grades and attendance, the 
integration of behavioral data into student performance analysis remains relatively 
underexamined. Incorporating behavioral elements, such as engagement levels, study habits, 
and patterns of procrastination, provides a deeper and more holistic understanding of how 
students perform. While numerous machine learning models have been applied to predict 
academic outcomes, very few studies offer a comprehensive comparison of these algorithms, 
particularly when both academic and behavioral data are combined. Research is also limited 
when it comes to understanding how students’ learning behaviors change over time and how 
these temporal patterns influence their academic progress, especially in online or blended 
learning environments. This study addresses these gaps by evaluating the effectiveness of 
various machine learning models that integrate both academic and behavioral indicators. The 
goal is to develop a comprehensive and robust framework for predicting student success. 
 

6 Framework for Student Performance Prediction Incorporating 
Behavioral Analysis 
This paper aims to provide a comparative examination of machine learning algorithms for 
forecasting student performance by incorporating behavioral research to understand factors 
impacting academic results.  This section outlines the dataset used, preprocessing methods, 
feature engineering strategies, and machine learning models applied, as depicted in Figure 1.  
The methodology encompasses the evaluation metrics employed to assess model 
performance. 
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Figure 1: Student Performance Prediction Framework with Behavioral Analysis 

6.1 Dataset Description 

This study utilizes a dataset sourced from a Learning Management System (LMS) of an 
online or blended learning course, encompassing both academic and behavioral data for 
students throughout a semester. The dataset comprises two primary categories of features: 

• Academic Features: Quiz scores, assignment grades, midterm and final exam 
marks, attendance. 

• Behavioral Features: Time spent on learning resources, number of forum posts, 
frequency of logins, participation in discussions, and patterns of study habits (e.g., 
cramming vs. steady study), engagement with learning resources. 
 

6.1.1 Data Pre-processing 

The dataset underwent preprocessing through various methods to ensure data cleanliness, 
consistency, and readiness for training machine learning models. 

• Data Cleaning: Addressing missing data through imputation methods, normalizing 
numerical data, and transforming categorical variables into dummy variables. 

• Normalization: All numerical data were normalized to a range of 0 to 1 through 
min-max normalization, given that variables like time spent on course materials and 
test results exhibit different ranges. This restricts features with higher values. 
 

6.2 Feature Data Selection/Optimization 

This was achieved through the use of correlation matrices and feature significance algorithms 
to identify the most relevant attributes. 

• Feature Encoding - Categorical Features: Attendance, indicated as present or 
absent, along with procrastination patterns categorized as early, on-time, or late 
submission, were transformed into dummy variables through one-hot encoding for 
application in machine learning algorithms. 

• Feature Selection: A correlation matrix was employed to evaluate the relationships 
among features, thereby excluding highly correlated features (multicollinearity) 
from the same model. 
 

6.3 Machine Learning Modelling 

Machine learning has become a powerful tool in the field of educational data mining, which 
focuses on uncovering meaningful insights from student-related data. By applying machine 
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learning algorithms to large datasets, researchers can build predictive models capable of 
accurately forecasting student performance. In this study, each model was trained using 80% 
of the data (the training set) and then evaluated on the remaining 20% (the test set) to measure 
its effectiveness. Commonly used machine learning approaches in this area include Logistic 
Regression, Decision Trees, Random Forests, Gradient Boosting Machines (GBM), and 
various Deep Learning techniques. 
 

7   Comparative Result Analysis 
The performance of the models was assessed using several evaluation metrics, including 
accuracy, precision, recall, F1-score, and the Area Under the ROC Curve (AUC). A feature 
importance analysis was also carried out to determine how strongly academic and behavioral 
factors contributed to the models’ predictions of student performance. This analysis helped 
identify the most influential features and provided deeper insight into which elements play 
the biggest role in forecasting student outcomes. Table 1 summarizes comparative findings 
reported by previous studies, while Figure 2 illustrates how the accuracy of existing research 
models varies in predicting student performance. 

Table 1: Comparative Analysis of Performance Prediction and Behavioral Assessment 
Ref Dataset Methodology Results 
[1] Wollo University, 

Kombolcha 
Institute of 
Technology 

Clustering, ML 
Classifiers 

     Accuracy – 0.9603, 
Recall – 0.9843, 

Precision – 0.9418, 
Kappa Statistic – 0.9398 

[2] Multiclass 
educational 

datasets of NAU 
and OULAD 

PCA, ML Classifiers Accuracy – 93.8% 

[3]  Irish university 
(University of 

Limerick)  

Attention-aware 
convolutionalStacked 

BiLSTM network 

Accuracy – 0.6081, 
Fscore – 0.6354, 
AUC – 0.7187 

[4]  Two schools in 
Portugal 

ML Classifiers Accuracy - 96.8%, 
Kappa Statistic – 0.38 

[5] Multiple 
educational 
institutions 

ML Classifiers MAE – 0.23, 
RMSE – 0.29 

[7]  Course Materials PCA, ML Classifiers Accuracy – 0.74, 
F1score – 0.735, 

AUC – 0.75 

[8] Literary studies ANN-MLP Accuracy – 81.9% 
[9] UCF-101 and 

HMDB51 dataset 
Genetic 

K-means Algorithm 
Accuracy – 97.37% 
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[10]  China National 
Resources 

Public Service 
Platform 

YOLOv5 mAP – 0.8928, 
Precision – 0.8616, 

Recall – 0.8141  

[12] Questionnaire data ML Classifiers Accuracy – 0.96 

[20] State University in 
Turkey 

Neural Network AUC – 0.863, 
Accuracy – 0.746, 

F1 – 0.723, 
Precision – 0.748, 

Recall – 0.746 
[21] Academic Data Logistic Regression Accuracy – 97.05% 

[23] C/C++ 
programming 

activity 

Neural Network Accuracy – 0.813, 
F1 – 0.88, 

AUC – 0.663 
 

 
Figure 2: Comparison of State-of-the-Art Models Based on Accuracy 

 
Behavioral factors, such as engagement levels, patterns of procrastination, and participation 
in discussions, played a major role in shaping the prediction results. Students who 
consistently took part in online discussions and logged into the learning platform regularly 
tended to perform better academically. Temporal analysis also showed that students who 
avoided last-minute cramming generally earned higher grades, underscoring the importance 
of steady and consistent study habits. Overall, the findings indicate that integrating 
behavioral features into student performance prediction models can significantly improve 
their accuracy and dependability. In addition, these models can act as early warning systems, 
helping educators quickly identify students who may be at risk and provide timely support 
or intervention. 
 

8    Conclusion 
This paper provides a comprehensive comparative review of machine learning approaches 
used to analyze and predict student performance by incorporating both academic and 
behavioral characteristics. The synthesis of prior studies shows a consistent trend: behavioral 
indicators such as engagement, learning habits, interaction frequency, and procrastination 
patterns play a crucial role in enhancing predictive capability across models. Findings from 
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the reviewed literature reveal that ensemble techniques and hybrid analytical frameworks 
commonly outperform traditional methods, highlighting the value of combining diverse 
features and algorithms. By consolidating insights from multiple studies, this review 
underscores the importance of integrating behavioral analytics with academic metrics to 
improve early identification of at-risk learners and inform targeted, data-driven educational 
interventions. Future research should focus on unified frameworks, deeper multimodal 
behavioral analysis, and real-time monitoring approaches that can further advance student 
performance prediction. 
 

References 
1. Ahmed, Esmael. "Student Performance Prediction Using Machine Learning Algorithms." 

Applied Computational Intelligence and Soft Computing, vol. 2024, no. 1, 2023, p. 4067721, 
https://doi.org/10.1155/2024/4067721. 

2. Al-Tameemi, Ghaith, et al. "A Hybrid Machine Learning Approach for Predicting Student 
Performance Using Multi-class Educational Datasets." Procedia Computer Science, vol. 238, 
2023, pp. 888-895, https://doi.org/10.1016/j.procs.2024.06.108. 

3. M. Fazil, A.. Rísquez, and C. Halpin, “A Novel Deep Learning Model for Student 
Performance Prediction Using Engagement Data”, Learning Analytics, vol. 11, no. 2, pp. 23-
41, May 2024. 

4. A. S. Gousia Banu, Shahana Tanveer, N Srivani, Maradana Durga Venkata Prasad, R Raja 
Kumar, “An Enhanced Machine Learning-Based Approach for Analysis and Prediction of 
Student Performance in Classroom Learning,” Digital Security and Data Protection 
Technologies, Vol. 20, S8 (2024), DOI: https://doi.org/10.62441/nano-ntp.v20iS8.109. 

5. M. M. Elsaid Khoudier et al., "Prediction of student performance using machine learning 
techniques," 2023 5th Novel Intelligent and Leading Emerging Sciences Conference 
(NILES), Giza, Egypt, 2023, pp. 333-338, doi: 10.1109/NILES59815.2023.10296766. 

6. P. Nancy, Ramrakhiani Kshitij, Bashyam Aditya, “Student performance prediction and 
analysis using machine learning,” AIP Conf. Proc. 29 July 2024; 3075 (1): 020241. 
https://doi.org/10.1063/5.0217361. 

7. Tai Tan Mai, Marija Bezbradica, Martin Crane, Learning behaviours data in programming 
education: Community analysis and outcome prediction with cleaned data, Future 
Generation Computer Systems, Volume 127,2022, Pages 42-55, ISSN 0167-
739X,https://doi.org/10.1016/j.future.2021.08.026. 

8. Memon, Mehak Maqbool, Manzoor Ahmed Hashmani, Syed Muslim Jameel, Shamshad 
Junejo and Kamran Raza. “Analysis of Student Procrastinatory Behavior in Virtual Learning 
Environments Using Machine Learning.” (2020), Journal of Hunan University (Natural 
Sciences), Vol. 47. No. 10.Oct. 2020 

9. Zhou P., “Analysis and Prediction Method of University Students' Behavior Based on Big 
Data”. Research Square; 2022. DOI: 10.21203/rs.3.rs-2230379/v1. 

10. Wang, Zhifeng& Yao, Jialong & Zeng, Chunyan& Wu, Wanxuan & Xu, Hongmin & Yang, 
Yang. (2023). Learning Behavior Recognition in Smart Classroom with Multiple Students 
Based on YOLOv5. 

11. Sarika Khandelwal, A. R., “Statistical Investigation of Student Behaviour Analysis Models 
from an Empirical Perspective,” 2023, Mathematical Statistician and Engineering 
Applications, 72(1), 2191–2206. Retrieved from 
https://www.philstat.org/index.php/MSEA/article/view/2741 

9

ITM Web of Conferences 81, 01019 (2026)	 https://doi.org/10.1051/itmconf/20268101019
ETMIS 2025



12. Santi Tiodora Sianturi, Umi Laili Yuhana, “Student Behaviour Analysis To Detect Learning 
Styles Using Decision Tree, Naïve Bayes, And K-Nearest Neighbor Method In Moodle 
Learning Management System”. The Journal of Technology and Science, 33(2), 2022 

13. Xiaoying Shen, Chao Yuan, "A College Student Behavior Analysis and Management 
Method Based on Machine Learning Technology", Wireless Communications and Mobile 
Computing, vol. 2021, Article ID 3126347, 10 pages, 2021. 
https://doi.org/10.1155/2021/3126347 

14. Liyan Chen, Lihua Wang, Yuxin Zhou, "Research on Data Mining Combination Model 
Analysis and Performance Prediction Based on Students’ Behavior Characteristics", 
Mathematical Problems in Engineering, vol. 2022, Article ID 7403037, 10 pages, 2022. 
https://doi.org/10.1155/2022/7403037 

15. Yougal Kishore Sharma and Dr. Arpana Bharani, “Study And Design Behavior Predictors 
Using Advanced Machine Learning (Knn) For School Education”. Webology (ISSN: 1735-
188X), Volume 18, Number 5, 2021. 

16. Namoun, Abdallah, and Abdullah Alshanqiti. 2021. "Predicting Student Performance Using 
Data Mining and Learning Analytics Techniques: A Systematic Literature Review" Applied 
Sciences 11, no. 1: 237. https://doi.org/10.3390/app11010237 

17. Mohd Talib, Nur Izzati, Nazatul Aini Abd Majid, and Shahnorbanun Sahran. 2023. 
"Identification of Student Behavioral Patterns in Higher Education Using K-Means 
Clustering and Support Vector Machine" Applied Sciences 13, no. 5: 3267. 
https://doi.org/10.3390/app13053267 

18. Dijana Orešk, “Using descriptive and predictive learning analytics to understand student 
behavior at LMS Moodle”, s 13th International Conference on eLearning (eLearning-2022), 
September 29–30, 2022, Belgrade, Serbia 

19. Trabelsi, Zouheir, Fady Alnajjar, Medha Mohan Ambali Parambil, Munkhjargal Gochoo, 
and Luqman Ali. 2023. "Real-Time Attention Monitoring System for Classroom: A Deep 
Learning Approach for Student’s Behavior Recognition" Big Data and Cognitive Computing 
7, no. 1: 48. https://doi.org/10.3390/bdcc7010048 

20. Yağcı, M. Educational data mining: prediction of students' academic performance using 
machine learning algorithms. Smart Learn. Environ. 9, 11 (2022). 
https://doi.org/10.1186/s40561-022-00192-z 

21. J. Dhilipan et.al., “Prediction of Students Performance using Machine Learning”, 2021 IOP 
Conf. Ser.: Mater. Sci. Eng. 1055 012122. 

22. Albreiki, Balqis, Nazar Zaki, and Hany Alashwal. 2021. "A Systematic Literature Review of 
Student’ Performance Prediction Using Machine Learning Techniques" Education Sciences 
11, no. 9: 552. https://doi.org/10.3390/educsci11090552 

23. Su YS, Lin YD, Liu TQ. Applying machine learning technologies to explore students' 
learning features and performance prediction. Front Neurosci. 2022 Dec 22;16:1018005. doi: 
10.3389/fnins.2022.1018005. PMID: 36620438; PMCID: PMC9817150. 

24. O M Gushchina and A V Ochepovsky, “Data mining of students’ behavior in E-learning 
system” 2020 J. Phys.: Conf. Ser. 1553 012027 

25. Yinggan Cheng, “Video‐based Student Classroom Classroom Behavior State Analysis”, 
International Journal of Education and Humanities ISSN: 2770-6702 | Vol. 5, No. 2, 2022 

26. Kandula Neha; S Jahangeer Sidiq. "Analysis of Student Academic Performance through 
Expert systems". International Research Journal on Advanced Science Hub, 02, Special Issue 
ICIES 9S, 2020, 48-54. doi: 10.47392/irjash.2020.158 

27. S.Deepika, S. Divya Bharathi, “Behaviour Analysis Of Students In Online Examination 
Using Machine Learning”, Journal of Emerging Technologies and Innovative Research 
(JETIR) April 2021, Volume 8, Issue 4, pp-102-105. 

10

ITM Web of Conferences 81, 01019 (2026)	 https://doi.org/10.1051/itmconf/20268101019
ETMIS 2025



28. Zohra Mehenaoui, Yacine Lafifi, Layachi Zemmouri, “Learning Behavior Analysis to 
Identify Learner’s Learning Style based on Machine Learning Techniques”, JUCS - Journal 
of Universal Computer Science 28(11): 1193-1220, doi: 10.3897/jucs.81518. 

29. Pan, Lei, et al. "Gathering Intelligence on Student Information Behavior Using Data Mining." 
Library Trends, vol. 68 no. 4, 2020, p. 636-658. Project MUSE, 
https://doi.org/10.1353/lib.2020.0015. 

30. J. Wang and Z. Li, "Research on Data Mining Algorithm Based on Student Behavior 
Analysis," 2023 International Conference on Artificial Intelligence and Education (ICAIE), 
Kobe, Japan, 2023, pp. 80-83, doi: 10.1109/ICAIE56796.2023.00030. 

31. A.L. Rohith Reddy et.al., “Student Live Behaviour Monitoring During Virtual Class using 
Artificial Intelligence”, 2022 J. Phys.: Conf. Ser. 2335 012026. 

32. Qiu, F., Zhang, G., Sheng, X. et al. Predicting students’ performance in e-learning using 
learning process and behaviour data. Sci Rep 12, 453 (2022). https://doi.org/10.1038/s41598-
021-03867-8 

33. A. Alshanqiti and A. Namoun, "Predicting Student Performance and Its Influential Factors 
Using Hybrid Regression and Multi-Label Classification," in IEEE Access, vol. 8, pp. 
203827-203844, 2020, doi: 10.1109/ACCESS.2020.3036572. 

34. L. Zhao et al., "Academic Performance Prediction Based on Multisource, Multifeature 
Behavioral Data," in IEEE Access, vol. 9, pp. 5453-5465, 2021, doi: 
10.1109/ACCESS.2020.3002791. 

35. G. Feng, M. Fan and C. Ao, "Exploration and Visualization of Learning Behavior Patterns 
From the Perspective of Educational Process Mining," in IEEE Access, vol. 10, pp. 65271-
65283, 2022, doi: 10.1109/ACCESS.2022.3184111. 

36. S. D. A. Bujang et al., "Multiclass Prediction Model for Student Grade Prediction Using 
Machine Learning," in IEEE Access, vol. 9, pp. 95608-95621, 2021, doi: 
10.1109/ACCESS.2021.3093563. 

37. D. Liu, Y. Zhang, J. Zhang, Q. Li, C. Zhang and Y. Yin, "Multiple Features Fusion Attention 
Mechanism Enhanced Deep Knowledge Tracing for Student Performance Prediction," in 
IEEE Access, vol. 8, pp. 194894-194903, 2020, doi: 10.1109/ACCESS.2020.3033200. 

38. K. Abhirami and M. K. Kavitha Devi, "Student behavior modeling for an e-learning system 
offering personalized learning experiences," Computer Systems Science and Engineering, 
vol. 40, no.3, pp. 1127–1144, 2022. 

39. X. Li, Y. Zhang, H. Cheng, F. Zhou and B. Yin, "An Unsupervised Ensemble Clustering 
Approach for the Analysis of Student Behavioral Patterns," in IEEE Access, vol. 9, pp. 7076-
7091, 2021, doi: 10.1109/ACCESS.2021.3049157. 
 

11

ITM Web of Conferences 81, 01019 (2026)	 https://doi.org/10.1051/itmconf/20268101019
ETMIS 2025


