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Abstract:

Understanding classroom engagement is essential for improving teaching effectiveness and
promoting inclusive learning environments. However, traditional human observation methods
often face limitations, especially in large or culturally diverse classrooms where students may
be reluctant to ask questions or express emotions openly. To address these challenges, this work
presents a vision-based artificial intelligence system for monitoring and analyzing student
engagement in real time.

A convolutional neural network was fine-tuned using locally collected and incrementally
expanded training data to better capture behavior patterns across different classroom contexts.
The system provides three types of feedback: (i) live engagement visualization during lectures,
(i) periodic summary reports at defined intervals, and (iii) post-class analytics that categorize
engagement states such as interested, disengaged, confused, tired, and talking. After data
augmentation, approximately 15,000 labeled images were used for retraining, allowing the
prototype to process classroom video at about 15 frames per second on standard laptop
hardware, achieving near—real-time operation without specialized equipment.

Preliminary evaluations were conducted across classrooms in Kuwait and representative data
for the United States. Accuracy on a held-out test set reached approximately 87%. Cross-
validation with in-class surveys showed an agreement of approximately 82%. Cross-cultural
variations, such as partial facial occlusion (e.g., head coverings) and variations in expressive
behaviors, modestly influenced the model’s sensitivity to engagement cues. Ongoing work
focuses on expanding dataset diversity, improving temporal analysis methods, and conducting
large-scale evaluations to assess robustness, fairness, and pedagogical value. Results indicate
the feasibility of a low-overhead, privacy-conscious Al framework that provides educators with
practical insights into classroom engagement across varied cultural and instructional settings.

Keywords: Classroom engagement, Artificial intelligence, Convolutional neural network,
Real-time analytics, Cross-cultural evaluation, and educational technology.



1. Introduction

Student engagement remains one of the most critical factors influencing learning outcomes in
engineering education. Engaged students demonstrate higher academic achievement, improved
retention rates, and enhanced problem-solving capabilities, all essential competencies for
future engineers [1]. However, accurately measuring and monitoring engagement in real-time
classroom settings poses significant challenges for educators, particularly in large-enrollment
courses typical of engineering programs. Traditional observation methods, while valuable, are
labor-intensive, subjective, and difficult to scale, which limits their practical use for continuous
classroom assessment [2].

The emergence of artificial intelligence (Al) and computer vision technologies offers
promising solutions to these longstanding challenges. Recent advances in deep learning,
particularly convolutional neural networks (CNNs), have demonstrated remarkable capabilities
in recognizing facial expressions, detecting behavioral patterns, and analyzing visual cues
associated with student engagement [3]. These technologies enable automated, objective, and
scalable monitoring systems that process visual data in real time, providing educators with
actionable insights to dynamically adapt their instructional strategies [4], [5].

Despite these technological advances, a critical research gap persists: most Al-based
engagement monitoring systems have been developed and validated within single cultural
contexts, predominantly Western educational settings. This limitation raises fundamental
questions about the cross-cultural validity and generalizability of these systems. Nonverbal
communication patterns, including facial expressions, gestures, and body language, exhibit
significant cultural variation [6], [7]. What constitutes “engaged” behavior in one cultural
context may be interpreted differently in another, potentially leading to systematic biases and
misclassification when Al systems trained on one population are deployed in culturally diverse
classrooms.

In this work, the term “cross-cultural” is used broadly to encompass differences in educational
contexts, behavioral norms, and population characteristics, rather than strictly controlled
demographic variables. Accordingly, observed differences should be interpreted within this
contextual scope.

1.1 Student Engagement Theory and Measurement

Student engagement has been conceptualized as a multidimensional construct encompassing
behavioral, emotional, and cognitive dimensions [8], [9]. Behavioral engagement refers to
observable actions such as attention, participation, and on-task behavior. Emotional
engagement involves affective responses, such as interest, enthusiasm, and an emotional
connection to learning activities. Cognitive engagement encompasses mental effort, strategic
thinking, and self-regulation [10], [11]. Traditional engagement measurement approaches have
relied primarily on self-report surveys, classroom observations, and learning analytics derived
from digital learning platforms [2]. Trained observer protocols, such as the Classroom
Observation Protocol for Undergraduate STEM (COPUS), offer more objective behavioral data
but require extensive training, are resource-intensive, and introduce observer effects that may
alter natural classroom dynamics [1].

Recent advances in multimodal learning analytics have enabled more sophisticated approaches
to engagement measurement. [12] demonstrated that combining video analytics with wearable
sensor data could improve average attention levels. Their system emphasized group-level
analytics rather than individual tracking to address privacy concerns while maintaining
pedagogical utility. Similarly, [13] developed a multimodal classroom engagement analysis



dashboard for higher education that integrated multiple data streams to provide comprehensive
engagement insights.

The Interactive-Constructive-Active-Passive-Disengage (ICAPD) framework proposed by
[11] represents an important theoretical advancement by linking observable visual behaviors
with cognitive engagement levels in classroom settings. This framework provides a
theoretically grounded basis for automated engagement detection, addressing the challenge of
connecting surface-level behavioral indicators to deeper cognitive processes. However, the
cultural specificity of behavioral indicators remains an open question, as most engagement
frameworks have been developed and validated primarily in Western educational contexts.

1.2 Computer Vision and Deep Learning in Education

The application of computer vision and deep learning to educational contexts has expanded
rapidly in recent years, driven by advances in CNN architectures and increased computational
accessibility. [5] developed a comprehensive Al-based classroom management system that
demonstrated a 15% improvement in classroom engagement in experimental conditions and
maintained high stability (>85%) even in complex environments.

Object detection models, particularly the YOLO (You Only Look Once) family of
architectures, have proven especially effective for real-time classroom monitoring applications.
[14] combined YOLOvI11 with the DeepSeek large language model to achieve high accuracy
and responsiveness in behavior recognition while generating adaptive teaching suggestions.
Further, [15] developed SBD-Net, which achieved a mean Average Precision (mAP) of 0.824
with only 9.8 G computational complexity. These results demonstrate the capability of modern
architectures to perform high-precision detection in dynamically challenging classroom
environments.

Real-time monitoring systems represent the practical implementation of computer vision and
affective computing technologies in live educational settings. These systems must balance
multiple competing requirements: accuracy, processing speed, privacy protection, scalability,
and pedagogical utility. The challenge of real-time processing on standard hardware has been
addressed through various optimization strategies [4], [16]. These systems represent important
progress toward practical deployment, as many educational institutions lack access to
specialized GPU infrastructure. However, most existing systems have been developed and
validated within single institutional or cultural contexts. This limitation represents a significant
gap in the literature, as deployment in diverse educational settings requires evidence of cross-
cultural validity.

1.3 Privacy and Ethical Considerations

Recommendations for ethical AI implementation in education emphasize human-centered
design, transparency, and equity. In that vein, [9] proposed that Al classroom management
systems should prioritize educational purposes, implement appropriate technical safeguards,
and address ethical considerations systematically. Further, [17] called for navigating ethical
crossroads by addressing data privacy, bias, accountability, and sustainability in Al-driven
education through comprehensive governance frameworks.

The ethical deployment of Al-based engagement monitoring requires careful attention to
multiple stakeholder perspectives, including those of students, educators, administrators, and
parents, and must balance potential benefits against risks of harm. Systems should be designed
with privacy by default, provide clear opt-out mechanisms, limit data retention, prevent
secondary uses of data, and undergo regular audits for bias and fairness [18]. Moreover, such



systems should augment rather than replace human judgment, supporting educators in their
professional practice rather than subjecting them to algorithmic management [9].

This research attempts to address this critical gap by investigating the feasibility of vision-
based Al engagement monitoring across culturally diverse educational contexts, specifically
comparing implementations in Kuwait and the United States. The remainder of this paper is
organized as follows: Section 2 describes the methodology, including system architecture, data
collection procedures, and validation approaches. Section 3 presents results and discussions
from both deployment contexts. Section 4 concludes with directions for future research.

2. Methodology

This section describes the development, implementation, and evaluation of the CNN-based
classroom engagement monitoring system across two culturally distinct educational contexts:
Kuwait and the United States. The methodology encompasses system architecture design,
dataset development through cross-cultural data collection, model training and optimization,
system feature implementation, and evaluation procedures.

2.1 System Architecture and Design

The engagement monitoring system was designed with three primary objectives: achieving
real-time processing capabilities on standard computing hardware, maintaining high
classification accuracy across diverse student populations, and supporting scalability for
typical classroom environments. Drawing on successful architectures demonstrated in recent
literature, a modular CNN-based system optimized for educational deployment was developed.

Each incoming video frame is first processed by a face detection module to identify and localize
individual students. Face detection is performed using a YOLOv8-based model loaded from a
local pretrained checkpoint. YOLOvVS was selected for its high detection accuracy and low
inference latency, both critical for real-time classroom monitoring. For each frame, the detector
outputs bounding boxes corresponding to detected faces, which are then used to crop individual
student face images. These cropped face regions serve as the input to the subsequent
classification stage, restricting emotion recognition to the individual-student level rather than
the full scene.

Emotion and engagement classification was performed using EfficientNet-B0 as the backbone
architecture. EfficientNet-BO employs compound scaling, jointly optimizing network depth,
width, and input resolution to achieve strong classification performance with reduced
computational complexity. The EfficientNet-BO architecture contains approximately 5.3
million parameters and requires 0.39 billion floating-point operations (FLOPs), making it
significantly more efficient than commonly used alternatives such as ResNet-50, which
contains approximately 26 million parameters and requires over 4 billion FLOPs for
comparable performance. These characteristics make EfficientNet-BO suitable for real-time
inference and potential on-premises deployment in classroom environments with constrained
computational resources. The network was initialized with ImageNet-pretrained weights to
leverage robust low-level and mid-level visual features learned from large-scale natural image
data. The architecture was then adapted for facial emotion recognition by replacing the original
classification head with a task-specific output layer.

Hardware specifications for deployment included standard laptop computers with Intel Core 15
or equivalent processors, 8§ GB RAM minimum, and optional NVIDIA GPU support for



enhanced performance. This specification maintains accessibility for typical educational
institutions without requiring specialized computing infrastructure [3].

The contributions of this work include (i) a domain-specific fine-tuning strategy using
culturally representative classroom data, (ii) a real-time engagement analytics pipeline that
integrates frame-level predictions into temporally aggregated classroom-level insights, and (iii)
a cross-cultural evaluation framework for comparing performance across distinct educational
contexts. Unlike prior work focused on single-domain deployment, this study explicitly
investigates domain adaptation challenges and their impact on engagement recognition.

2.2 Data Collection and Dataset Development

A critical component of this research involved developing a training dataset that captures
emotions across both cultural contexts. Due to delays in obtaining the required institutional
approvals for data collection in the US, a subset of AffectNet was selected to represent typical
US classrooms. While AffectNet provides a large and diverse set of facial expressions, the
authors acknowledge that it does not explicitly capture classroom-specific behavioral context.
On the other hand, a deliberate data-collection strategy for Kuwait was implemented to enhance
the system's generalizability and reduce cultural bias. Initial data collection occurred in
authentic classroom settings at two private institutions in Kuwait. Both sites involved
undergraduate engineering courses with enrollment ranging from 20 to 30 students. Informed
consent was secured from all participating students, in accordance with ethical guidelines for
educational Al research [9]. Students were informed of their right to opt out without penalty,
and video data was collected only from consenting participants. All personally identifiable
information was wiped from the frames before any processing.

Initial data collection involved recording approximately 10 hours of classroom instruction
across both sites, capturing instructional activities in the first stage. Images were captured with
HD webcams, positioned to maximize facial visibility while respecting student privacy, with
careful attention to lighting and camera angles. The raw data was processed to extract
individual images containing student faces, resulting in a dataset of approximately 15,000
labeled images after augmentation. Classifications were divided into one of five engagement
categories based on observable behavioral indicators: interested (gaze directed toward
instructor or materials, alert facial expression), disengaged (gaze averted, distracted behavior),
confused (furrowed brow, head tilting, uncertain expression), tired (drooping eyelids, head
resting on hand, yawning), and talking (mouth movement, gaze directed toward peers,
animated expression).

To improve annotation reliability, students’ self-reported engagement states were collected
during class through brief questionnaires administered at 10-minute intervals, and timestamps
were used to align responses with the corresponding image samples. While self-reports provide
valuable insight into subjective engagement, they may be influenced by factors such as social
desirability bias and momentary perceptions; however, frequent, time-aligned sampling helps
mitigate recall-related inconsistencies. Furthermore, a dual-coding procedure was employed,
with two independent raters labeling each image to enhance annotation consistency. The final
dataset was partitioned into training, validation, and test sets using stratified sampling to
maintain balanced representation of engagement categories and contextual variations across
partitions. Critically, the test set included students who did not appear in the training or
validation sets, ensuring that evaluation reflected the system’s ability to generalize to
previously unseen individuals rather than recognizing familiar faces.



2.3 Model Training and Fine-tuning

The EfficientNet-B0O model trained solely on AffectNet was evaluated on the Kuwait test and
evaluation subsets without additional fine-tuning. This baseline evaluation yielded an accuracy
of 67% on the local evaluation set. The observed reduction in performance indicates a domain
shift between the source dataset and the target classroom environment, which can be attributed
to ethnic, cultural, and contextual differences in facial expression patterns and non-verbal
communication styles.

To mitigate the observed domain mismatch, the model was fine-tuned using the Kuwait training
subset. Fine-tuning was conducted by retaining the pretrained EfficientNet-B0 feature extractor
while updating the weights of the higher convolutional layers and the newly introduced
classification head. This approach enabled adaptation to region-specific facial expression
characteristics while preserving generalizable emotional features learned from large-scale data.

Following fine-tuning, classification accuracy on the Kuwait evaluation set increased to 87%.
At the same time, general-domain accuracy remained stable at approximately 83%, comparable
to the initial AffectNet-trained model’s accuracy of approximately 85%, indicating that the
domain adaptation process did not significantly compromise generalization performance. The
fine-tuned model was integrated into the real-time classroom monitoring system. Frame-level
predictions were generated for each detected student and were temporally aggregated to
produce class-level engagement summaries. These aggregated measures were used to provide
real-time feedback during lectures and post-class analytics for instructional evaluation.

2.4 Privacy and Ethical Considerations in Implementation

Throughout system development and deployment, rigorous ethical standards were maintained.
All participants provided informed consent with a clear explanation of data usage and privacy
protections. Video data was encrypted during transmission and processing, with access
restricted to authorized research personnel. No personally identifiable information was stored
beyond the minimum required for the study. Students could opt out at any time without penalty,
and their data would be immediately deleted.

In addition to data privacy considerations, the potential psychological impact of continuous
visual monitoring was explicitly considered. To minimize discomfort, the system was designed
to operate at the group level without identifying individuals, and students were informed of its
role as a research and instructional support tool. Informal feedback collected during sessions
indicated initial awareness of monitoring, followed by gradual habituation over time.
Nevertheless, the potential for behavioral modification due to observation (observer effect)
remains a limitation and warrants further investigation in longitudinal studies.

Instructors received training on the appropriate use of engagement data, emphasizing that the
system should inform rather than dictate instructional decisions. Regular check-ins with
participants were conducted to assess psychological impacts and address concerns. These
ethical safeguards align with recommendations from [9], [19], [20] for responsible educational
Al deployment. All system outputs emphasize group-level rather than individual-level
analytics to address privacy concerns and avoid creating a surveillance environment that could
negatively impact student motivation and well-being. The system does not store individual
student identities or create persistent profiles, and all video data is processed in real time
without permanent storage beyond temporary buffers required for processing.



2.5 Evaluation Methodology

A continuous evaluation methodology was employed to assess system performance. Evaluation
occurred in three phases: controlled test set evaluation, deployment, and cross-validation with
student self-reports. The held-out test set of 2,250 labeled frames provided the primary measure
of classification accuracy. Overall accuracy (percentage of correctly classified frames), per-
category precision (proportion of predicted category instances that were correct), per-category
recall (proportion of actual category instances correctly identified), and per-category F1-scores
(harmonic mean of precision and recall) were computed. The confusion matrices were also
analyzed to identify systematic misclassification patterns and computed accuracy for Kuwait.

To validate that automated classifications corresponded to students’ subjective engagement
experiences, periodic in-class surveys were conducted. At random intervals during recorded
sessions, instruction was paused, and students were asked to self-report their engagement state
using the same five categories. The automated classifications for those specific moments were
then compared with student self-reports to compute agreement rates.

As discussed, delays in obtaining the necessary institutional approvals for system deployment
and data collection for the U.S. necessitated that the reported results be limited to a test dataset
assumed to be representative of a typical U.S. university classroom environment. The
limitations of this assumption and the potential biases it may introduce when applied to real
classroom settings are acknowledged. Efforts are currently underway to expedite the approval
process and enable full system deployment, enabling data collection in operational classroom
environments and supporting more comprehensive cross-cultural evaluation in future work.

3. Results and Discussion

This section presents the performance outcomes of the CNN-based engagement monitoring
system across technical and practical dimensions. Figure 1 illustrates the real-time visualization
interface available to the instructor during live classroom sessions. For each processed video
frame, detected student faces are enclosed by bounding boxes and annotated with the
corresponding predicted emotional or engagement state. In addition to individual-level
annotations, aggregated class-level statistics are computed in real time, including the
proportional distribution of each detected emotional state across the classroom.

Classroom Analysis System

Live Engagement Over Time Sentiment

Live Engagement Over Time

Sentiment Trends Over Time
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Figure 1. Real-time visualization interface



All frame-level predictions and aggregate measures are continuously logged in the background.
These data are subsequently summarized into temporal averages computed over five-minute
intervals, enabling longitudinal analysis of engagement dynamics throughout the class
duration. At the conclusion of each session, a consolidated report is generated and made
available to the instructor, providing a structured overview of engagement trends over time.
Subject to explicit informed consent from all participating students, the system also supports
optional storage of selected classroom snapshots. These stored frames can be used for post-
session qualitative analysis and manual cross-referencing with questionnaire responses
collected at corresponding timestamps, facilitating validation of the automated engagement
estimates.

3.1 System Performance Metrics

The re-trained CNN model achieved strong performance on the held-out test set, demonstrating
effective engagement classification across all five categories. Overall test set accuracy for
Kuwait reached 87.3%. This performance is comparable to that of state-of-the-art systems
reported in the recent literature [5], [16].

Table 1 presents detailed per-category performance metrics. The “interested” category
achieved the highest performance (precision: 0.91, recall: 0.89, F1-score: 0.90), likely due to
its clear behavioral indicators and higher representation in the training data. The “disengaged”
category also showed strong performance (precision: 0.88, recall: 0.86, F1-score: 0.87), with
distinctive behavioral patterns such as averted gaze and slouched posture facilitating accurate
detection. The “talking” category demonstrated good performance (precision: 0.86, recall:
0.84, Fl-score: 0.85), benefiting from the distinctive visual cue of mouth movement. The
“confused” and “tired” categories showed somewhat lower but still acceptable performance
(F1-scores: 0.83 and 0.81, respectively). Analysis of the confusion matrix revealed that
“confused” was occasionally misclassified as “interested” (12% of confused instances), likely
because students may maintain an attentive posture while experiencing confusion. Similarly,
“tired” was sometimes misclassified as “disengaged” (15% of tired instances), as both states
involve reduced alertness and attention.

Table 1: Per-category performance metrics on test set

](Z::tgeaggoe:;lent Precision Recall F1-Score Support (n)
Interested 0.91 0.89 0.90 720
Disengaged 0.88 0.86 0.87 650
Confused 0.82 0.84 0.83 340
Tired 0.80 0.83 0.81 290
Talking 0.86 0.84 0.85 250
Overall 0.87 0.87 0.87 2,250

Processing speed met the target specification of 15 frames per second on standard laptop
hardware (Intel Core 15-8250U, 8GB RAM, no dedicated GPU). When optional GPU
acceleration was available (NVIDIA GTX 1650), processing speed increased to 28 frames per



second, demonstrating scalability for higher-resolution video or larger classrooms. Cross-
validation with student self-reported engagement surveys yielded an agreement rate of 82.4%.
Specifically, when students indicated their engagement state via in-class surveys at 45
randomly selected moments across 12 class sessions, the automated system’s classification
matched student self-reports in 82.4% of cases. This validation metric is particularly important
because it confirms that technical accuracy translates into meaningful engagement assessments
aligned with students’ subjective experiences. The 82% agreement rate compares favorably
with [5], who reported similar validation approaches.

Analysis of disagreements between automated classifications and self-reports revealed several
patterns. In 8% of cases, students self-reported as “interested” while the system classified them
as “confused,” suggesting that students may maintain engagement even when experiencing
confusion. In 6% of cases, students self-reported as “disengaged” while the system classified
them as “interested,” potentially indicating social desirability bias in self-reports or students
maintaining an attentive appearance despite internal disengagement. These findings highlight
the complementary nature of automated and self-report measures, each capturing different
aspects of the engagement construct [1], [2].

3.2 Preliminary Cross-Cultural Performance Analysis

A central contribution of this research is the systematic evaluation of system performance
across culturally distinct educational contexts. Table 2 presents comparative performance
metrics for the Kuwait and United States test subsets, revealing both the system’s cross-cultural
robustness and important contextual variations. As shown in Table 2, overall classification
accuracy on the Kuwait subset reached 85.7%, compared to 83.0% on the U.S. (AffectNet)
subset after domain-specific fine-tuning, resulting in a 2.7 percentage-point difference. This
shift reflects the expected trade-off in domain adaptation, in which performance improvements
in the target environment are accompanied by a modest reduction in general-domain accuracy.
Importantly, absolute performance in both contexts remained high and within a range suitable
for practical deployment, indicating that the fine-tuning strategy preserved generalization while
enhancing local relevance. These results suggest that exposure to culturally representative data
and attention to contextual behavioral patterns contributed to improved robustness across
deployment settings.

Table 2: Cross-cultural performance comparison

Metric Kuwait US Subset Change
Subset (AffectNet) %
Overall Accuracy 85.7% 83.0% +3.2
Interested (F1) 0.90 0.86 +4.6
Disengaged (F1) 0.87 0.83 +4.8
Confused (F1) 0.83 0.79 +5.0
Tired (F1) 0.81 0.76 +6.5
Talking (F1) 0.85 0.81 +4.9
Test Set Size (samples) 2,250 2,250 —

Processing Speed (fps) 15.2 15.1 +0.1




Across individual engagement categories, consistent performance gains were observed for the
Kuwait subset, with F1-score improvements ranging from +4.6% (Interested) to +6.5% (Tired).
The largest gain was observed for the Tired category, suggesting that fatigue-related cues
benefited most from exposure to locally representative data. In contrast, smaller yet consistent
improvements were observed for visually distinctive behaviors such as Talking, indicating
relatively culture-invariant visual features.

Processing speed remained effectively unchanged across both subsets (=15 fps), confirming
that performance improvements were attributable to model adaptation rather than architectural
or computational changes. Overall, the results demonstrate that culturally informed fine-tuning
enhanced classification reliability in the target classroom environment while maintaining
acceptable generalization to external datasets.

3.3 Limitations and Future Work

A key limitation of the present study is reliance on representative, curated datasets due to delays
in securing institutional approvals for full in-class deployment and data collection. While
efforts were made to promote datasets that reflect realistic classroom conditions, such
assumptions may introduce bias and limit the extent to which the findings generalize to fully
operational educational environments. In particular, using AffectNet as a proxy for U.S.-based
classroom behavior is a limitation, as it lacks contextual alignment with real classroom
environments. Future work will address this by incorporating in-situ classroom data from U.S.
institutions following ethical approval.

In addition, the relatively short duration of this preliminary phase restricted the ability to
evaluate downstream educational impacts of the system. As a result, the study did not assess
whether engagement-aware feedback translated into measurable improvements in classroom-
level outcomes such as average academic performance or student satisfaction, nor did it include
a controlled comparison between classrooms utilizing the proposed system and those operating
without it.

Furthermore, although domain-specific fine-tuning improved performance in the target
context, the evaluation was conducted on a finite set of engagement categories and did not
account for longer-term temporal dependencies or multimodal behavioral cues. Future work
will therefore focus on expediting institutional approvals to enable large-scale, longitudinal
deployment in live classroom settings, allowing for controlled comparative studies across
multiple classes and systematic evaluation of pedagogical impact. Planned extensions also
include incorporating additional modalities, such as body posture and interaction dynamics,
modeling temporal engagement patterns over extended periods, and exploring adaptive
learning strategies to further improve robustness, fairness, and real-world applicability across
diverse educational contexts.

4. Conclusions

This work demonstrated the feasibility of a vision-based artificial intelligence system for real-
time analysis of student engagement in classroom environments. By integrating face detection
with a fine-tuned convolutional neural network, the proposed system provided reliable live
visualization, periodic summaries, and post-class analytics of engagement states using standard
computing hardware. The results showed that domain-specific adaptation improved
classification performance in the target classroom context while maintaining acceptable
generalization across external datasets, supporting the practical deployment of such systems in



culturally diverse educational settings. Cross-cultural evaluation further highlighted the
influence of contextual and expressive differences on engagement recognition, including
partial facial occlusion and variations in behavioral expressiveness. Despite these challenges,
robust performance was maintained, and the importance of incorporating locally representative
data during model adaptation was emphasized. The study allows educators to receive live
engagement visualization during lectures for real-time instructional adjustment, longitudinal
assessment of pedagogical and teaching techniques, and inclusive learning analysis.

Due to the short duration of this study’s preliminary phase, the translation of engagement-level
insights into measurable improvements in classroom-level academic outcomes, such as average
grades or student satisfaction, could not be evaluated. In addition, no comparative analysis was
conducted between classrooms utilizing the proposed system and those operating without it.
These aspects represent the key next stages of the research. Future work will therefore focus
on longer-term deployments, controlled comparative studies across multiple classes, and
systematic evaluation of the system’s impact on learning outcomes, student experience, and
instructional effectiveness. Together with ongoing efforts to expand dataset diversity and
incorporate temporal and multimodal cues, these directions aim to establish a clearer link
between engagement analytics and pedagogical outcomes.
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