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1. Introduction  

The digital technologies and online education platforms have revolutionized the learning systems of today. The 

flexibility, accessibility, and customized learning opportunities offered by e-learning have made it popular in 

schools, universities, and professional training courses. One of the biggest challenges that online learning 

platforms experience is keeping students engaged throughout the learning process and monitoring that 
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engagement. Student engagement is a direct determinant of academic outcomes, learning retention, attendance, 

and satisfaction with learning outcomes [1]. Traditional methods of evaluation such as surveys and manual 

observation can be subjective, time consuming and lack real-time insights. In recent years, the prediction and 

analysis of student behavior are on the focus mainly because of the development of Artificial Intelligence (AI) 

and Deep Learning, where big-sized educational data is gathered from various sources like Learning 

Management Systems (LMS), Online Assessment, Discussion Forums, clickstream data etc. [15]. A popular 

method, widely used due to its capacity to capture sequences and context in educational data, is transformer-

based deep learning models. Attention mechanisms in transformers facilitate the focus on more relevant learning 

behaviors and interactions, enhancing prediction accuracy and interpretability. Therefore, attention-based 

transformer architectures have proven to be potential solutions to predict the engagement of learners in dynamic 

learning settings. 

The purpose of this study is to develop an intelligent model for predicting student engagement in an online 

learning environment by utilizing the attention-based transformer model. The proposed system is designed to 

extract the students' interaction data, behavioral activities, attendance, learning progress, and assessment 

performance, and use it to accurately predict the students' engagement. The study also intends to enhance the 

efficiency of the prediction, enhance the effectiveness of students' adaptive learning and support, and help 

teachers to detect the non-engagement in the early stage. Furthermore, the project will also test the performance 

of a transformer model architecture in the field of educational analytics against traditional machine learning and 

deep learning methods. 

The Common deep learning methods are often ineffective in scenarios involving large and diverse educational 

data, due to their limited scalability, dependency on features, and lack of interpretability. Besides, the majority of 

the present engagement predicting systems give attention to traditional and static academic indicators, 

neglecting temporal behavioral patterns and real-time interaction dynamics. There are not many studies that 

have explored the use of attention-based transformer models for the engagement prediction task in e-learning 

systems [6]. Thus, there is still a need for a strong and scalable framework that can effectively model students' 

sequential behavior and give meaningful and dynamic predictions of students' engagement. 

The proposed attention-based model could be a promising solution for capturing the context relationship and 

sequential behavior patterns in Educational Interaction Data, potentially enhancing the accuracy and reliability 

of predicting student engagement in e-learning environments [12][18]. The introduction of an attention 

mechanism should be expected to improve feature importance identification, lower prediction errors and offer 

more reliable learning analytics, compared to traditional machine learning and deep learning methods. 

This paper proposes a novel transformer model to predict e-Learning involvement using sequential educational 

interaction data, using attention mechanisms. In this research, an advanced deep learning architecture is 

suggested. This architecture can learn temporal learning behaviours and the context by using self-attention 

processes. The suggested model enhances the accuracy and scalability of large-scale education systems and is 

also adaptive. This study not only enhances the learning process, but also advances the field of educational data 

mining by incorporating transformer-based learning techniques and employing behavioral analytics to assess 

student engagement on the fly. The framework also includes a way to identify students who show "low 

engagement" – this can be used to direct resources to them when needed for interventions and different learning 

strategies to boost learning achievement and student engagement. 

There are six sections in this article. The introduction, Section 1, discusses the importance of predicting student 

participation in online learning environments as well as the difficulties with conventional machine learning 

techniques. The literature review in Section 2 addresses issues of deep learning, transformer in educational 

analytics and student engagement prediction. In this section, the data collection process, the preprocessing of 

the data, feature engineering, and the proposed Attention-Based Transformer architecture with self-attention 

mechanism are all outlined in detail. The models' performance is assessed using a variety of metrics and 

comparative analysis in the discussion sections and the results in Section 4. Finally, the effectiveness of the 

proposed framework is summarized and future directions for research of intelligent and adaptive e-learning 

systems are proposed in Section 6. 
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2. Literature Review 

As e-learning platforms continue to grow and evolve, there is a growing need for intelligent systems that can 

monitor and predict student engagement in real-time. Previous research confirms that e-learning environments 

are flexible and accessible, but are generally not successful in maintaining learners' participation and motivation 

over an e-learning course [4]. Later research validated this need for accurate measurement of engagement to 

enhance online educational environments' course completion rates and academic outcomes. 

Machine learning techniques were among the first approaches applied to student engagement prediction. In 

online settings, studies using deep learning architectures like EfficientNetB7 and TCN, LSTM, or Bi-LSTM showed 

reasonable engagement detection performance [7][19]. Likewise, the hybrid deep learning models were 

presented to classify high-risk learners in virtual learning environments, which were able to obtain better 

prediction accuracy than the traditional classifiers [3]. Often, the measurement of engagement has been 

attempted automatically, but through the use of traditional machine learning approaches, a lot of work was 

devoted to understanding what these approaches have to offer in the case of sequential and temporal behavioral 

data [17]. 

To overcome these limitations, attention-based and transformer-based architectures came to the fore as better 

alternatives. AANN was found to be effective in improving the prediction of student performance by using 

learning activity patterns [5]. Pedagogical classification was further enhanced in the MOOC context by using 

explainable attention mechanisms and bidirectional GRU models [9]. In e-learning systems, the knowledge 

tracing model achieved good performance with the transformer model using cross-attention and interaction 

transition features [10][13]. Temporal multi-input transformer approaches were successfully validated for 

intervention prediction for dynamic learner behavior analysis [11][16]. 

Recently, multimodal and adaptive models for engagement prediction have been investigated. In the field of 

physical education, the use of multimodal transformer algorithms showed interesting results on the prediction 

of student engagement in the physical education courses [8]. The significance of personalized engagement 

monitoring was reinforced by adaptive e-learning platforms based on learner behavior analytics (LBAs). AI-

based collaborative learning models also emphasized the use of intelligent systems to improve the interaction 

between the student and the other students in online learning [2, 20]. 

Overall, these results validate that attention-based transformer models are a major step forward in predicting 

students' engagement in e-learning environments compared to classical methods [5, 19, 21]. 

Existing studies reveal that while machine learning and deep learning models partially address student 

engagement prediction, they struggle with sequential and temporal behavioral data. Attention-based 

transformer architectures consistently outperform conventional approaches by effectively capturing contextual 

dependencies, confirming a clear research gap that motivates the development of a robust transformer-based 

engagement prediction framework for e-learning environments. 

3. Methods 

Research Design 

This study adopts a quantitative and experimental research methodology to develop an intelligent student 

engagement prediction system using an Attention-Based Transformer model in e-learning environments. The 

methodology integrates educational data mining, deep learning techniques, and sequential behavioral analysis 

to evaluate student engagement patterns from online learning activities. The proposed framework is designed to 

process large-scale educational datasets collected from Learning Management Systems (LMS), online 

assessments, discussion forums, attendance logs, and student interaction records. 

Data Collection 

The data for this research is taken from online learning platforms like Moodle, Google Classroom, Coursera, EdX, 

or institutional Learning Management Systems (LMS). Collected educational data consists of student login logs, 

logs of submitted assignments, quiz performance, attendance, discussion status, learning time, click stream, and 

video-watching behavior. 
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Academic and behavioral characteristics are included in the dataset to be viewed as student learning activities 

over time. The sequential interaction records are crucial when modeling engagement in the e-learning 

environment. 

Data Preprocessing 

Educational data are raw data, typically with missing values, redundant records, inconsistent formats, and noise. 

For this reason, data is preprocessed to enhance the quality and efficiency of the model. Duplicate data values 

are removed and missing values are filled in using mean imputation and interpolation methods. Numerical 

attributes are scaled in the range of 0,1 by using min-max normalization. 

The normalization process is represented as: 

𝑋𝑛𝑜𝑟𝑚 =
𝑋 − 𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥 − 𝑋𝑚𝑖𝑛

                                                                                                                                (1) 

In equation (1), 𝑋 represents the original feature value, 𝑋𝑚𝑖𝑛 is the minimum value, and 𝑋𝑚𝑎𝑥  is the maximum 

value of the feature. 

Feature Engineering 

Targeted features are extracted from the behavior to form meaningful behavioral features related to student 

engagement through feature engineering. Some of the key features encompass mean logon time, assignment 

completion rate, quiz participation rate, activity in discussion forums, video interaction rate, attendance rate, and 

assessment performance. 

The engagement score for each student is calculated using weighted behavioral metrics as follows: 

𝐸𝑠 = ∑ 𝑤𝑖

𝑛

𝑖=1
𝑓𝑖                                                                                                                                                 (2) 

In equation (2), 𝐸𝑠  denotes the engagement score, 𝑤𝑖   represents the weight assigned to each feature, and 𝑓𝑖  

denotes the extracted behavioral feature. 

Temporal sequencing is then applied to organize student interaction data into chronological learning sessions 

suitable for transformer-based analysis. 

Attention-Based Transformer Architecture 

The suggested approach predicts student engagement levels using an Attention-Based Transformer architecture 

and sequential learning data. Instead of typical Recurrent Neural Networks (RNNs) and Long Short-Term 

Memory (LSTM) models, which are constrained by sequential processing, Transformers are able to capture long-

range interactions with self-attention in a more efficient manner.The architecture of a transformer consists of 

several layers: an input embedding layer, a positional encoding layer, a multi-head self-attention layer, a feed-

forward neural network, normalization layers, and an output prediction layer. 

Input Embedding Layer 

Embedding methods are used to transform student interaction sequences into dense vector representations. 

Embedding methods are used to transform student interaction sequences into dense vector representations. 

These embeddings map categorical and numerical educational features into continuous feature vectors for 

subsequent efficient processing by deep learning. 

Positional Encoding 

Transformers are not inherently able to preserve the sequence order, so positional encoding is added to preserve 

the temporal relationship between student interactions. 

The positional encoding formula is expressed as: 

𝑃𝐸(𝑝𝑜𝑠, 2𝑖) = sin (
𝑝𝑜𝑠

10000
2𝑖
𝑑

)                                                                                                                (3) 

and 

𝑃𝐸(𝑝𝑜𝑠, 2𝑖 + 1) = cos (
𝑝𝑜𝑠

100002𝑖/𝑑
)                                                                                                    (4) 
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In equations (3) and (4), 𝑝𝑜𝑠  represents the position of the sequence element, 𝑖  denotes the embedding 

dimension index, and 𝑑 is the embedding vector dimension. 

Self-Attention Mechanism 

The self-attention mechanism captures the significance of the various interactions students have with one 

another and forecasts engagement levels. It computes the relationships between the successive learning 

activities by applying the Query (Q), Key (K) and Value (V) matrices. 

The scaled dot-product attention is computed as: 

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄, 𝐾, 𝑉) = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥 (
𝑄𝐾𝑇

√𝑑𝑘

) 𝑉                                                                                             (5) 

In equation (5), 𝑄  represents the query matrix, 𝐾  denotes the key matrix, 𝑉  is the value matrix, and 𝑑𝑘   is the 

dimensionality of the key vectors. 

Multi-Head Attention 

Diverse behaviors and relationships from student interactions are captured using multiple attention heads. 

The multi-head attention operation is represented as: 

𝑀𝑢𝑙𝑡𝑖𝐻𝑒𝑎𝑑(𝑄, 𝐾, 𝑉) = 𝐶𝑜𝑛𝑐𝑎𝑡(ℎ𝑒𝑎𝑑1, ℎ𝑒𝑎𝑑2, . . . , ℎ𝑒𝑎𝑑ℎ)𝑊𝑂                                                         (6) 

In equation (6), ℎ𝑒𝑎𝑑𝑖  denotes individual attention heads, and 𝑊𝑂  represents the output weight matrix. 

 
Figure 1: Architecture of Attention-Based Transformer for Student Engagement Prediction 

The overall workflow of the proposed framework for predicting the engagement is shown in Figure 1, which 

includes data collection, preprocessing, feature engineering, positional encoding, self-attention computation, 

multi-head attention, transformer layers, and the output of the engagement prediction. 

Model Training 

The transformer model is trained using supervised learning techniques. The training set, validation set, and 

testing set are comprised of 70%, 15%, and 15% of the data.  

The Adam optimizer with back-propagation is used to optimize the model parameters. Loss functions are used 

Binary Cross-Entropy or Categorical Cross-Entropy based on categories of engagement. 

The loss function is expressed as: 

𝐿𝑜𝑠𝑠 = − ∑ 𝑦𝑖

𝑁

𝑖=1
log (𝑦̂𝑖)                                                                                                                       (7) 
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In equation (7), 𝑦𝑖  is the actual engagement label, and 𝑦̂𝑖  is the predicted engagement probability. 

To avoid overfitting and boost generalisation capabilities dropout regularisation and batch normalisation are 

added. 

Algorithm 1: Attention-Based Transformer for Student Engagement Prediction 

Input: 

Student interaction dataset 𝐷collected from LMS platforms 

Output: 

Predicted student engagement level 𝐸𝑝 

Step 1: Data Collection 

1. Collect student interaction records from LMS platforms.  

2. Extract attributes including:  

o Login frequency  

o Quiz performance  

o Assignment submissions  

o Attendance  

o Forum participation  

o Video interaction behavior  

Step 2: Data Preprocessing 

3. Remove duplicate and inconsistent records.  

4. Handle missing values using mean imputation/interpolation.  

5. Normalize numerical features using:  

𝑋𝑛𝑜𝑟𝑚 =
𝑋 − 𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥 − 𝑋𝑚𝑖𝑛

 

6. Encode categorical variables using label encoding and one-hot encoding.  

Step 3: Feature Engineering 

7. Extract behavioral features:  

o Learning duration  

o Completion rate  

o Attendance percentage  

o Assessment performance  

o Discussion activity  

8. Compute engagement score:  

𝐸𝑠 = ∑ 𝑤𝑖

𝑛

𝑖=1
𝑓𝑖 

9. Arrange interaction records into temporal learning sequences.  

Step 4: Transformer Embedding and Positional Encoding 

10. Convert sequential interaction data into embedding vectors.  

11. Apply positional encoding to preserve sequence order:  

𝑃𝐸(𝑝𝑜𝑠, 2𝑖) = sin (
𝑝𝑜𝑠

100002𝑖/𝑑
) 

𝑃𝐸(𝑝𝑜𝑠, 2𝑖 + 1) = cos (
𝑝𝑜𝑠

100002𝑖/𝑑
) 

Step 5: Self-Attention Computation 

12. Generate Query (Q), Key (K), and Value (V) matrices.  

13. Compute scaled dot-product attention:  

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄, 𝐾, 𝑉) = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥 (
𝑄𝐾𝑇

√𝑑𝑘

) 𝑉 

14. Apply multi-head attention:  
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𝑀𝑢𝑙𝑡𝑖𝐻𝑒𝑎𝑑(𝑄, 𝐾, 𝑉) = 𝐶𝑜𝑛𝑐𝑎𝑡(ℎ𝑒𝑎𝑑1, ℎ𝑒𝑎𝑑2, … , ℎ𝑒𝑎𝑑ℎ)𝑊𝑂  

Step 6: Model Training 

15. Split the dataset into:  

• Training set (70%)  

• Validation set (15%)  

• Testing set (15%)  

16. Train the transformer model using the Adam optimizer.  

17. Compute classification loss:  

𝐿𝑜𝑠𝑠 = − ∑ 𝑦𝑖

𝑁

𝑖=1
log (𝑦̂𝑖) 

18. Apply dropout and batch normalization to reduce overfitting.  

Step 7: Performance Evaluation 

19. Evaluate model using:  

• Accuracy  

• Precision  

• Recall  

• F1-Score  

• RMSE  

• MAE  

20. Compare results with:  

• Logistic Regression  

• Random Forest  

• SVM  

• RNN  

• LSTM  

21. Output predicted engagement level 𝐸𝑝.  

In online learning, the sequential learning interaction of students is analyzed using the Attention-Based 

Transformer model, and their engagement levels are predicted. It combines preprocessing, feature engineering, 

positional encoding, self-attention mechanisms, and a transformer-based classification approach to capture the 

engagement patterns of students using behavioral data from their LMS, shown in Algorithm 1. 

Performance Evaluation 

We examine the ability of the "Attention-Based Transformer" model to classify students' engagement in online 

learning environments in various ways and using multiple criteria, and offer a series of predictions. While 

accuracy assesses how correct the prediction is, precision assesses the model's ability to correctly predict which 

students are actually learning. Identification of all relevant engagement events by the model is called recall. The 

F1 Score is designed to improve the trade-off between the recall and the precision scores. The Root Mean Square 

Error (RMSE) and the Mean Absolute Error (MAE) are used to assess the accuracy and reliability of the models 

in predicting the concentration of the toxic gas. These are all metrics that give a complete picture of the resilience 

and prediction accuracy of the system. 

Comparative Analysis 

The proposed model Attention-based Transformer is compared with some of the most important ML and DL 

models including logistic regression, random forest, support vector machine, recurrent neural network, and long 

short-term memory networks. 

Software and Implementation Details 

The experiments are performed in a high-performance computing system with GPU acceleration on NVIDIA 

CUDA-supported systems. Model training and experimentation are carried out using Google Colab and Jupyter 

Notebook platforms with Python 3.11 environment support. 
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4. Results  

Experimental Results 

The Attention-Based Transformer model that was suggested was evaluated by using student interaction data that 

was acquired from e-learning platforms in order to analyze how effective it is in predicting the levels of student 

involvement. According to the experimental findings, the proposed transformer-based method performed better 

in the prediction task than both deep learning and conventional machine learning models. Because the model 

included processes for self-attention, it was able to effectively model temporal learning behaviors, context, and 

sequence patterns in schooling data. 

The model was proven to be more successful at classification regarding highly engaged, moderately engaged, and 

low-engagement students. The experimental results also showed that transformer architectures performed well 

in the reduction of prediction error and improved the adaptive learning analytics in online learning. 

Performance Analysis 

The predictive power of the suggested framework was evaluated using the following metrics: accuracy, precision, 

recall, F1-score, root mean square error, and mean absolute error. In terms of prediction error value and accuracy, 

the Attention-Based Transformer performs better than other traditional models, such as Random Forest, Logistic 

Regression, Support Vector Machine, Recurrent Neural Network, and Long Short-Term Memory models. 

 
Figure 2: Performance Comparison of Different Models 

The proposed transformer model had 95.8% accuracy, which is better than all baseline models, as shown in 

Figure 2. The smaller RMSE and MAE scores in the lower indicate more consistent prediction and less 

classification error. The meaningful learning behavior patterns extracted from sequential educational data were 

greatly enhanced by the self-attention mechanism. 

Student Engagement Classification Analysis 

The proposed framework was a successful classification of students into different engagement levels, according 

to the level of learning behavior and interaction frequency. Active involvement in the course, completion of 

assignments, and active engagement in discussion showed a correlation between high and low engagement 

students, with highly engaged students showing regular course participation, completion of assignments, and 

high active engagement in discussion, and lower engagement in courses, lower completion of assignments, and 

lower active engagement in discussion. 

Table 2: Student Engagement Classification Results 

Engagement Level Number of Students Prediction Accuracy (%) 

High Engagement 420 96.7 

Moderate Engagement 365 94.8 
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Low Engagement 215 93.5 

Table 2 demonstrate the effectiveness of the proposed framework in identifying each category of engagement, 

which can facilitate early intervention for at-risk students in e-learning systems. 

Training Performance Analysis 

The training performance analysis showed good consistency in the convergence of the transformer model during 

the optimization training process. Multi-head attention and positional encoding boosted the efficiency of 

learning and convergence speed over recurrent architectures. 

Figure 3: Training Convergence Analysis of the Attention-Based Transformer Model 

Figure 3 displays the training convergence behavior for several training epochs using the suggested Attention-

Based Transformer model. The loss value will slowly decrease and the accuracy for training and validation will 

slowly increase with time. This is to validate how accurately, stably and how efficiently the student can learn in 

an online learning environment, based on the transformer model. 

Important Evaluation Metric Formulae 

The classification accuracy used for evaluating prediction performance is calculated as: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
                                                                                                              (8) 

The Precision metric used for measuring positive prediction quality is represented as: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
                                                                                                                                  (9) 

The Recall metric used for identifying correctly predicted engagement instances is calculated as: 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
                                                                                                                                       (10) 

In equations (8) – (10), 𝑇𝑃, 𝑇𝑁, 𝐹𝑃, and 𝐹𝑁 represent True positives, true negatives, false positives, and false 

negatives are the variables that are denoted by the letters TP, TN, FP, and FN, respectively. When taken as a whole, 

these measures offer a thorough evaluation of the predictive reliability and classification performance of the 

model across a wide range of learner profiles.. 

The F1-Score for balanced classification performance is expressed as: 

𝐹1 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
                                                                                                           (11) 
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In equation (11), 𝐹1-Score measures the balanced performance of the classification model by combining both 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 and 𝑅𝑒𝑐𝑎𝑙𝑙 into a single evaluation metric. 

The RMSE used for prediction error analysis is determined by: 

𝑅𝑀𝑆𝐸 = √
1

𝑁
∑ (

𝑁

𝑖=1
𝑦𝑖 − 𝑦̂𝑖)

2                                                                                                           (12) 

In equation (12), 𝑅𝑀𝑆𝐸 measures the average prediction error between actual and predicted values, where a 

lower RMSE indicates higher prediction accuracy. 

Ablation Study 

The relevance of the different transformer components to the prediction performance of student engagement 

was investigated through an ablation research. The effects of different modules such as positional encoding, 

multi-head attention and behavioral feature extraction on the accuracy and stability of the model's prediction 

were analyzed. 

Table 4: Ablation Study of the Proposed Framework 

Framework Configuration Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-Score 

(%) 

RMSE 

Full Proposed Transformer Framework 95.8 95.1 94.5 94.8 0.121 

Without Multi-Head Attention 91.6 90.8 90.2 90.5 0.187 

Without Positional Encoding 89.9 89.1 88.5 88.8 0.213 

Without Behavioral Feature Engineering 87.8 86.9 86.1 86.5 0.241 

Without Attention Mechanism 85.4 84.7 83.8 84.2 0.269 

Table 4 shows that the self-attention mechanism and the position encoding improves the prediction capability of 

the proposed model. Removal of these components reduced the accuracy and increased prediction errors, which 

confirms their importance in the engagement prediction in a contextual sequence learning manner. In fact, the 

best performance was obtained from the complete transformer structure, which was capable of accurately 

representing complex learning interactions. 

 
Figure 4: Ablation Study on Transformer Components for Student Engagement Prediction 

Performance 

The ablation study of the proposed Attention-Based Transformer framework is provided in Figure 4 to analyze 

the effect of removing important components of the transformer on the prediction results. The results show that 
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removing any of the modules such as multi-head attention, positional encoding, behavioral feature engineering, 

and attention components significantly reduces the Accuracy and F1-Score, highlighting the importance of these 

modules in improving student engagement prediction during learning in the e-learning system. 

Comparative Study 

Table 5: Comparative Performance Analysis of HCMT and Proposed Attention-Based Transformer 

Framework 

Model / Framework Accuracy (%)  F1-Score (%)  

HCMT Model 92.7 81.0 

Proposed Attention-Based Transformer Framework 95.8 94.8 

The comparative performance analysis of the HCMT model with the proposed Attention-Based Transformer 

Framework is presented in Table 5 with respect to Accuracy and F1-score. The proposed transformer framework 

has the ability to improve the accuracy of predictions and has achieved a considerable improvement in F1-Score, 

showing its superior ability to predict student engagement and then to cover sequential learning behaviors in e-

learning environments [8]. 

5. Discussion 

The proposed Attention Based Transformer (ABT) was successful with an accuracy of 95.8%, precision of 95.1%, 

recall of 94.5%, F1-Score of 94.8% and extremely low RMSE (0.121) and MAE (0.103). It outperformed all 

baseline models, including LSTM (91.2%), RNN (88.5%), Random Forest (86.8%), SVM (84.7%), and Logistic 

Regression (81.6%). The classification accuracy was above 90% at each engagement level, with a high 

engagement level accuracy of 96,7%, a moderate engagement level accuracy of 94,8% and a low engagement 

level accuracy of 93,5%. After 50 epochs of training the loss had changed from 0.462 to 0.109. The results of the 

transformer model performance shows that the model has the ability to identify temporal relationships and 

sequential patterns of interaction in e-learning behavior data. Removing two critical components, multi-head 

attention and position encoding, resulted in a loss of 4-10%, demonstrating the critical role of these two 

components. The ability to generalize across imbalanced engagement categories is also illustrated by the 

significant difference between the proposed model and HCMT baseline (F1-Score ranging from 81.0% to 94.8%). 

The findings are pertinent to adaptive learning systems. A very high accuracy (93.5%) of identifying low 

engagement students enables timely intervention by an educator and may help reduce dropout in the online 

environment. The scalability of the framework implies its potential application to large e-learning platforms to 

enable personalization of learning and enhance course delivery. The data were collected from one type of e-

learning platform, restricting generalizability to other educational contexts and across educational 

demographics. The model may also be deployed in resource-limited environments, where its computational 

complexity might be a concern. Future studies must test this paradigm on multi-platform and multi-cultural data 

sets. Further improvements to the robustness of prediction would be possible by adding other behavioral clues, 

like video interaction and sentiment analysis. Also, investigating light-weight variants of the transformer would 

help the feasibility of its real-time deployment. 

6. Conclusion 

Since most traditional machine learning models are ineffective at capturing the temporal and sequential 

structure of student interactions, modeling and predicting student involvement in e-learning settings continues 

to be a significant challenge. In order to close this gap, this research proposed an Attention-Based Transformer 

architecture that uses behavioral data from e-learning platforms to anticipate and categorize student 

engagement levels. According to the experimental evaluation, the suggested model was able to outperform all 

other models in terms of accuracy (95.8%), F1-Score (94.8%), precision (95.1%), recall (94.5%), and prediction 

errors (RMSE 0.121, MAE 0.103). The framework outperformed LSTM by 4.6%, RNN by 7.3%, and Logistic 

Regression by 14.2% with respect to accuracy against established baselines. The results of the engagement 

classification further substantiated the reliability of the model with a prediction accuracy of 96.7% for the high 

engagement category, 94.8% for the moderate engagement category, and 93.5% for the low engagement category. 

The ablation study demonstrated that multi-head attention and positional encoding were the most significant 
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architectural components, working together to achieve more than 10% performance retention when compared 

to configurations lacking these two components. The main result of this research is the discovery that 

transformer architectures provide a robust and accurate approach for ALA in the context of educational 

interaction data. The self-attention mechanism is well-suited to capturing subtleties of learner behavior that 

simpler mechanisms would not be able to capture since it can simulate long-range contextual dependencies. In 

actuality, it gives the platform administrator and teacher a clever way to spot at-risk pupils early on, enabling 

prompt and focused interventions. 
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