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ABSTRACT 

As online learning continues to expand, its flexibility in time and location supports individual 
learning differences and lifelong learning, contributing to sustainable social and economic 
development. However, online learners require greater self-discipline and responsibility due to 
limited interaction and reduced instructor oversight, making it difficult to monitor engagement 
and adapt teaching strategies. One of the most significant challenges in this environment is 
sustaining student attention, which is essential for effective learning. A lack of sustained 
attention can lead to decreased motivation and higher dropout rates, impacting overall learning 
outcomes. 
This study explores the use of computer vision-based AI to analyze behavioral patterns that 
indicate sustained attention in online learning. By tracking key behavioral indicators, including 
gaze direction, facial expressions, blinking patterns, and eye closure frequency, this approach 
provides valuable insights into student engagement. The Learner Sustained Attention (LeSA) 
model was developed and evaluated using four machine learning algorithms to determine the 
most effective method for identifying attention patterns. 
Findings indicate that integrating computer vision-based AI into online education provides  
a scalable and data-driven solution for real-time attention monitoring. The Random Forest 
model demonstrated the highest accuracy (84.07%), effectively identifying behavioral patterns 
associated with sustained attention. These insights can support instructors in adapting teaching 
methods, enhancing student engagement, and reducing dropout rates. This study contributes to 
the ongoing innovation in educational technology, reinforcing the role of AI-driven behavioral 
tracking in improving learning experiences and instructional effectiveness in online education 
 
KEYWORDS: Online Learning, Computer Vision, Sustained Attention, Artificial Intelligence, 
Educational Innovation, Behavioral Patterns, Engagement Tracking, Learning Analytics 
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15 INTRODUCTION 

The digital transformation has significantly reshaped education, making learning more flexible, 
accessible, and adaptable to individual needs (Wichuda, 1999). Online learning has emerged 
as a key driver in promoting lifelong learning and sustainable development (Torres, 2011; 
Vieira, 2019), enabling learners to engage with educational content regardless of time and 
location. However, despite these advantages, maintaining student engagement and attention 
remains a critical challenge, particularly due to the lack of real-time observation and interaction 
between instructors and learners (Guo et al., 2015; Rothkrantz, 2017). Addressing this 
challenge requires innovative strategies that ensure students remain focused and engaged, 
ultimately enhancing their learning experiences and outcomes. Previous research has explored 
three primary approaches to tackling this issue (Hakimi et al., 2024): 
The Instructional Strategies Approach focuses on improving engagement and motivation by 
implementing student-centered learning methods such as project-based learning, interactive 
activities, and collaborative tasks (Achuthan et al., 2024; Balalle, 2024; Jiang & Cheong, 
2024;Marland & Store, 1993; Samandar, 2024). These approaches foster active participation 
and reduce dropout rates by making online learning more interactive and personalized. 
The Content Delivery Approach ensures that learning materials are structured, engaging, and 
aligned with students' learning styles. Poor content organization can lead to cognitive overload, 
frustration, and disengagement. Effective delivery includes clear learning objectives, modular 
content, multimedia integration, gamification, and interactive learning tools, all of which 
enhance student engagement and knowledge retention (Afzal et al., 2024; Khasawneh et al., 
2023; Muhammad, 2024; Sadanala et al., n.d.). 
The Monitoring Learners’ Behavior Approach leverages data-driven interventions and AI-
powered student monitoring to analyze learning behaviors and apply timely interventions. AI 
models can track facial expressions (Cha & Kim, 2015; Dewan et al., 2018; D’Mello et al., 
2012; Hutt et al., 2017; Murali et al., 2021; Sun et al., 2019; Zeng et al., 2019), gaze behavior 
(Bedenlier et al., 2021; Hutt et al., 2017; Murali et al., 2021; Yang et al., 2015), head posture 
(Ahuja et al., 2021; Murali et al., 2021; Raca & Dillenbourg, 2015), and physiological 
responses such as brain waves (Hassib et al., 2017; Kosmyna & Maes, 2019) and galvanic skin 
response (GSR) (Al Machot et al., 2018; Di Lascio et al., 2018). These insights provide real-
time feedback, enabling instructors to better understand student engagement levels and 
implement adaptive interventions. 
Building upon these approaches, this study introduces LeSA (Learner Sustained Attention), an 
AI-powered solution utilizing computer vision techniques to analyze students’ sustained 
attention in online learning. By extracting behavioral patterns such as gaze tracking, facial 
expressions, and blinking patterns, the proposed model offers a practical tool for monitoring 
engagement and enhancing instructional strategies. 
Research Objectives 

1. To investigate online learners' behavioral patterns using computer vision 
techniques and their impact on sustained attention levels. 

2. To analyze the relationship between these behavioral features and students' 
engagement in online learning environments. 

3. To evaluate the effectiveness of AI-powered attention monitoring tools in 
supporting instructors to enhance student engagement and improve instructional 
strategies in online education. 
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16 RESEARCH METHODOLOGY 

This research follows a research and development approach using mixed methods design with 
the following steps: 

16.1 Data Collection 

A dataset was collected from 25 student participants, consisting of 20 males and 5 females, all 
Asian teenagers aged between 15–20 years old, with 2 participants wearing glasses. Prior to 
data collection, all participants were informed about research ethics and provided consent for 
data collection. 
Each participant recorded two 20-minutes video sessions using their own devices to reflect 
real-world diversity in online environments. The sessions included:  

- Active online activities that participants found engaging and enjoyable, where 
they were naturally. Such as using social media, playing online games, and 
streaming movies.  

- Passive online activities that were perceived as less engaging and more likely 
to cause distraction or reduced attention, such as attending online lectures, 
reading e-books, and listening to monotonous podcasts. 

Each video was required to capture upper-body movements, facial expressions, and gaze 
direction to facilitate behavioral analysis. 

 
Figure 1: Example of the dataset 

After three days, participants reviewed their own videos (without being informed of the session 
type) and self-assessed their sustained attention levels for each minute, categorizing them into 
high, moderate, low, or no attention. Meanwhile, three online learning experts independently 
assessed the same videos, using a randomized order to prevent assessment bias. The final 
sustained attention level for each video segment was determined using the following rules:  
 1. If all assessments matched (from three experts and from participants), that level was 
assigned. 
 2. If there was disagreement, only the mode value from the three expert assessments 
was used. 
 3. If no mode value was found, the participant’s self-assessment was included to 
determine the mode value. 
 4. If no mode value still could not be determined, the data was discarded. 
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Meanwhile, a computer vision-based AI model was used to extract 14 behavioral features from 
the record videos: blink rate per minute, frequency of eye closure , frequency of looking at the 
screen, frequency of looking away from the screen, frequency of active facial expressions, 
frequency of drowsy facial expressions, frequency of angry facial expressions, frequency of 
sad facial expressions, frequency of disgusted facial expressions, frequency of happy facial 
expressions, frequency of surprise facial expressions, frequency of neutral facial expressions, 
frequency of fear facial expressions, and frequency of emotional facial expression changes. 
These 14 behavioral features were then combined with the categorized sustained attention 
levels to analyze behavioral patterns affecting sustained attention in online learning 
environment. Dataset contains 1000 records. After removing records with missing values and 
duplicates, robust scaling was applied to handle inconsistencies in the data, ensuring that 
outliers remained within an acceptable range without distorting the analysis. The final dataset 
contains 764 records. 

 
(a) Dataset before applied robust scaling 

 

 
(b) Dataset after applied robust scaling 

Figure 2: Dataset before and after handling outliers with robust scaling. 
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16.2 Feature Selection and Feature Engineering 

To identify behavioral features relevant to sustained attention levels, correlation analysis was 
conducted. Features which have a correlation coefficient of 0.3 or higher were selected for 
further analysis. Based on this criterion, six behavioral features were chosen for training the AI 
model: 
  1. Frequency of active facial expressions. 
 2. Frequency of emotional facial expression changes. 
 3. Blink rate per minute. 
 4. Frequency of looking at the screen. 
 5. Frequency of looking away from the screen. 
 6. Frequency of eye closure. 
The selected featured exhibited linear relationships with sustained attention levels, making 
them suitable for training a supervised AI model for effective prediction. To address potential 
training inefficiencies caused by limited dataset and class imbalance, the Synthetic Minority 
Over-sampling Technique (SMOTE) was applied to resample the data. The dataset was then 
976 records, with 337 records in each category. The dataset was split to an 80% training set 
(780 records) and a 20% test set (196 records) for model evaluation. 

16.3 Model Training 

Six machine learning algorithms were selected to train AI models, categorized based on their 
computation complexity and ability to handle different data relationships: 
Lightweight models: Suitable for linear relationships data and requiring minimal computation 
resources including Support Vector Machine (SVM), and Logistic Regression. 
Medium-weight models: Capable of handling non-linear relationships with moderate 
computational resources: Random Forest 
Heavyweight models: Designed for high accuracy and complex relationships, requiring higher 
computational resources: Gradient Boost, XGBoost, and LightBGM. 
The AI models were trained in two rounds: First round, AI models were trained using default 
parameters, with 10-fold, 20-fold, and 30-fold cross validation to ensure robust performance. 

Table 19 Default Parameters Used in First Round Training. 
AI Model parameter 

SVM probability=True, random_state=42, Kernel= RBF  
Logistic Regression max_iter=1000, random_state=42, Solver= lbfgs  
Random Forrest random_state=42, n_estimators=100, max_depth=None 
Gradient Boost random_state=42, learning_rate=0.1, n_estimators=100, max_depth=3 
XGBoost use_label_encoder=False, eval_metric=mlogloss, random_state=42, 

n_estimators=100 
LightBGM random_state=42, num_leaves=no define, learning_rate = 0.1 

 
After evaluating the first round of training, 20-fold cross validation demonstrates the best 
balance between bias and variance. Consequently, for the second round all AI models were 
fine-tuned using RandomizationSearchCV, retrained with optimized hyperparameters, and 
their performances were compared.  

Table 2 Fine-Tuned Parameter Used in Second Round Training. 
AI Model parameter 
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SVM kernel=rbf, gamma=1, C=10 
Logistic Regression solver=lbfgs, penalty=l2, max_iter= 100, C=0.1 
Random Forrest n_estimators= 200, min_samples_split= 2, min_samples_leaf=1, 

max_depth=None 
Gradient Boost n_estimators=200, max_depth=7, learning_rate=0.2 
XGBoost subsample=0.8, n_estimators=100, max_depth=7, learning_rate=0.2 
LightBGM num_leaves=50, n_estimators=300, max_depth= -1, learning_rate= 0.2 

16.4 Model Evaluation 

To evaluate the performance of the AI models, a confusion matrix was used to measure 
accuracy metrics:  
Accuracy measures the overall correctness of a model by calculating the percentage of 
correctly predicted instances out of all predictions. Higher accuracy generally indicates better 
performance; however, it can be misleading in imbalanced datasets where one class dominates 
Precision quantifies how many of the predicted positive cases are actually correct, with higher 
precision meaning fewer false positives, making the model more reliable when false positives 
need to be minimized. 
Recall (Sensitivity or True Positive Rate) assesses how well the model identifies actual 
positive cases, measuring the proportion of true positives correctly predicted. A high recall 
indicates that the model effectively detects most positive cases but may increase false positives. 
F1-score is the harmonic means of precision and recall, balancing both metrics to provide  
a more comprehensive evaluation when there is an imbalance between false positives and false 
negatives. A high F1-score suggests that the model maintains an optimal trade-off between 
precision and recall. 
Receiver Operating Characteristic - Area Under the Curve (ROC-AUC) evaluates  
a model’s ability to distinguish between different classes by plotting the True Positive Rate 
(Recall) against the False Positive Rate at various classification thresholds. The AUC score 
quantifies the model’s performance, where a value of 1.0 indicates perfect classification, 0.5 
suggests random guessing, and below 0.5 means the model performs worse than random 
chance. A higher AUC indicates better class separation, making ROC-AUC particularly useful 
for evaluating probabilistic models and assessing their discriminatory power across different 
classification thresholds. 
Additionally, given the real-world application in online learning environments, computation 
time (latency) was measured to evaluate how long each model took to predict new data. All 
models were compared across these metrics to determine the most situation model for 
monitoring sustained attention in online leaning. 

17 RESULTS 

This section presents research results according to research objectives. 

17.1 Investigating Online Learners' Behavioral Patterns Using Computer Vision 
Techniques and Their Impact on Sustained Attention Levels. 

To investigate the behavioral patterns of online learners and their impact on sustained attention 
levels, 14 behavioral features were extracted using computer vision-based methods. Each 
feature was analyzed to determine its relationship with sustained attention. 
Behavioral Feature Analysis: An initial correlation analysis was conducted to assess the 
relationship between each behavioral feature and sustained attention level. The results 
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indicated that all 14 features influenced sustained attention to some degree, however, only six 
features exhibited a statistically significant correlation (≥ 0.3) with sustained attention level. 
These six key behavioral features were selected for further study: 
 1. Frequency of active facial expressions: Facial movement, such as raising eyebrows, 
smiling, or reacting expressively, was positively correlated with sustained attention. Learners 
who frequently display active facial expression tended to remain more engaged in the learning 
sessions. 
 2. Frequency of emotional facial expression changes: Frequent shifts between 
different emotional expressions indicate fluctuating attention levels. Learners who rapidly 
changed facial expressions showed lower sustained attention, possibly due to distractions or 
shifting emotional states. 
 3. Blink rate per minute: Engaged learners blinked between 15-30 times per minute. 
A higher blink rate was associated with lower sustained attention, as increased blinking may 
indicate fatigue, disengagement, or cognitive overload. 
 4. Frequency of looking at the screen: Direct eye contact with the screen was a strong 
indicator of sustained attention. Learners who consistently maintained screen focus exhibited 
higher attention levels. 
 5. Frequency of looking away from the screen: In contrast to looking at the screen, 
frequent eye movement away from the screen was negatively correlated with sustained 
attention. A higher off-screen gaze frequency suggested distraction or reduced cognitive 
engagement. 
 6. Frequency of eye closure: Prolonged eye closures were linked to fatigue, reduced 
alertness, and lower sustained attention. Learners who frequently closed their eyes during the 
session were more likely to experience attention lapses. 
Interpretation of Behavioral Patterns: The findings suggest that learners who exhibited 
active facial expressions, maintained eye contact with the screen, and had a moderate blink rate 
were more likely to sustain their attention during online learning. Conversely, those who 
frequently looked away from the screen, rapidly changed facial expressions, or closed their 
eyes experienced reduced attention spans. 
These results highlight the importance of visual sustained attention cues in online learning 
environments. The extracted behavioral patterns provide valuable insights for instructors, 
allowing them to identify disengaged learners in real time and adjust instructional strategies 
accordingly. 

Table 3 Leaners’ Behavioral Pattern Represent Sustained Attention. 
Sustained Attention level Learners’ Behavioral Pattern 

Tend to high level 
1. Exhibited active facial expressions. 
2. Maintained eye contact with the screen. 
3. Had a moderate blink rate. 

Tend to low level 
1. Frequently looked away from the screen. 
2. Rapidly changed facial expressions. 
3. Closed their eyes 

17.2 Analyzing the Relationship Between Behavioral Features and Sustained 
Attention 

To examine the relationship between behavioral features and sustained attention, Pearson 
correlation analysis was conducted. The correlation coefficient (r-value) was used to measure 
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the strength and direction of each relationship, with statistical significance assessed using  
p-values. 
Figure 3 presents the correlation heatmap, illustrating the relationships between the 14 
behavioral features and sustained attention levels. The intensity of the color represents the 
strength and direction of correlation, with darker shades indicating stronger correlations. 
The analysis revealed that six key features exhibited statistically significant correlations  
(≥ 0.3) with sustained attention levels. Table 4 presents the correlation results for the selected 
six behavioral features. 

 

 

Figure 3: Correlation Heatmap of Behavioral Features and Sustained Attention Levels. 

Table 4 The Correlation Results for The Selected Six Behavioral Features. 

Behavioral Feature Correlation Coefficient 
(r) 

Statistical Significance  
(p-value) 

Relationship with 
Sustained Attention 

Frequency of looking at 
the screen 

0.56 < 0.05 Strong Positive 

Frequency of active facial 
expressions 

0.55 < 0.05 Moderate Positive 

Blink rate per minute -0.31 < 0.01 Weak Negative 
Frequency of eye closure -0.39 < 0.01 Moderate Negative 
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Frequency of emotional 
facial expression changes 

-0.49 < 0.05 Moderate Negative 

Frequency of looking 
away from the screen 

-0.67 < 0.01 Strong Negative 

The correlation analysis highlights key behavioral indicators associated with sustained 
attention in online learning environments. 
Positive Correlations (Indicators of High Sustained Attention) 

- Looking at the screen (r = 0.67, p < 0.01): Strongly associated with higher sustained 
attention, confirming that visual focus is a key determinant of attention retention. 

- Active facial expressions (r = 0.55, p < 0.05): Moderately associated with higher 
sustained attention. Learners who frequently engage in expressive reactions (e.g., 
smiling, raising eyebrows) tend to remain engaged in learning sessions. 

Negative Correlations (Indicators of Low Sustained Attention) 
- Looking away from the screen (r = -0.67, p < 0.01): Strongly associated with lower 

sustained attention, suggesting that frequent off-screen gazes indicate distraction. 
- Emotional facial expression changes (r = -0.49, p < 0.05): Moderately associated 

with lower sustained attention. Learners who frequently shift emotions during 
learning sessions tend to lower sustained attention, likely due to external 
distractions or cognitive overload. 

- Eye closure (r = -0.39, p < 0.01): Moderately associated with reduced attention 
levels, possibly due to fatigue or disengagement. 

- Blink rate (r = -0.31, p < 0.05): Weakly associated with lower sustained attention. 
While a moderate blink rate is normal, an excessive blink rate suggests lower 
sustained attention, likely due to mental fatigue or loss of focus. 

Further analysis indicates that the relationship between the selected behavioral features and 
sustained attention levels exhibit linearity. This suggests that changes in these behavioral 
features have a direct and proportional effect on sustained levels. Figure 4 illustrates these 
linear relationships between key features and sustained attention. 
These findings highlight the importance of behavioral monitoring in online education, as 
tracking visual focus and facial engagement can provide real-time indicators of attention 
retention. 
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Figure 4: Linear Relationship of Selected Features with Sustained Attention. 

17.3 AI Model Performance Evaluation for Sustained Attention Monitoring 

To assess the effectiveness of AI models in monitoring sustained attention, multiple machine 
learning algorithms were trained and evaluated. The evaluation metrics included: Accuracy, 
Precision, Recall, F1-score, ROC-AUC, and Latency. Table 5 summarizes the performance of 
the six AI models evaluated in this study. 

Table 5 Performance Comparison of AI Models for Sustained Attention Prediction 

AI Model Accuracy Precision Recall F1-score ROC-AUC Latency 
SVM 71.48% 0.71 0.69 0.70 0.83 230 mS 
Logistic Regression 62.96% 0.61 0.63 0.62 0.77 10 mS 
Random Forest 84.07% 0.83 0.84 0.83 0.86 760 mS 
Gradient Boosting 83.70% 0.83 0.84 0.83 0.85 6.12 S 
XGBoost 82.22% 0.82 0.82 0.82 0.86 310 mS 
LightGBM 83.70% 0.83 0.84 0.83 0.85 660 mS 

 
The Random Forest model achieved the highest accuracy (84.07%) and the best overall 
performance with an F1-score of 0.83 and a ROC-AUC of 0.86, making it the most effective 
model for predicting sustained attention in online learning. However, its latency (760 mS) is 
slightly higher than SVM (230 mS), Logistic Regression (10 mS), XGBoost (310 mS), and 
LightGBM (660 mS), which is an important factor for real-time applications. 
Although Gradient Boosting exhibited high accuracy and strong overall performance, it had 
the highest computational time (6120 mS), making it unsuitable for real-time tracking. 
SVM and Logistic Regression performed moderately well and required significantly less 
computation time; however, their accuracy was lower than other models, limiting their 
effectiveness for sustained attention prediction. 
XGBoost and LightGBM demonstrated competitive performance, achieving high accuracy and 
F1-scores while maintaining lower latency than Gradient Boosting. However, both models 
require higher computational costs than Random Forest, making them less efficient for large-
scale online learning applications. Figure 5 illustrates the comparative performance of all 
models across different evaluation metrics. 
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Figure 5 The Comparative Performance of AI Models. 

For real-time monitoring in online learning, balancing model accuracy and computational 
efficiency is essential, if required high accuracy, Random Forest, Gradient Boost or LightGBM 
may be the best options. If low computational latency is required XGBoost provides a good 
balance of accuracy and faster processing. If simplicity and low resource usage are needed, 
Logistic Regression and SVM are the good choice but less accurate. 

18 CONCLUSION AND DISCUSSION 

This study demonstrates that Computer Vision-based AI can effectively monitor students' 
sustained attention in online learning environments. By identifying key behavioral patterns, it 
validates the effectiveness of AI-driven attention tracking, offering a scalable, automated 
approach to engagement monitoring. 
Through correlation analysis, the study reveals that sustained attention is significantly 
influenced by visual and facial behavioral cues. The six key behavioral features identified are: 
High sustained attention is associated with frequent screen focus, active facial expressions, 
and a balanced blink rate. 
Low sustained attention is linked to frequent looking away from the screen, excessive 
emotional expression changes, frequent eye closure, and a high blink rate. 
Similar to Miao et al. (2024), who integrated multimodal data for real-time attention detection, 
this study reinforces the importance of leveraging multiple behavioral cues for accurate 
attention assessment. The findings highlight that combining gaze tracking, facial expressions, 
and movement analysis enhances the effectiveness of Computer Vision-based AI models in 
monitoring concentration. Likewise, Zhou et al. (2024) emphasized that non-verbal cues play 
a crucial role in understanding student learning processes, further supporting the role of 
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Computer Vision-based AI models in adaptive learning environments and personalized 
engagement monitoring. 
 
Additionally, this study validates Computer Vision-based AI models as a non-intrusive and 
scalable solution for automated attention monitoring. The proposed Learner Sustained 
Attention (LeSA) AI model, powered by Random Forest, achieved the highest accuracy 
(84.07%), demonstrating its effectiveness in predicting sustained attention levels. Unlike 
traditional manual observation, self-reported surveys, or wearable sensors, the Computer 
Vision-based approach enables real-time, automated tracking using only a webcam, making it 
a practical tool for online learning. 
This study aligns with Ma et al. (2022), who explored the use of Computer Vision in analyzing 
student engagement, confusion, gaze following, emotional expressions, and head movement, 
demonstrating its effectiveness in supporting online teaching. Similarly, Alruwais & Zakariah 
(2024) highlighted that AI-driven computer vision enables real-time student behavior 
recognition, allowing instructors to tailor learning experiences and ultimately improve 
engagement, learning outcomes, and instructional support. By analyzing behavioral patterns 
such as gaze direction, facial expressions, and attention shifts, Computer Vision-based AI 
provides real-time insights that enhance personalized learning experiences and engagement 
monitoring in both individual and collaborative learning settings. 
As educational technology continues to evolve, AI-driven behavioral tracking offers an 
opportunity to redefine online learning experiences. This study demonstrates that Computer 
Vision-based AI models can provide real-time insights into student attention, improving 
engagement monitoring and retention strategies. The findings contribute to an expanding field 
of research on AI in education, offering a scalable, objective, and automated solution for 
tracking sustained attention in online learning environments. 
 
Although this study provides strong evidence for Computer Vision-based attention tracking, 
several limitations must be acknowledged. Environmental factors, such as lighting conditions 
and webcam quality, can impact the accuracy of facial feature extraction, potentially affecting 
real-time tracking. Generalization challenges also exist, as real-world applications may require 
adaptive AI models that continuously learn from individual variations in student behavior, 
despite the dataset being balanced using SMOTE. Additionally, the AI model has yet to be 
tested in fully operational online learning environments, requiring future validation in real-
world classrooms to assess its practical effectiveness and integration with existing learning 
platforms. 
Future research should focus on deploying the AI model in live online learning environments 
to evaluate its practical effectiveness in monitoring sustained attention. Conducting live 
classroom trials would help validate the model’s ability to provide real-time feedback and 
support adaptive teaching strategies. Additionally, further exploration of multi-modal 
behavioral analysis, integrating keystroke dynamics, speech tone, and body posture, could 
improve prediction accuracy by capturing a broader range of engagement indicators. 
 
Incorporating adaptive AI systems that dynamically adjust attention thresholds based on 
individual learning styles could further enhance engagement tracking, making AI-powered 
learning analytics more personalized and responsive. By addressing these areas, future 
advancements in Computer Vision-based AI can continue to revolutionize online education, 
making learning environments more adaptive, data-driven, and student-centered. 
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