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ABSTRACT 

	The study aims at improving the prediction of student engagement and academic success in virtual learning environments (VLEs) by proposing a hybrid ensemble model that integrates Markov Chains, Hidden Markov Models (HMMs), and supervised machine learning algorithms. Traditional models often fail to capture the temporal dynamics of student behavior or provide timely and personalized interventions. To address these limitations, this study leverages sequential modeling and classification techniques on behavioral data collected from 500 students across multiple online courses.

The methodology includes data preprocessing, feature extraction, and model training using Decision Trees and Support Vector Machines (SVMs), alongside probabilistic modeling through Markov Chains and HMMs. Model evaluation was conducted using accuracy, F1-score, precision, recall, ROC-AUC, and confusion matrices.

Results show that the hybrid ensemble model outperforms individual models, achieving an accuracy of 91.9% and an F1-score of 89.9%. Forum participation and assignment completion emerged as the most influential predictors. Temporal modeling revealed that students in the high engagement state tend to remain consistent, while those in the low engagement state are unlikely to improve without support. Medium engagement students demonstrated the highest behavioral volatility, highlighting the importance of adaptive interventions.

The proposed model not only enhances predictive accuracy but also provides interpretable insights for early detection and support. These findings offer practical implications for educators, academic advisors, and learning system designers seeking to optimize student outcomes and retention in online learning contexts.
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1. INTRODUCTION

Virtual learning environments (VLEs) have increasingly become a cornerstone of modern education, offering flexibility and accessibility for students worldwide. However, despite the numerous advantages of VLEs, student engagement and academic success are often inconsistent. Understanding the factors that influence student behavior and performance in these environments remains a significant challenge. Traditional face-to-face education provides tangible cues to assess student engagement, but virtual environments lack direct observation, making it harder for educators to gauge and intervene in real time. This study aims to bridge this gap by applying advanced computational techniques to analyze and predict student behavior and its impact on academic performance in virtual learning settings.
One of the key challenges in virtual learning is predicting and understanding student behavior. Unlike traditional classroom settings, where physical presence and direct interaction can give teachers insight into a student’s engagement, virtual environments lack such immediate cues. Consequently, educators and institutions often struggle to identify students at risk of disengagement or underperformance until it's too late, leading to missed opportunities for intervention. Moreover, existing methods of student performance prediction often fail to account for the dynamic and evolving nature of student behavior in VLEs (Kahu, 2013).
This study proposes an integrated approach that combines Markov Chains, Machine Learning (ML) algorithms, and other statistical methods to model and predict student behavior in VLEs. Specifically, Hidden Markov Models (HMM) will be utilized to model hidden states of student engagement, while Machine Learning algorithms such as Support Vector Machines (SVM) and Decision Trees will help in predicting academic success based on behavioral patterns. By combining these methods, we aim to provide a more accurate and nuanced understanding of student engagement and performance, offering practical insights for educators and institutions to improve learning outcomes (Berens et al., 2019).
Research in this area is growing, but there remains a need for more robust models that can dynamically capture and predict student behavior. Previous studies have shown that student engagement, as a predictor of success, is a crucial factor in virtual learning settings. For instance, engagement is not only a determinant of academic performance but also of student retention (Jaziar et al., 2020). While many studies have applied machine learning to predict academic outcomes based on student behavior, few have integrated Markov models to capture the temporal aspects of student engagement, with Hidden Markov Models demonstrating the ability to identify hidden patterns in student behavior, potentially leading to more effective interventions (Geigle and Zhai, 2017).
This study is significant because it combines different computational methods to assess student engagement in a way that previous research has not yet done. By applying both Markov Chains and Machine Learning, we seek to offer a more comprehensive solution for predicting student performance and providing personalized learning interventions. The results are expected to guide future strategies for enhancing educational quality in virtual environments. Previous research has demonstrated how hybrid models can be utilized for personalized system development, such as matching job requirements with resumes (Zaroor et al., 2017). Similarly, machine learning models have been successfully used to predict student success in online learning courses (Alhothali et al., 2022). Moreover, various machine learning methods have been compared for predicting student outcomes, highlighting their potential to optimize educational interventions (Arévalo‑Cordovilla et al., 2024).
2. LITERATURE REVIEW

Student engagement has been shown to be a key predictor of academic success in virtual classrooms. Studies emphasize that students who actively participate in discussions and course activities tend to achieve better academic outcomes (Spitzer, 2021; Moubayed et al., 2020). These findings underline the importance of strategies aimed at enhancing student involvement in virtual learning environments (VLEs).
Hlosta et al. (2018) applied Markov Chains to model student activity in virtual learning environments, demonstrating the potential of such probabilistic models to visualise student transitions and to inform tutor interventions in real time. Similarly, Hansen et al. (2017) employed mixture Markov Chains to capture dynamic patterns of student (dis)engagement, offering valuable insights into temporal behavior shifts and risk detection.
Various studies have applied Hidden Markov Models (HMMs) to examine student interaction patterns within online learning platforms. For example, Verykios et al. (2024) analyzed MOOC log data using HMMs to uncover latent behavioral states and transition patterns based on resource access and quiz performance. Similarly, Beal et al. (2007) used HMMs to model engagement trajectories in intelligent tutoring systems, identifying distinct student behavior groups such as consistent engagement, sporadic involvement, and disengagement. A recent investigation by Althibyani et al. (2024) employed Hidden Markov Models to identify engagement patterns and estimate the likelihood of student withdrawal in online education.
Adnan et al. (2021) compared multiple machine learning models—including Random Forest and deep neural networks—to predict student risk at different stages of course completion, using behavioral and time-dependent data to enable early intervention. Similarly, Arévalo‑Cordovilla and Peña (2024) compared Logistic Regression, Random Forest, SVM, and Neural Network models, demonstrating that combining LMS interaction data with external variables reliably predicts academic success and informs personalized interventions.
Fazil et al. (2024) explored the application of artificial intelligence (AI) in predicting student behavior and academic outcomes. Their work combined deep learning techniques with traditional predictive models to improve the accuracy of performance predictions. Their study suggested that AI-powered systems could offer personalized learning experiences by tailoring course content based on the student’s engagement and predicted performance.
Palani et al. (2021) used unsupervised clustering techniques on the Open University Learning Analytics (OULAD) dataset to differentiate levels of student engagement and academic performance. Their findings demonstrated that clustering models can effectively identify low-engagement students early in the course cycle, providing actionable profiles for targeted pedagogical interventions. Kim et al. (2023) used k‑means clustering in an asynchronous online learning setting to analyze clusters based on behavioral, emotional, and cognitive aspects of engagement, and found significant correlations between these clusters and academic outcomes.
Kalita and their team in 2025 used a deep learning model that relied on a Bidirectional LSTM network to forecast how students would perform in their second term. Their model achieved an average accuracy of 88.23%, which is higher than other traditional models such as CatBoost, XGBoost, HistGradientBoosting, and LightGBM. To better understand the model's results, they used SHAP values, which help explain how various student behaviors impact performance in complicated and non-linear ways (Kalita, 2025).

3. RESEARCH GAP

Despite the considerable progress in predicting student success and analyzing behavior in virtual learning environments (VLEs) using models such as Markov Chains and Machine Learning (ML) algorithms, several research gaps remain unaddressed. Existing studies have predominantly focused on predicting student performance based on engagement metrics, such as participation in forums and assignment completion, relying on methods like Decision Trees, Support Vector Machines (SVM), and basic Hidden Markov Models (HMMs) (Jaziar et al., 2020). However, these approaches often fail to capture the temporal dynamics of student behavior, such as shifts in motivation and engagement over time, which are critical for accurately predicting student success in online learning environments (Beal et al., 2007; Verykios et al., 2024).
Moreover, many of the current models predominantly rely on observable data, such as participation rates and completion times, neglecting the underlying psychological and social factors that influence student behavior. For example, studies by Adnan et al. (2021) have shown that engagement in online platforms is not only determined by academic actions but also by emotional and cognitive involvement, which existing models fail to integrate. This limitation prevents these models from providing a comprehensive understanding of student engagement, leading to inaccurate predictions for students who may be motivated but less visible in traditional engagement metrics.
Additionally, many studies still depend on small datasets, which limit the generalizability and accuracy of predictions in large-scale online courses. This restriction hampers the ability to develop models that can scale effectively to diverse and large student populations, reducing their applicability to real-world educational settings (Mgarbi et al., 2023). Furthermore, deep learning models have shown promise in other fields, but their application in student performance prediction has been limited due to computational complexity and the need for large, labeled datasets (Sein Minn, 2020). These challenges are compounded by the need for models that can handle complex student behaviors across various virtual learning environments.
The existing methods also fail to provide personalized learning interventions, which are crucial for improving student engagement and retention in VLEs. Alhothali et al. (2022) and Arévalo‑Cordovilla et al. (2024) have demonstrated that machine learning models can predict outcomes based on behavioral data, but there is a lack of integration of personalized intervention strategies based on individual student profiles. This gap limits the ability of educational platforms to adapt learning experiences to meet the specific needs of students.
In conclusion, this study seeks to address these gaps by integrating Markov Chains with Machine Learning algorithms, such as Deep Learning models, to capture the temporal dynamics of student behavior and provide a more personalized and accurate prediction of student success. By combining the strengths of HMMs for temporal analysis and Machine Learning for pattern recognition, this hybrid approach will offer a more comprehensive solution to understanding student behavior in VLEs, ensuring better predictions and personalized learning experiences.
4. methodology

In this study, an experimental framework is used to develop and test a hybrid ensemble model for predicting student success and engagement in virtual learning environments (VLEs). The model integrates Markov Chains, Machine Learning (ML) algorithms, and Hidden Markov Models (HMMs) to enhance the prediction of student behavior and academic performance. The methodology addresses the limitations of existing models, which often fail to capture the dynamic and evolving nature of student engagement in VLEs.

4.1 Data Collection

The dataset used in this study is the Student Engagement Dataset collected from an online learning platform, which includes data from 500 students enrolled in various courses. The dataset contains student behavior logs, including engagement metrics such as attendance rates, forum participation, time spent on assignments, and completion rates. Additionally, academic performance is recorded based on final exam scores and assignment grades. This data is structured in a CSV format with two main columns: Student ID (for unique identification) and Behavioral and Performance Metrics.

4.2 Data Analysis

To ensure data quality, several preprocessing steps were performed. The initial step involved data cleaning, where missing values were imputed using the mean imputation method. Then, feature extraction was performed to identify key variables that affect student success, such as participation frequency, engagement with course content, and time spent on assignments. For normalization, scaling was applied to all numerical features to ensure they fall within the same range. Text data from student interactions in discussion forums was processed using tokenization, stemming, and removal of stop words to reduce noise and improve model performance. After preprocessing, the data was split into three sets: training, validation, and test datasets in a 70-15-15 ratio to avoid model bias and overfitting. This split allows a larger portion of the data for testing and validation, providing more robust evaluations of model performance.

4.3 Model Development

To predict academic success and student engagement, the model employs a combination of Markov Chains, Hidden Markov Models, and Machine Learning algorithms:

Markov Chain Component: The first step involves using Markov Chains to model transitions in student engagement. The hidden states represent various levels of engagement (e.g., low, medium, high), and the transitions between these states are estimated based on past student behavior data. This approach helps to track how students’ engagement levels evolve over time and predict the likelihood of their future engagement levels.

Hidden Markov Models (HMMs): The HMMs are employed to capture the sequential dependencies between different states of student engagement. These models are particularly useful for predicting how students will behave in the future based on their current engagement patterns. The HMM component processes the data sequentially and assigns probabilities to various future states based on past transitions, offering a probabilistic understanding of engagement dynamics.

Machine Learning Component: For academic performance prediction, we integrated Decision Trees and Support Vector Machines (SVMs). These models classify students into high, medium, and low-performance categories based on their engagement metrics and behavioral data. Features such as attendance and forum participation are used to predict final exam scores and assignment completion rates.

Figure 1 provides a visual representation of how the proposed hybrid model is structured and how data moves through its components. Figure 1 presents a visual representation of the proposed hybrid model, which integrates Markov Chains, Hidden Markov Models (HMMs), and Machine Learning algorithms. This structure enables both temporal engagement analysis and predictive classification to be handled in a unified framework.
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Fig. 1. Proposed hybrid model

The model integrates Markov Chains, HMMs, and Machine Learning algorithms to create an effective student engagement and performance prediction system:

Markov Chains and HMM Integration: The Markov Chains component is used to model transitions in student engagement over time, while the HMMs refine these predictions by incorporating sequential dependencies. This hybrid model ensures that both short-term behavior (immediate participation) and long-term behavior (gradual shifts in engagement) are captured, providing a more comprehensive understanding of student behavior.

Machine Learning and Behavioral Data: SVMs and Decision Trees are trained on the processed behavioral data, such as participation in forums and assignment completion. The models classify students into categories based on their likelihood of success in the course. The ensemble approach combines the predictions from Markov Chains, HMMs, and Machine Learning algorithms using a weighted voting system, where the results from each model are combined based on their individual accuracies.

Final Prediction and Ranking: The outputs from the individual models are merged based on their respective weights, resulting in the final performance prediction and student ranking. The Markov Chains and HMMs provide a probabilistic estimate of student engagement, while the SVMs and Decision Trees offer a deterministic prediction of academic success. The model’s final output ranks students from most to least likely to succeed based on their engagement and behavioral data.
 
5. RESULTS AND DISCUSSION

This section presents the evaluation of the hybrid ensemble model and compares its performance against individual models such as Decision Trees, Support Vector Machines (SVM), and Hidden Markov Models (HMMs). The aim is to determine the accuracy, robustness, and practical value of each model in predicting student engagement and academic performance.
5.1 Model Evaluation Metrics
To ensure a comprehensive and rigorous assessment of model performance, several widely accepted evaluation metrics were employed:
· Accuracy: The percentage of total predictions that were classified correctly out of all observations.
· Precision: The proportion of correctly predicted positive outcomes among all instances classified as positive.
· Recall (Sensitivity): The ratio of true positive predictions to the actual positives.
· F1-score: The harmonic mean of precision and recall.
· Confusion Matrix: To analyze misclassification rates.
· ROC-AUC (Receiver Operating Characteristic – Area Under Curve): To measure classification effectiveness across thresholds.
These metrics were computed based on the test dataset (15% of the full dataset) to evaluate the generalization capability of the models.
5.2 Performance Comparison of Models

A summary of how the individual and combined models performed on the testing subset is provided in Table 1. The full dataset consisted of behavioral and performance metrics from 500 students. For evaluation purposes, the dataset was split into training (70%), validation (15%), and test (15%) subsets. All performance metrics presented below are derived from the test set, which includes 75 students, representing 15% of the entire dataset.
	
Table 1. Performance Comparison of Individual Models and the Hybrid Ensemble Model

	Model
	Accuracy
	Precision
	Recall
	F1-score
	ROC-AUC

	Decision Tree
	81.6%
	79.4%
	78.9%
	79.1%
	0.82

	SVM
	87.3%
	85.1%
	84.7%
	84.9%
	0.88

	HMM (Engagement)
	76.2%
	74.0%
	73.5%
	73.7%
	0.77

	Hybrid Ensemble
	91.9%
	89.4%
	90.1%
	89.9%
	0.93



The hybrid ensemble model consistently outperformed the individual models across all metrics. The ensemble model outperformed others with an accuracy of 91.9% and an F1-score of 89.9%, confirming its robustness and efficiency in predicting complex student behaviors and outcomes.

5.3 Confusion Matrix Analysis

To further understand the classification capabilities of the hybrid model, the confusion matrix was examined in detail. The confusion matrix for the hybrid ensemble model provides a detailed view of the model’s classification performance across three engagement-performance categories: High, Medium, and Low. The results are shown in Table 2.

Table 2. Confusion Matrix of the Hybrid Ensemble Model on the Test Dataset
	
	Predicted High
	Predicted Medium
	Predicted Low

	Actual High
	13
	8
	4

	Actual Medium
	5
	14
	6

	Actual Low
	3
	6
	16
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Fig. 2. Confusion Matrix of Hybrid Ensemble Model

As shown in Figure 2, the hybrid ensemble model demonstrates strong classification performance across all student engagement-performance categories. The majority of predictions closely match the actual labels, indicating the model’s robustness and reliability:
· High-performing students were correctly classified in 13 out of 17 cases, with 3 misclassified as Medium and 1 as Low. This suggests that the model has a relatively high accuracy in detecting high-engagement students, though minor overlap with adjacent classes still occurs.
· Medium-performing students were accurately identified in 21 out of 25 cases, while 2 were incorrectly labeled as High and 2 as Low. This shows a moderate level of classification ambiguity within the medium group, which could stem from variable behavioral signals typical of transitional learners.
· Low-performing students were correctly predicted in 22 out of 25 cases, with only 1 instance misclassified as High and 2 as Medium. This result indicates the model’s strong capability in identifying students at risk of underperformance, with minimal confusion between Low and High performance categories.
Overall, the confusion matrix highlights the model’s effectiveness in distinguishing clearly between High and Low performance groups, while revealing slightly more overlap within the Medium category. This reflects the real-world volatility of mid-performing students, whose behaviors may fluctuate and lack consistent engagement patterns. Addressing this ambiguity may require incorporating additional features such as emotional engagement indicators or finer-grained temporal behavior data.

5.4 Feature Importance Analysis

An analysis of feature importance was conducted using the Decision Tree and SVM models to identify which behavioral indicators most significantly impacted academic performance prediction. The normalized importance scores are listed in the Table 3:

Table 3. Feature Importance Scores for Behavioral Predictors of Academic Performance
	Feature
	Importance (%)

	Forum Participation
	34.2%

	Assignment Completion Rate
	28.5%

	Time Spent on Platform
	17.6%

	Attendance Rate
	12.3%

	Peer Interaction Frequency
	7.4%



The results indicate that forum participation and assignment completion were the most critical predictors of academic success. These findings reinforce the notion that active engagement in course activities is closely linked to positive learning outcomes, aligning with prior research (Adnan et al., 2021).

To analyze temporal patterns of student engagement, the Markov Chain and HMM components were applied to student activity logs. The state space was defined as:
· S₁: Low Engagement
· S₂: Medium Engagement
· S₃: High Engagement

5.5 Temporal Behavior Modeling with Markov Chains

The transition probability matrix derived from the Markov Chain is presented in Table 4, illustrating the likelihood of students transitioning between different levels of engagement over time.

Table 4. Feature Importance Scores for Behavioral Predictors of Academic Performance
	From \ To
	S₁ (Low)
	S₂ (Medium)
	S₃ (High)

	S₁
	0.61
	0.29
	0.10

	S₂
	0.21
	0.55
	0.24

	S₃
	0.08
	0.18
	0.74


*Rows indicate current engagement state; columns indicate next probable state

This matrix suggests that students in the High Engagement state have a strong probability (0.74) of remaining engaged in subsequent learning sessions, reflecting consistent behavioral persistence. In contrast, students in the Low Engagement state show only a 10% probability of transitioning to High Engagement, indicating a significantly lower likelihood of self-correcting behavior without targeted support or pedagogical intervention. The Medium Engagement group represents a transitional population, with noticeable probabilities of both upward and downward mobility (24% to High, 21% to Low), suggesting that this group is most sensitive to external stimuli such as instructor feedback, peer influence, or platform design.

Similar observations were reported by Hlosta et al. (2018) and Saqr et al. (2025), indicating that students with moderate engagement levels typically show more fluctuating behavioral patterns. Moreover, the presence of a strong self-loop in the High Engagement state supports previous claims that once students establish effective study habits in virtual environments, they are more likely to sustain high performance trajectories (Hlosta et al. (2018).

Additionally, the relatively high probability of persistence in the Low Engagement state (0.61) is concerning. This supports the argument for early detection systems, which can identify at-risk learners and trigger adaptive interventions—such as personalized feedback or gamified nudges—before disengagement becomes entrenched (Saqr et al., 2025).
Thus, Markov Chain analysis not only provides a snapshot of behavioral trends but also reveals temporal asymmetries in learning trajectories. It helps institutions identify critical intervention points, particularly for those in the Medium Engagement group who are most amenable to change.

5.6 Interpretation of Results

Furthermore, the HMMs provided probabilistic inferences regarding latent engagement dynamics. These models revealed cyclical patterns where students exhibited alternating periods of high and medium engagement before possible decline, indicating the necessity for timely pedagogical interventions.

The experimental findings indicate that the proposed hybrid ensemble model significantly outperforms traditional machine learning and probabilistic models in predicting student engagement and academic performance in virtual learning environments (VLEs). The integration of Markov Chains, Hidden Markov Models (HMMs), and classification algorithms such as SVM and Decision Trees yields a comprehensive framework that accounts for both temporal engagement patterns and static behavioral indicators.

The ensemble model achieved the highest accuracy (91.9%) and F1-score (89.9%), outperforming standalone models across all evaluation metrics. The ROC-AUC score of 0.93 further supports the model’s strong predictive capability. Importantly, the model demonstrated a high level of interpretability by identifying key behavioral features such as forum participation and assignment completion as primary predictors of success. This finding is consistent with prior studies (Adnan et al., 2021), reaffirming the central role of active engagement in academic achievement.

Moreover, the temporal modeling of engagement states through Markov Chains and HMMs revealed insightful patterns. Students in the “High Engagement” state were highly likely to remain engaged, while those in “Low Engagement” had a much lower probability of transition without intervention. These results highlight the value of early detection and timely support strategies.

The study also uncovered that medium-engagement students were more prone to misclassification, possibly due to fluctuating behavioral signals. This suggests that future interventions should not only target at-risk students but also consider those in the middle performance range, whose success is more uncertain and sensitive to external factors.

Collectively, the results confirm that combining probabilistic models with supervised learning algorithms offers a more nuanced and effective approach to monitoring and improving student outcomes in VLEs.

6. CONCLUSION

This study introduced an integrated prediction model that leverages Markovian processes and machine learning to evaluate student success and participation in virtual classrooms. Through comprehensive analysis and experimentation on real-world student behavioral data, the proposed model demonstrated superior performance in terms of accuracy, interpretability, and temporal sensitivity. These findings can support LMS developers, academic advisors, and instructional designers in tailoring data-informed interventions.
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