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Abstract

The present study aimed to identify students’ learning patterns in virtual education environments and predict their academic performance using data
mining and machine learning algorithms. This study employed a data-driven approach using educational data mining techniques. The statistical population
consisted of secondary school students in Semnan Province, Iran, from whom data related to 400 students actively participating in virtual learning
environments were collected. Data were extracted from online learning management systems, school databases, and electronic questionnaires and
included variables such as self-regulated learning, digital skills, family support, teacher feedback quality, academic motivation, and prior academic
performance. After preprocessing procedures including data cleaning, normalization, and removal of incomplete records, the K-Means algorithm was
used for clustering learning patterns. In addition, Random Forest, XGBoost, MLP neural network, Decision Tree, SVM, KNN, Logistic Regression, and
Naive Bayes algorithms were applied to predict academic performance. Model performance was evaluated using Accuracy, Recall, Precision, and F1-

” “at-risk learners,” and “learners with

Score indices. The clustering analysis identified three major learning patterns: “independent and successful learners,
hidden potential.” The first cluster demonstrated high levels of self-regulation, digital competence, and family support, whereas the second cluster was
characterized by weak self-regulation skills and inadequate learning conditions. Among predictive models, the Random Forest algorithm achieved the
best performance with 92% accuracy, 92.8% recall, and an F1-score of 91%. XGBoost ranked second, followed by the MLP neural network. Feature
importance analysis revealed that self-regulated learning, teacher feedback quality, and family support were the most influential predictors of students’
academic performance. The findings demonstrated that students’ learning patterns in virtual education environments are highly heterogeneous and
influenced by a combination of cognitive, motivational, interactive, and environmental factors. Furthermore, data mining algorithms, particularly
Random Forest, showed high capability in analyzing educational data and predicting academic performance. These approaches can facilitate personalized

learning design and intelligent decision-making in virtual education systems.

Kcywords: Virtual education, Online learning, Educational data mining, Academic performance prediction, Machine learning, Random Forest algorithm
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Extended Abstract

Introduction

The rapid advancement of digital technologies has fundamentally transformed educational systems worldwide
and reshaped the processes of teaching and learning. In recent years, virtual education has emerged as one of
the most influential educational paradigms, enabling learners to access educational resources beyond
traditional temporal and geographical limitations (Jiao et al., 2025). The integration of information and
communication technologies into educational environments has facilitated the development of online learning
platforms, learning management systems, and interactive digital environments that support flexible and
learner-centered education (Jiang et al., 2025). The significance of virtual education became particularly
evident during the COVID-19 pandemic, when educational institutions across the globe were forced to shift
from face-to-face instruction to online learning environments (Alam et al., 2022). This sudden transformation
accelerated the digitalization of education and highlighted both the opportunities and challenges associated
with virtual learning (Imran et al., 2025). Research has shown that online education can enhance flexibility,
accessibility, and educational innovation; however, it may also intensify inequalities related to digital
readiness, technological infrastructure, and students’ self-regulation skills (van de Werfhorst et al., 2022). In

many countries, including Iran, the rapid implementation of virtual learning exposed deficiencies in



educational infrastructure and digital competencies among teachers and students (Rahbar Karbasdehi &
Rahbar Karbasdehi, 2021). Reports from educational institutions indicated that many learners experienced
reduced engagement, lower academic motivation, and decreased academic achievement during the virtual
learning period (Ministry of Education of, 2022).

Academic achievement is one of the most important indicators of educational effectiveness and reflects the
extent to which learners attain educational goals (Costa et al., 2024). In online learning environments,
academic achievement is influenced by multiple factors, including digital literacy, motivation, interaction
quality, self-regulated learning strategies, and family support (Mousizadeh Ahaghi, 2025). Studies have
emphasized that students who possess stronger self-regulation abilities, such as planning, monitoring, and time
management, tend to achieve better academic outcomes in online and blended learning environments (Zhao et
al., 2025). Furthermore, interaction and participation in virtual educational networks significantly contribute
to students’ engagement and academic success (Kolahi Zadeh et al., 2025). Alshammari and Alrehaili
demonstrated that teaching, cognitive, and social presence positively influence student engagement in online
courses (Alshammari & Alrehaili, 2025). Similarly, innovative and interactive learning environments can
enhance learners’ motivation and cognitive involvement (Ghanaati & Jamebozorg, 2023). The increasing
complexity of virtual learning environments has also led researchers to focus on educational data mining and
learning analytics as effective approaches for analyzing educational data and predicting students’ academic
performance (Cerezo et al., 2024).

Educational data mining utilizes machine learning algorithms and data analysis techniques to identify hidden
patterns in educational data and support intelligent educational decision-making (Ataei et al., 2024). Through
the analysis of behavioral, cognitive, and interactive learning data, educational data mining can predict
students’ academic performance, identify learners at risk, and support personalized learning design (Maniyan
et al., 2024). Machine learning algorithms such as Random Forest, Artificial Neural Networks, XGBoost, and
Support Vector Machines have demonstrated substantial predictive capability in educational contexts (Al
Shanableh et al., 2026). Previous studies revealed that deep learning and machine learning models can
accurately predict academic performance based on learners’ interaction patterns within virtual learning
environments (Waheed et al., 2020; Yagci, 2022). Moreover, adaptive learning systems based on educational
data mining have been found to increase participation and reduce academic failure in online learning
environments (Azhineh et al., 2025). Despite the growing body of literature, many previous studies have
focused mainly on higher education students and have paid less attention to secondary school learners and their
unique cognitive, emotional, and social characteristics (Towner et al., 2023). In addition, many studies in Iran
have primarily examined teachers’ and students’ experiences of virtual learning rather than analyzing actual
educational data using machine learning methods (Salimi et al., 2021). Therefore, there remains a need for

research that investigates learning patterns among secondary school students in virtual learning environments

through data-driven approaches and machine learning algorithms. Accordingly, the present study aimed to



analyze students’ learning patterns in virtual education environments and predict their academic performance
using educational data mining techniques and machine learning algorithms.

Methods and Materials

The present study employed a data-driven quantitative design based on educational data mining and machine
learning approaches. The statistical population consisted of secondary school students in Semnan Province,
Iran, who had actively participated in virtual learning environments during the academic year. Data related to
400 students were collected from online learning management systems, school databases, and electronic forms
completed by students and teachers. The dataset included a wide range of variables related to behavioral,
cognitive, motivational, and educational dimensions of learning. These variables included self-regulated
learning, digital skills, family support, teacher feedback quality, academic motivation, previous academic
performance, study environment quality, and interaction with educational content.

Data preprocessing procedures were carefully conducted before implementing machine learning algorithms.
Incomplete and duplicated records were removed, and missing values were replaced using standard imputation
techniques. Outliers were examined using statistical methods and were controlled to ensure the reliability of
the dataset. Subsequently, all numerical variables were normalized using z-score standardization to avoid
disproportionate influence of variables with different scales. To reduce model complexity and improve
predictive accuracy, feature selection techniques based on correlation analysis and variable importance indices
were applied.

To identify hidden learning patterns among students, the K-Means clustering algorithm was employed. The
optimal number of clusters was determined using the Elbow and Silhouette methods. For predicting students’
academic performance, several machine learning algorithms were implemented and compared, including
Random Forest, XGBoost, Artificial Neural Network (MLP), Decision Tree, K-Nearest Neighbor (KNN),
Support Vector Machine (SVM), Logistic Regression, and Naive Bayes. The dataset was divided into training
and testing subsets with a ratio of 70% to 30%. Hyperparameter tuning procedures were conducted to optimize
model performance. Model evaluation was performed using Accuracy, Recall, Precision, F1-Score, and ROC
curve analysis. Ten-fold cross-validation was also used to improve the reliability and generalizability of the
findings. All analyses were conducted using Python programming language and machine learning libraries
such as Scikit-learn, Pandas, NumPy, and Matplotlib.

Findings

The results of the clustering analysis revealed three distinct learning patterns among students in virtual
education environments. The first cluster, labeled “Independent and Successful Learners,” comprised
approximately 32% of the sample and was characterized by high levels of self-regulated learning, strong digital
skills, active participation in online learning systems, and high family support. Students in this cluster
demonstrated superior academic performance and effective adaptation to virtual learning environments. The

second cluster, identified as “At-Risk Learners,” included nearly 25% of the participants. This group exhibited



low self-regulation abilities, weak digital competencies, limited participation in educational activities, and
inadequate study conditions at home. These students experienced greater difficulties in adapting to online
education and demonstrated lower academic performance. The third cluster, referred to as “Learners with
Hidden Potential,” represented the largest group, accounting for approximately 43% of the sample. Students
in this cluster possessed relatively high motivation and moderate cognitive and digital skills; however,
insufficient teacher feedback and limited interaction with educational content prevented them from fully
utilizing their learning capacities.

The evaluation of machine learning algorithms demonstrated that the Random Forest model achieved the
highest predictive performance among all examined models. The model obtained an accuracy rate of 92%, a
recall value of 92.8%, a precision score of 91.6%, and an F1-score of 91%. The confusion matrix analysis
indicated that the Random Forest model successfully classified the majority of students and exhibited relatively
low classification errors. XGBoost ranked second in predictive performance with an accuracy of 90.5%,
followed by the Artificial Neural Network model with an accuracy of 89.8%. Although the neural network
demonstrated acceptable predictive capability, its training time was longer compared to other models. Decision
Tree, SVM, and KNN models showed moderate predictive performance, whereas Logistic Regression and

Naive Bayes produced the lowest accuracy values.

Feature importance analysis revealed that self-regulated learning, teacher feedback quality, and family support
were the most influential predictors of students’ academic performance. Sensitivity analysis in the Artificial
Neural Network model further confirmed that self-regulated learning exerted the strongest effect on academic
achievement. In addition, the results indicated a nonlinear interaction between family emotional support and
academic performance. Specifically, increased family support significantly improved academic outcomes
among students with moderate levels of self-regulation. These findings demonstrated that academic
achievement in virtual learning environments is influenced by a complex interaction of cognitive, motivational,
social, and technological factors.

Discussion and Conclusion

The findings of the present study demonstrated that students’ learning patterns in virtual education
environments are highly heterogeneous and influenced by a combination of individual, motivational, cognitive,
and environmental characteristics. The identification of three distinct learning clusters suggests that students
experience online learning environments differently and require differentiated educational strategies. Students
classified as independent and successful learners possessed stronger self-regulation skills, digital
competencies, and family support, which enabled them to manage their learning processes effectively and
achieve better academic outcomes. In contrast, at-risk learners faced substantial challenges related to digital
literacy, inadequate learning environments, and weak self-regulation abilities. These results indicate that
virtual education may intensify educational inequalities when students do not have equal access to

technological resources and supportive learning conditions.



The findings also highlighted the critical role of interaction and feedback in online learning environments.
Learners with hidden potential demonstrated relatively high academic motivation; however, limited interaction
with educational content and insufficient teacher feedback reduced their learning effectiveness. This result
emphasizes that motivation alone is insufficient for successful online learning and that instructional design,
interaction quality, and teacher presence remain essential components of educational effectiveness.
Furthermore, the findings suggest that educational systems should move beyond one-size-fits-all approaches
and adopt personalized learning strategies that consider learners’ individual differences and behavioral
patterns.

Another important finding was the superior predictive performance of the Random Forest algorithm compared
to other machine learning models. The high predictive accuracy of Random Forest indicates that ensemble-
based algorithms are highly effective in modeling complex nonlinear relationships among educational
variables. The ability of machine learning models to identify students at risk and predict academic outcomes
demonstrates the practical value of educational data mining for intelligent educational decision-making. In
particular, the identification of self-regulated learning, teacher feedback quality, and family support as the
strongest predictors of academic achievement suggests that educational interventions should focus on
strengthening these dimensions. Enhancing students’ self-regulation skills, improving digital literacy,
increasing interaction within virtual classrooms, and supporting families in the learning process may
substantially improve the effectiveness of online education.

Overall, the present study demonstrated that educational data mining and machine learning techniques provide
powerful tools for understanding learning behaviors, identifying hidden learning patterns, and predicting
academic performance in virtual education environments. The findings contribute to the growing body of
research on educational data science and support the development of data-driven, personalized, and intelligent
educational systems capable of improving learning quality and reducing educational inequalities in digital

learning environments.
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