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Abstract

Student engagement in classrooms has been shown to enhance motivation and
improve academic performance; however, maintaining student engagement dur-
ing instruction remains a significant challenge for educators. This study presents
a multimodal framework for student engagement detection by integrating facial,
behavioral, and textual cues derived from images, videos, and text data. The
proposed framework investigates the contribution of individual modalities and
evaluates both feature-level (early) and decision-level (late) fusion strategies
for engagement prediction. A key contribution of this work is the analysis of
modality-specific influences on engagement detection, providing practical insights
for educational applications. Publicly available datasets comprising image, video,
and textual data were employed to classify student engagement into three cate-
gories: engaged, partially engaged, and disengaged. Experimental results indicate
that XGBoost achieved the highest accuracy of 0.867 using handcrafted behav-
ioral features, highlighting the predictive significance of observable actions and
eye-movement patterns. Furthermore, the late fusion model integrating all three
modalities achieved an accuracy of 0.864, outperforming individual modality-
based models. The findings demonstrate the effectiveness of multimodal fusion
for student engagement detection and highlight its potential for developing
intelligent classroom monitoring systems.

Keywords: Student engagement, multimodal fusion, action units, XGBoost, deep
learning
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1 Introduction

Classroom involvement is essential for students to be successful academically and to
achieve their full potential in the learning process. Student involvement indicates the
degree to which students pay attention, have motivation, and use cognitive processing
when participating in instructional events. When students are actively engaged in
classrooms, they experience curiosity and take part in self-regulated learning activities
[1]. Students who are not engaged find it difficult to maintain attention and achieve
successful academic outcomes. Therefore, classroom involvement is not simply one
observed behavior; it is a collection of behaviors that reflect cognitive, emotional, and
behavioral states. The rise of e-learning environments and blended classroom models
provides a new form of pstudent participation but makes it difficult for teachers to
monitor it [2]. As a result, instructors rely on quizzes or assignments to assess student
participation. These methods are subjective and provide limited information about
the quality of engagement [2]. The use of artificial intelligence (AI) in education helps
analyze engagement levels, identify at-risk students, and support efficient teaching
practices [3]. Visual and behavioral signals such as facial expressions, gaze, and posture
are most commonly used in such systems to estimate students’ attention. Earlier
work focused on the use of single modalities; the results of these indicated that these
are not reliable indicators of engagement on their own [5]. Action Units (AUs), or
facial muscle movements, are also used to capture behavioral and emotional aspects
of student engagement [4]. Multimodal approaches can address these limitations by
using input signals from multiple data sources such as combining facial expressions,
audio transcripts, and physiological signals to capture more nuances in engagement.

In this research, we present a unified framework that investigates the usage of
textual data in conjunction with image and video data. Cognitive and emotional
engagement cues that are not captured by image or video data alone are captured by
textual data. The DAiSEE [7] dataset and the WACV student engagement dataset
[6] are used for image and video clips. MediaPipe [8] and OpenFace [9] are used to
extract features from these datasets. Semantic embeddings are used to extract tex-
tual features from the IntrEx dataset [10], which contains student-teacher interaction
data. In contrast to previous research, we examine early and late fusion procedures
within both frameworks and offer a thorough comparison of machine learning (ML)
and deep learning (DL) models.

2 Related Works

A number of issues, such as dataset quality, multimodal fusion, and real-time
deployment, remain unaddressed despite notable advancements in e-learning and col-
laborative learning settings. In order to assess engagement, studies by [11–13] mostly
depend on visual characteristics like AU, eye gaze, facial landmarks, and head pose.
Specifically, students’ cognitive states may not be well captured by [11], which relies
solely on gaze information to infer engagement. Additionally, these studies only give
a partial picture of student participation due to the exclusion of textual data. Mul-
timodal strategies that combine video and audio transcripts have been investigated,
however they don’t always result in better performance. For example, [14] found that
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their combined speech-video model performed worse than unimodal models, indicat-
ing flaws in the fusion strategy used. Furthermore, the use of synthetic or small-scale
datasets in [13, 15] raises questions about how well these methods translate to real-
world classroom environments, where issues like occlusions, background noise, and
tracking multiple students at once are common [16].

Chat messages, Learning Management System (LMS) logs, and other student inter-
action data are used by the authors in [17–19]. Because they take data from specific
platforms, this reduces the model’s capacity to generalize to other datasets. Subjec-
tivity is introduced by students’ self-reporting of their involvement in these databases.
Since [18] only assesses engagement after students finish a task, it is difficult to moni-
tor students’ level of participation during an activity. In a similar vein, [19] notes that
a model’s performance is determined on the quality of annotations added to train-
ing data. The data’s ambiguous labeling causes some kids to be incorrectly classed.
Additionally, the authors contend that there is a great deal of promise for using
unstructured text data (from social media, etc.), but that this data has to be bet-
ter connected with other modalities. Performance can be significantly impacted by
fusion. Feature imbalances and feature noise, where features fluctuate by scale and/or
degree of reliance depending on each modality used, are common problems in early
fusion. The link between modalities is not always captured by late fusion techniques.
Poor time-synchronization and poor alignment between modalities lead to poor per-
formance, as demonstrated by [14] and [19]. Attention-based and transformer-based
fusion models, which are detailed in [18, 20], are highly computationally costly. These
don’t work well in practical applications since they need a lot of training data, which
aren’t always easily accessible.

Extracting visual attributes is the main focus of most studies. Textual and
interaction-based data have either not been thoroughly examined or have been poorly
integrated by researchers. The majority of current approaches provide less-than-ideal
outcomes because they do not adequately understand intermodal interactions. The
majority of datasets restrict generalizability because they are either too small, ori-
ented toward a specific demographic, or subjectively annotated. Few research have
used the same set of input features to compare ML and DL techniques. Unlike earlier
research, this work use a variety of modalities to identify both the underlying cognitive
involvement and the observable behaviors. Additionally, this study shows the advan-
tages and disadvantages of early versus late fusion. The same feature sets are used to
test both ML and DL models. In addition to addressing the problems associated with
multi-modality integration, this study contributes to the improvement of engagement
detection systems appropriate for educational settings.

3 Proposed Methodology

The overall architecture of the proposed framework is illustrated in Figure 1. The pro-
cess comprises dataset preparation, feature extraction, feature representation, feature
fusion, and classification. Each of these stages is described in detail in the subsequent
sections.
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Fig. 1 Overall architecture of the proposed framework.
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Table 1 Interestingness Score Mapping to Engagement Labels

INT Range Engagement Label Class No. of samples
0-1 Disengaged 0 3366
2 Partially Engaged 1 1962
3-4 Engaged 2 473

Table 2 Summary of Extracted Features

Feature Type No. of Features Dataset
Eye Gaze 6 direction vectors DAiSEE
Head Pose 6 rotation & location vectors DAiSEE
Facial Landmarks 468 key point coordinates WACV
Action Units 17 muscle movements DAiSEE
OpenFace Features 712 features (concat.) WACV, DAiSEE
Text Embeddings 5801 samples (768-dim each) IntrEx

3.1 Dataset

The WACV dataset consists of 4,424 annotated images categorized into three levels of
engagement: disengaged (412 samples), partially engaged (2,247 samples), and fully
engaged (1,765 samples). This class distribution reflects realistic classroom settings,
where completely disengaged students are observed less frequently than partially or
fully engaged students.

The DAiSEE dataset comprises 9,068 annotated video clips, each 10 seconds long,
capturing the temporal variations in student engagement. To further incorporate the
cognitive dimension of engagement, the IntrEx dataset is used. This dataset contains
5,801 conversational segments represented as sequential teacher–student dialogues.
Each dialogue segment is independently annotated by three raters for the level of
interest (INT) on a scale ranging from 0 to 4.

In Equation (1), p0int, p1int, and p2int denote the interest ratings assigned by
the three annotators. The final interest score, denoted by INTfinal, is computed as
the average of these ratings and serves as the ground-truth measure for classifying
engagement. Subsequently, the INTfinal scores are discretized into three engagement
classes, as summarized in Table 1.

INTfinal =
p0int + p1int + p2int

3
(1)

3.2 Data Preprocessing

To mitigate unwanted variations in the image data, several preprocessing steps are
applied. First, all images are resized to a uniform resolution of 224 × 224 × 3 and
normalized using the mean and standard deviation values derived from ImageNet.
Data augmentation techniques, including random horizontal flipping and rotation,
are employed to improve model generalization and robustness. For the DAiSEE
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video dataset, frames are uniformly sampled to capture temporal variations in stu-
dent behavior. Furthermore, special tokens (e.g., <STUDENT>) are preserved in
the textual data to retain contextual information associated with teacher–student
interactions, thereby facilitating more effective engagement detection.

3.3 Feature Extraction and Representation

The Facial Action Coding System (FACS) defines Action Units (AUs) as specific
facial muscle activations or movements. Complex facial expressions are represented
by the simultaneous activation of multiple AUs. In this study, OpenFace is employed
to extract facial behavioral cues, including eye gaze and head pose, by estimating the
direction of a student’s gaze from facial landmarks and determining the orientation of
the head with respect to the camera.

For the textual modality, contextual embeddings are generated using the
RoBERTa-base model. Specifically, RoBERTa encodes each dialogue sample into a
dense sentence-level representation by extracting token-based contextual features.
RoBERTa is selected due to its ability to effectively capture semantic information, sen-
timent, intent, and linguistic cues indicative of student participation. These contextual
representations facilitate the modeling of temporal variations in language associated
with different levels of engagement.

3.4 Machine Learning Models

Five machine learning algorithms were evaluated: Support Vector Machines (SVM),
Random Forest (RF), Gradient Boosting, Decision Trees (DT), and eXtreme Gra-
dient Boosting (XGBoost). These algorithms process various combinations of input
features, enabling systematic comparison of the contributions of individual modalities.
Four feature sets were examined: (S1) facial landmark-based features; (S2) head pose
and eye gaze-based features; (S3) Action Unit (AU)-based features; and (S4) a com-
bined feature set incorporating S1–S3. Given the limited number of training samples,
relatively simple deep learning architectures were employed rather than complex mod-
els. Lightweight feature extraction methods and moderate-sized architectures reduce
computational requirements for both training and inference. Average inference times
remain near real-time, facilitating straightforward integration into online classroom
environments or learning analytics platforms.

3.5 Deep Learning Models

The image-based model operates on facial landmark features extracted from the
WACV dataset and employs a ResNet18 architecture pre-trained on the ImageNet
dataset, followed by a task-specific classification layer. For the behavioral modality,
Action Units (AUs), eye gaze, and head pose features extracted from the DAiSEE
dataset are processed using an EfficientNet-based neural network.

For the textual modality, contextual embeddings are provided as inputs to a Multi-
Layer Perceptron (MLP) classifier. The MLP architecture is selected because of its
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Table 3 Feature Weights for Late Fusion

Feature Weight Value
Facial Landmark (w1) 0.3
Activation Units (w2) 0.2
Eye Gaze & Head Pose (w3) 0.2
Dialogue Embeddings (w4) 0.3

relatively simple structure compared with deeper neural architectures, thereby reduc-
ing model complexity and minimizing the risk of overfitting while maintaining effective
classification performance.

3.6 Fusion

Early Fusion: A unified feature representation is obtained by concatenating the feature
vectors extracted from the three modalities into a single embedding vector. The result-
ing concatenated representation is subsequently processed through fully connected
layers with dropout regularization. In Equation (2), Ximg, Xbeh, and Xtxt denote the
encoded image, behavioral, and textual features, respectively, which are combined to
form the joint representation. This fusion strategy facilitates the learning of cross-
modal interactions; however, its performance may be adversely affected by noisy or
unreliable features of individual modalities.

X = [Ximg;Xbeh;Xtxt] (2)

Late Fusion: In the late fusion strategy, each modality-specific model is trained
independently to produce a class probability distribution. Specifically, Pimg, PAU ,
PEH , and Ptxt denote the probability vectors generated by the facial landmark, behav-
ioral, and textual models, respectively. The final prediction, Pfinal, is obtained by
computing a weighted average of these modality-specific probability distributions, as
defined in Equation (3). The weights w1, w2, w3, and w4 correspond to the con-
tributions of facial landmarks, Action Units (AUs), gaze and head pose, and text
embeddings, respectively. This fusion approach enables each modality to contribute
to the final decision based on its relative importance.

Pfinal = w1Pimg + w2PAU + w3PEH + w4Ptxt (3)

Modality-specific weights are optimized via a grid search in the validation set,
subject to the constraints specified in Equation (4). Once the optimal weights are
identified, they are used to generate the final predictions on the test set. The weight
combination that yields the highest weighted F1-score on the validation set is selected
as the optimal configuration and reported in Table 3.

w1 + w2 + w3 + w4 = 1 (4)
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Table 4 Hyperparameters Across Modalities

Model LR Batch Size Dropout
ResNet (IF) 2.54e−4 64 0.5
EfficientNet (BF) 1.32e−4 32 0.5
MLP (TF) 1e−3 32 0.3
IF+BF 1.58e−4 32 0.3-0.5
BF+TF 1e−3 32 0.3-0.5
IF+TF 2.54e−4 32 0.3-0.5
IF+BF+TF (Early Fusion) 1.32e−4 32/64 0.2-0.5
IF+BF+TF (Late Fusion) 1e−4 32/64 0.2-0.5

4 Results

4.1 Experimental Setup

To accommodate the heterogeneous dimensionalities of multimodal features, the fusion
models are configured with flexible parameter settings. All models are trained for a
maximum of 50 epochs. To prevent overfitting, early stopping with a patience of 30
epochs, based on validation loss, is employed for the fusion models. The learning rate
is adaptively selected according to the complexity of the input features and the archi-
tecture of the deep learning model. The complete set of hyperparameter configurations
used for training is summarized in Table 4.

The datasets are divided into training, validation, and test subsets in a ratio of
70:15:15. To address class imbalance, class-weighted loss functions are incorporated
during model training. The class weight, denoted by wi, is computed using Equation
(5), where Ni represents the number of samples belonging to the ith engagement class.

wi =
1

Ni

(5)

4.2 Model Performance

Among the evaluated machine learning models, XGBoost achieved the best perfor-
mance when trained on the combined feature set, attaining an accuracy of 0.867 and
an F1-score of 0.871. This result indicates that integrating geometric facial features,
gaze patterns, head pose, and Action Units (AUs) yields a more comprehensive rep-
resentation of student engagement than any single feature modality. The performance
comparison of the machine learning models is presented in Table 5.

In contrast, the Support Vector Machine (SVM) exhibited a notable decline in per-
formance, suggesting that its decision boundaries are insufficient to effectively capture
the complexity and nonlinearity inherent in the fused feature space. Among the uni-
modal feature sets, AUs demonstrated the highest discriminative capability, achieving
an accuracy of 0.864. This finding highlights the significance of facial muscle activations
in representing the cognitive and affective states associated with student engagement.

Facial landmark- and gaze-based features exhibit comparatively lower performance
than other feature modalities. This reduced performance can be attributed to their
sensitivity to various sources of noise, including illumination variations, occlusions,
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Table 5 Evaluation of all ML Models for 4 Feature Sets

Features Model Accuracy Precision. Recall F1 Score

Facial
landmarks

SVM 0.612 0.624 0.608 0.61
RF 0.842 0.848 0.839 0.841
DT 0.821 0.827 0.818 0.82
GBM 0.851 0.856 0.847 0.849
XGBoost 0.859 0.864 0.857 0.862

Gaze+Pose

SVM 0.598 0.603 0.594 0.596
RF 0.826 0.831 0.823 0.825
DT 0.814 0.819 0.81 0.812
GBM 0.856 0.868 0.863 0.865
XGBoost 0.844 0.85 0.839 0.842

AU

SVM 0.621 0.629 0.616 0.618
RF 0.846 0.852 0.843 0.845
DT 0.829 0.835 0.826 0.828
GBM 0.852 0.86 0.85 0.851
XGBoost 0.864 0.878 0.864 0.866

Combined

SVM 0.635 0.642 0.631 0.633
RF 0.853 0.86 0.849 0.851
DT 0.838 0.843 0.834 0.836
GBM 0.861 0.866 0.857 0.859
XGBoost 0.867 0.873 0.866 0.871

and head movements. To further investigate the effectiveness of each modality, the
deep learning (DL) models are evaluated independently, with the results summarized
in Table 6. Among the unimodal DL models, the behavioral model achieves the high-
est accuracy of 0.823, followed by the text-based model (0.817) and the image-based
model (0.809). These findings suggest that structured behavioral features, such as
Action Units (AUs), eye gaze, and head pose, are more informative for engagement
detection than facial landmark-based representations. Unlike raw image data, behav-
ioral features are less susceptible to environmental noise and are better able to capture
meaningful engagement-related patterns.

The text-based model demonstrates moderate performance. Although textual
interactions provide valuable insights into cognitive engagement, the presence of
ambiguous, short, or low-information utterances may limit their discriminative capa-
bility when considered in isolation. Consequently, textual features alone are insufficient
to comprehensively characterize student engagement.

All multimodal DL combinations outperform their corresponding unimodal coun-
terparts. As shown in Table 7, the combination of behavioral and textual modalities
achieves the highest performance, with an accuracy of 0.845. This result indicates that
behavioral features capture observable manifestations of attention and affect, whereas
textual features reflect cognitive aspects of engagement. The integration of these com-
plementary modalities, therefore, enhances engagement recognition performance. The
inclusion of image-based features yields only marginal improvements, likely due to the
substantial variability and noise inherent in visual data. Table 7 further presents the
performance of the proposed fusion strategies utilizing all three modalities.

Early fusion combines features from multiple modalities at the representation level
prior to classification. However, multimodal systems often comprise heterogeneous
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Table 6 Performance of individual deep learning models

Features Model Accuracy Precision Recall F1 Score
IF ResNet 0.809 0.813 0.807 0.804
BF EfficientNet 0.823 0.826 0.823 0.829
TF MLP 0.817 0.827 0.816 0.812

Table 7 Performance of bimodal and trimodal models using early and late
fusion

Model Fusion Accuracy Precision Recall F1 score
IF + BF Early 0.834 0.834 0.838 0.832
IF + TF Early 0.83 0.831 0.827 0.824
BF + TF Early 0.845 0.857 0.846 0.842
IF + BF + TF Early 0.856 0.864 0.853 0.858
IF + BF + TF Late 0.864 0.873 0.867 0.861

data sources with distinct probability distributions, which can limit the effectiveness
of feature-level integration and hinder the learning of a unified representation. In
contrast, late fusion employs independent models for each modality to learn modality-
specific representations, then combines their output probabilities to produce the final
prediction.

Several important observations can be drawn from the experimental results. First,
behavioral features are the most reliable indicators of student engagement, as they
provide structured, interpretable representations of engagement-related cues. Second,
textual data effectively capture cognitive aspects of engagement, particularly in situ-
ations where visual indicators of attention are weak or ambiguous. In contrast, facial
landmark-based approaches exhibit lower robustness, primarily due to their sensitiv-
ity to external factors such as illumination variations, occlusions, and changes in head
orientation relative to the camera.

The results obtained from multimodal fusion further confirm that student engage-
ment is inherently multidimensional, encompassing behavioral, cognitive, and affective
components. Among the evaluated fusion strategies, early fusion consistently outper-
forms late fusion, particularly under low-quality visual input conditions. Nevertheless,
despite the overall strong predictive performance, the proposed models remain suscep-
tible to classification errors. False-positive predictions are frequently observed when
students appear visually attentive but are cognitively disengaged, leading models
to overestimate engagement levels. Conversely, false negatives occur when students
exhibit limited visual attention cues, for example, while taking notes or reflecting
deeply on the instructional content, causing the models to incorrectly classify them
as disengaged. In addition, ambiguities in textual responses contribute to misclassifi-
cation, especially when students provide short or generic responses, such as ”yes” or
”ok”, which convey limited information about their actual state of engagement.
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4.3 Statistical Validation

Model performance is evaluated using multiple metrics, including accuracy, precision,
recall, F1-score, and the Area Under the Receiver Operating Characteristic Curve
(AUC-ROC). In addition, the discriminative capability of the models trained on the
combined feature set is assessed across different decision thresholds using Receiver
Operating Characteristic (ROC) curves, as illustrated in Figure 2. Among the eval-
uated machine learning models, XGBoost and Gradient Boosting exhibit superior
discriminative performance, achieving AUC values of 0.99 and 0.98, respectively.

Given that the late fusion strategy achieved slightly higher performance (accuracy
of 0.864) than early fusion, its training dynamics were further analyzed over 50 epochs.
The learning curves indicate that the model effectively learns from the integrated mul-
timodal representations. As shown in Figure 3, the training accuracy increases steadily,
reaching approximately 90%, while the validation accuracy stabilizes in the range of
86–87%. The corresponding loss curves, presented in Figure 4, exhibit an exponen-
tial decline, with the minimum training loss attained around epoch 30. To mitigate
overfitting and prevent the model from adapting excessively to noise present in the
training data, early stopping is employed at epoch 30. Optimal model performance is
achieved when the validation loss reaches its minimum, and the validation accuracy
converges to a stable plateau.

To evaluate generalization capability, 5-fold cross validation is performed on the
unimodal and multimodal deep learning models. In each fold, the dataset is divided
into training and testing subsets such that four folds are used for training and one
fold is used for testing. The process is repeated five times, and the final performance
is computed as the average across all folds. Accuracy, precision, recall, F1-score, and

Fig. 2 Receiver Operating Curve (ROC) for Combined Features
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Fig. 3 Training and Validation Accuracy Curve

Fig. 4 Training and Validation Loss for Late Fusion

standard deviation are used as evaluation metrics in order to measure both predictive
capability and consistency across different data partitions.

The behavioral model achieved the strongest unimodal performance with an aver-
age accuracy of 82.3% ± 0.6, followed by the text model and image model. Early
fusion achieved an average accuracy of 85.6% ± 0.4, while the proposed late fusion
framework achieved the highest average accuracy of 86.4% ± 0.3 and an F1-score of
86.1% ± 0.4. The lower standard deviation observed in the late fusion framework in
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shown in Table 8. Stable learning behavior and improved robustness is observed across
varying train-test splits.

Paired t-tests are conducted using the fold-wise accuracy scores, displayed in
Table 9. The comparison between early fusion and late fusion produced a p-value of
0.031, indicating statistically significant improvement (p < 0.05). Comparison between
the behavioral model and late fusion produced a p-value of 0.004, demonstrating
highly significant improvement (p < 0.01). Statistical evaluation confirms that fusion
maintains consistent and reliable predictive behavior across multiple validation folds.

Table 8 Statistical validation using 5-fold cross validation

Model Accuracy (%) F1 Score (%) Standard Deviation
Behavioral Model 82.3 ± 0.6 82.7 ± 0.5 0.006
Early Fusion 85.6 ± 0.4 85.8 ± 0.3 0.004
Late Fusion 86.4 ± 0.3 86.1 ± 0.4 0.003

Table 9 Paired t-test results between models

Comparison P-value Statistical Significance
Early Fusion vs Late Fusion 0.031 Significant (p < 0.05)
Behavioral vs Late Fusion 0.004 Highly Significant (p < 0.01)

5 Comparative Analysis

Most existing studies focus on a single input modality, while only a limited number
have explored the integration of all three modalities. Table 10 presents a detailed
comparison between the proposed approach and existing methods. The authors in
[11] reported an accuracy of 94.8% using facial expression and gaze-based features.
Emotion detection was incorporated to identify disengaged students. Nevertheless, the
study did not consider linguistic cues or other communication modalities, limiting its
multimodal representation. The mothod proposed in [12] used both ML and DL models
for detecting student engagement. Their best results were achieved using ML mod-
els that analyzed facial and behavioral characteristics, whereas DL performed much
lower (only 47.2%). The framework presented in [23] achieved an accuracy exceeding
95% using a combination of facial and gait-based biometric features. Nevertheless,
the reliance on gait-based biometrics poses challenges for deployment in classroom
settings, thereby limiting the model’s generalizability. In addition, the framework is
primarily designed to analyze emotional states and does not offer a comprehensive
multimodal assessment of student engagement. [21] demonstrated that integrating
multiple modalities yielded higher accuracy than approaches based on a single modal-
ity. However, the generalizability of the proposed framework across diverse classroom
environments and learning scenarios may be limited due to the relatively small dataset
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comprising only 1,145 samples. Similarly, [19] developed a multimodal framework
that combined video, text, and log data. Although promising results were reported,
the study involved only 27 participants, limiting the model’s ability to effectively
distinguish between highly and less engaged students.

Furthermore, [18] demonstrated the effectiveness of integrating chat and facial
modalities, achieving improvements over unimodal baselines. Nevertheless, the reliance
on post-activity satisfaction ratings as ground truth constrains the applicability of the
framework for real-time engagement assessment and analysis. In addition, the limited
dataset of only 164 samples further restricts the generalizability and robustness of the
proposed system

Advanced approaches, including multimodal transformers and cross-modal atten-
tion mechanisms, generally demand extensive training datasets, significant compu-
tational resources, and careful model tuning. Furthermore, attention-based fusion
techniques have been employed to integrate physiological sensor data with visual
modalities. Despite achieving high prediction accuracies, the practical deployment
of such methods in resource-constrained classroom environments is challenging. The
proposed framework offers competitive predictive performance relative to existing
multimodal systems while maintaining interpretability

The experimental results demonstrate that multimodal fusion consistently outper-
forms individual modalities. Specifically, the weighted late fusion approach achieved
an average accuracy of 0.864 and an average F1-score of 0.861, yielding performance
that is competitive with, or superior to, existing multimodal systems while maintain-
ing a balance between predictive capability and interpretability. This improvement
can be attributed to the complementary nature of the employed modalities. Behav-
ioral features capture attentional and engagement-related cues more effectively than
visual features or text embeddings alone, whereas text embeddings provide contextual
and semantic information regarding student interactions that cannot be inferred solely
from behavioral data. By integrating these modalities within a unified framework, a
richer and more discriminative feature space can be leveraged than would be possi-
ble by relying exclusively on either behavioral or textual features alone. Furthermore,
weighted late fusion preserves the strengths of individual modalities while mitigating
the influence of noise introduced by weaker modalities.

6 Conclusion and Future Work

This study presents a multimodal framework for student engagement detection based
on facial, behavioral, and textual cues. The experimental results demonstrate that
integrating visual, behavioral, and textual information improves engagement detec-
tion performance compared with unimodal approaches. Both feature-level (early)
fusion and decision-level (late) fusion strategies were investigated, with fusion-based
approaches consistently outperforming individual modality models.

Among the evaluated classifiers, XGBoost achieved the highest overall accuracy
of 0.867 using handcrafted behavioral features, highlighting the continued predictive
importance of observable actions and eye-movement patterns. Comparative analysis
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Table 10 Comparison of existing student engagement detection methods with the proposed system

Ref

No.

Datasets Modality Features Models Accuracy Limitation

[17] Posts,
com-
ments,
ques-
tionnaire
responses
from 51
students

Text Number
sequence,
TF-IDF,
Word2Vec

RF,
SVM,
FCNN,
LSTM

0.886 Dataset
is lim-
ited to
one dis-
cipline;
binary
classifi-
cation of
engage-
ment

[21] 1,145
instances
of game-
play data
from 31
students,
FER-
2013
dataset

Image
and Text

Facial
action
units,
emotion
proba-
bilities,
gameplay
logs

kNN,
DT, RF,
LR with
decision-
level
fusion

0.836 No stu-
dent
self-
report
valida-
tion; tied
to one
puzzle
game;
limited
fusion
strategies

[14] RAVDESS
dataset

Video
and audio

Facial
emotion
cues,
acoustic
speech
features

CNN
models
(speech,
video,
combined
multi-
modal)

Video:
0.947,
speech:
0.928,
com-
bined:
0.693

Combined
model
per-
formed
worse
than uni-
modal
models

[22] Data
from 32
students
using
IoT sen-
sors and
therapy
sessions

Sensor
data, text

Educational
data,
environ-
mental
data,
physio-
logical
data,
motion
sensor
data

kNN,
DT,
RF, NB,
MLP,
SVM,
XGBoost,
DNN

0.977 Binary
pre-
diction
limits
insights;
data col-
lected
only
in one-
to-one
therapy
setting

[11] Student
Engage-
ment
Dataset,
AffectNet

Image Facial
action
units,
gaze
vectors,
emotion
indica-
tors

CNN,
SVM,
DNN

0.948 Self-
reported
labels;
Dataset
labels
focus
mainly
on gaze;
emotion
detection
accuracy
is rela-
tively low
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Table 10 Comparison of existing student engagement detection methods with the proposed
system (PART II - Continued)

Ref

No.

Datasets Modality Features Models Accuracy Limitation

[20] DECEP Facial
features,
Sensor
data

EEG, eye
tracking,
skin con-
ductance,
blood
volume
changes,
facial fea-
tures

Transformer,
DNN, Bi-
LSTM

Mean
Absolute
Error:
0.3544,
Mean
Square
Error:
0.1651

Small
partic-
ipant
pool; self-
reported
labels

[16] DEAP Sensor
data

EEG fre-
quency
sub-
bands

1D-CNN,
LIME

0.999 class
imbal-
ance;
binary
emotion
detection

[13] MSR,
NPUAction,
classroom
dataset

Video Facial
expres-
sions,
abnormal
behav-
iors, head
posture

VGG16,
CNN

0.945 Modality
imbal-
ance;
sub-
jective
labeling

[23] Biometric
and sen-
timent
datasets

Image,
gait

Face
and gait
recog-
nition,
facial
expres-
sions

PCA,
attention-
based
models

0.851 Dataset
not
public;
occlu-
sions and
crowded
scenes

[18] activity
instances

Text and
video

Chat
messages,
facial
AUs,
head
pose, eye
gaze

LSTM,
cross-
attention
model

0.72 Satisfaction
measured
post-
activity;
indi-
vidual
responses
only;
averag-
ing facial
features
may skew
results
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Table 10 Comparison of existing student engagement detection methods with the proposed
system (PART III - Continued)

Ref

No.

Datasets Modality Features Models Accuracy Limitation

[15] Five pub-
lic facial
emotion
datasets

Image
and
Video

Facial
expres-
sions,
facial
land-
marks,
lip move-
ment

Haar
cascade,
CNN,
Dlib,
multi-
modal
feature
aggrega-
tion

Engagement
detec-
tion:
0.935,
Emotion
detec-
tion: 0.99

No group
analysis;
limited
dataset
for
engage-
ment
evalua-
tion

[12] WACV
and
DAiSEE

Image,
Video

AUs,
gaze,
head
pose,
facial
land-
marks

SVM,
RF, DT,
XGBoost,
ResNet,
Efficient-
Net

ML:
0.829,
DL: 0.472

Only
visual
modal-
ities;
dataset
biaseds

[19] Dataset
from 27
students

Video
and Text

Facial
expres-
sions,
chat mes-
sages,
behav-
ioral logs

Time-
CNN,
FCN,
Encoder,
MCNN

0.95 Annotation
accuracy
affects
perfor-
mance;
difficulty
detect-
ing high
engage-
ment.

Prop
method-
ology

WACV,
DAiSEE,
Student
text
interac-
tion data

Image,
Behav-
ioral,
Text

Facial
land-
marks,
AUs, eye
gaze,
head
pose,
SBERT
sentence
embed-
dings

SVM,
RF, DT,
GBM,
ResNet18
(image),
Effi-
cientNet
(behav-
ioral),
MLP
(text)
with
early
and late
fusion

Image:

0.809,

behav-

ioral:

0.823,

text:

0.817,

early

fusion:

0.856,

late

fusion:

0.864

no tem-
poral
analysis.
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further revealed that late fusion outperformed early fusion, suggesting that decision-
level integration is more effective in handling heterogeneous feature representations.
Although behavioral features emerged as the strongest individual modality, combin-
ing behavioral and textual modalities yielded the greatest improvement in predictive
performance. This finding indicates that while behavioral cues reflect students’ atten-
tional states, textual information provides complementary insights into their cognitive
processes. Consequently, integrating facial, behavioral, and textual modalities provides
a more comprehensive assessment of student engagement.

Despite these promising results, the temporal evolution of engagement during
video-based learning was not considered in the present study. As a result, model
performance remains highly dependent on the quality and reliability of annotated
training data. In particular, engagement studies that rely on textual data often suffer
from unreliable ground-truth labels, underscoring the need for more robust and novel
annotation strategies.

Future research will focus on incorporating explainable artificial intelligence (XAI)
techniques to improve model transparency by identifying the factors contributing
to engagement predictions. Additionally, developing flexible mechanisms for han-
dling missing modalities will be essential for real-world deployment. Finally, temporal
modeling approaches, such as Long Short-Term Memory (LSTM) networks and
transformer-based architectures, will be explored to capture the dynamic nature of
student engagement over time.
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