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ABSTRACT

An explainable, multimodal Al framework for assessing cognitive engagement in smart learning environments is
presented in this paper. This framework integrates five modalities of sensing: facial expression, gaze, speech,
interaction, and physiological sensing. The framework uses a preprocessing pipeline consisting of denoising,
normalization, and time alignment of the input streams to the framework to perform feature extraction and fusion.
The framework supports learning state assessments and generation of actionable instructional guidance using
learning engagement state modeling, attention-based multimodal fusion, and explainable decision support. The
framework was implemented, and the Open University Learning Analytics Dataset (OULAD) was used for
evaluation. OULAD contains anonymized learner activity, assessments, demographic data, and logs of interactions
with the virtual learning environment. To support the real-time assessment of cognitive engagement, additional
multimodal engagement features were generated following a preprocessing, time alignment, feature extraction,
and normalization. The framework was evaluated against several state-of-the-art models, including a diverse set
of deep learning and multimodal models focused on engagement and learning. The framework surpassed its peers,
achieving cognitive engagement assessment with 98.81% accuracy, 98.45% precision, and 98.12% recall with a
48.15 ms response time. Compared to the best competing model, the framework achieved superior explainability
and transparency of its recommendations. The results show that the framework can offer learner-centered,
trustworthy, and timely assessments of cognitive engagement in intelligent and adaptive learning environments.

Keywords: Adaptive learning analytics; Cognitive engagement assessment; Decision transparency; Educational
data intelligence; Explainable artificial intelligence; Intelligent learning systems; Multimodal feature fusion;
Personalized learning recommendation; Real-time learning analytics; Smart learning environments.

1 Introduction

Smart learning environments use artificial intelligence to analyze how students think, attend to, and
interact with the instruction. In these environments, cognitive engagement is used to assess the level of
thinking, the amount of attention, the persistence, the motivational drive, and the breadth and depth of
the learning. However, the comsmonly used cognitive engagement assessment methods rely on surveys,
physical observation, and post-action reviews, which all limit the system’s capacity to provide
continuous feedback. Multimodal sensing mitigates many of the aforementioned issues, as the facial
expressions, eye gaze direction, voice, actions and a variety of physiological signals offer a
comprehensive assessment of the learner’s state. That being said, many models are still black boxes,
which restricts the level of trust that can be placed in them for educational purposes [1-3]. In this regard,
the framework introduced in this research provides real-time cognitive engagement assessment through
the combination of preprocessing, feature learning, adaptive fusion, temporal modeling, explanation
generation, and personalized recommendation in a single pipeline. By harnessing the power of several,
fully aligned, signals, the framework is capable of noting fine-grain changes in engagement and
differentiating between active learning and disengagement. In addition, the design aims to produce
educational analytics that are transparent and timely. It also helps promote fairness and accountability
in digital education through the use of learning analytics and personalization based on evidence [4-6].
The main advances of this work include the following. First, the work incorporates an adaptive attention-
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based cross-modal integration mechanism that models five learner-related modalities, including facial
expression, eye-gaze, speech, interaction logs, and physiological signals. The mechanism differs from
existing single-source or loosely fused models of engagement in that it estimates the relevance of each
modality, inter-modal dependencies, and the consistency of fusion, to provide a unified representation
of cognitive engagement.

Second, the work describes a strategy to model cognitive engagement temporally to understand both
present and past states of engagement across a learned continuum of discrete learning intervals. This
strategy allows the framework to model the presence of sustained, variable, and the absence of
engagement (disengagement) during an active learning session.

Third, the work incorporates an explainability module that assigns engagement prediction scores at both
the feature and the modality levels, and estimates prediction confidence and contribution, along with
cognitive engagement index, in order to provide a more clear and interpretable decision support system
to both educators and learners.

Fourth, the work embeds an adaptivity type recommendation system that aligns the predicted states of
engagement and the provided explanations with a continuum of support based on the predicted
engagement, thus allowing the framework to provide pedagogical recommendations in a timely manner.

Lastly, the work incorporates, within a single, integrated real-time system, a multimodal, preprocessing,
feature refinement, attention-based fusion, engagement modeling integrate explainable decision support
and design recommendation system. This combined system provides a transparent, real-time, learner-
centered, and engagement-focused assessment system of cognitive engagement in adaptive learning
environments.

2 Related Work

The literature on learner engagement, learning analytics, and cognitive-state prediction reveals several
major research directions and corresponding gaps. Previous educational data mining (EDM) models
have used demographic data, learning management system (LMS) records, and assessment data to
predict student performance and identify learners at risk. Shahiri and Husain reviewed student
performance prediction and emphasized that classification, regression, clustering, and feature-selection
methods are central to EDM [7]. However, these methods do not adequately capture real-time cognitive
or behavioral engagement and typically depend on structured academic data. Neural-network-based
learning analytics models can learn nonlinear relationships from learner activity data and therefore
improve risk and engagement prediction. Waheed et al. developed a neural-network model for early
prediction of learner risk in self-paced learning, demonstrating the value of temporal learning traces for
early intervention. Nevertheless, that model focused primarily on learning activity data and did not
provide an integrated explainable framework incorporating facial, gaze, speech, interaction, and
physiological information. Matetic used LMS data to demonstrate the value of interpretable neural
networks for EDM [8]. However, that approach was also limited to LMS-based digital traces and did
not support multimodal sensing, adaptive fusion, or real-time engagement assessment. Explainable
learning analytics seeks to improve stakeholder trust in educational Al systems. Swamy et al. examined
black-box explainable machine learning methods for predicting student success in MOOCs and
observed that explanation quality varies by model and context, although such methods can support
transparency. Rangone et al. proposed an educational data mining model that integrates AutoML and
interpretable machine learning, showing that automated model selection can be combined with
interpretability for academic prediction [9]. Sohail et al. similarly proposed an interpretable and flexible
learning analytics model for early warning systems. Although these studies address interpretability and
model flexibility, they do not fully address continuous multimodal engagement, real-time classroom
deployment, or contextual cognitive engagement modeling.

The goal of multimodal engagement detection systems is to identify levels of learner engagement based
on multiple evidence: facial expressions, eye gaze, speech, behavior logs, posture, and physiological
signals. Engagement models using facial expressions analyze indicators such as eye openness, head
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movement and rotational speed, smile intensity, eyebrow motion, and facial muscle activity. Such
models are useful in identifying emotional engagement, confusion and boredom, and changes in
attention. However, facial expression models have limitations due to variations in lighting, occlusion,
spatial arrangement of the camera, and individual differences in emotional expressions. Eye gaze models
analyze fixation duration, gaze direction, saccadic movements, pupil size changes and attention to the
learning screen. These models determine visual attention and concentration, but gaze information alone
is insufficient to characterize cognitive load and participation and assess stress levels. Speech models
analyze vocal attributes such as pitch, tone, duration of pauses, speech energy and engagement. These
models capture evidence of learner confidence, hesitance, confusion, and participation, but are
ineffective in supporting silent learning or in noisy classrooms [14]. Models based on interaction logs
measure clicks, keystrokes, scrolls, navigation, submissions, playback, and engagement with content.
These models are scalable and easy to implement in online learning settings, but may not capture
cognitive efforts. Physiological models analyze heart rate and biofeedback signals such as skin
conductance and respiration to determine cognitive load, stress, fatigue, and emotional activation. These
models can reveal hidden cognitive states, but may require invasive sensors and may also raise privacy
and consent issues. To address the challenges that come with single-modality systems, multimodal
fusion techniques have been introduced. Early fusion works at the level of features and classification.
The model learns interactions of features throughout classification. Missing values, different sampling
rates, and noise impact early fusion. Late fusion is the use of separate modality classifiers and combines
decisions from these classifiers. While late fusion improves modularity, it may sacrifice some cross-
modal relationships. Hybrid fusion is a feature and decision-level integration technique that provides
flexibility and representational strength. Deep multimodal fusion architectures leverage multiple neural
networks. Convolutional neural networks (CNNs) are focused on training a model to determine
engagement through the extraction of visual and spatial features from the facial or screen-based data.
However, CNNs are not effective when data contains long-term dependencies. Recurrent neural
networks (RNNs) and Long Short-Term Memory (LSTM) models are useful for both tracking and
modeling engagement and interaction, but they have multimodal explainability issues and will also
struggle with long-range dependencies. Unlike other engagement models, the use of Transformers
employs self-attention to capture contextual dependencies. However, they also require significant
amounts of data to prevent operating as opaque, highly predictive systems [15]. While multimodal deep
fusion models significantly improve the ability of existing models to predict engagement with different
learner signals, they provide minimal understanding as to why a particular engagement state was
predicted.

Explainable Al is particularly important for teachers, learners, administrators, and policymakers
because it clarifies the rationale behind automated educational decisions. Models that lack transparency
are problematic in education because incorrect or unexplained predictions can affect learner support,
grading, interventions, and instructional design. Explainable learning analytics improves transparency
by identifying influential model features, producing interpretable outputs, and supporting model-
centered decision making. Model-agnostic methods, including local explanation, feature attribution,
perturbation analysis, and rule extraction, are commonly used to explain black-box predictions. A key
concern, however, is whether post hoc explanations faithfully represent the model's actual decision logic
[16]. Interpretable neural models can incorporate transparency directly into the learning process through
attention mechanisms, feature-importance scores, saliency maps, and interpretable latent
representations. In learner-performance prediction, explainable models have been used to identify
factors related to assessment, platform activity, attendance, access to learning resources, and
engagement. Although these methods improve interpretability and trust, they are often restricted to
structured learning management data and do not fully support multimodal learning environments.

There are several studies that focus on explainable educational data mining and learning analytics. In
general, educational data mining studies emphasize the role that classification, regression, clustering,
and feature-selection methods play for learner performance and academic risk prediction. Neural
learning analytics models have taken data mining models and learning analytics to a higher level by
predicting particular learner-related data at a higher level in a self-paced and online learning

36 ISSN 2710-1274 (Print) - 2074-8523 (Online) - Published by Al-Zaytoonah University of Jordan (ZUJ)



Vol. 18, No. 3, November 2026 Int. J. Advance Soft Compu. Appl.

environment by detecting patterns and predicting outcomes [17]. Learning analytics Interpretable Neural
Networks have been used for learning management systems to produce predictions with less opaque
outputs. Black-box explainability for MOOC studies have suggested that using certain explanation
techniques can indicate what may lead a learner to be successful or to fail, although the explanations
produced are quite arbitrary and of low quality. AutoML in Educational Data Mining frameworks gives
the edge of combining automated model selection and interpretable machine learning, which in turn
decreases the effort and design of models and systems while keeping comprehensibility [18]. Early
warning systems in learning analytics foster the ability to offer timely interventions to learners.
However, these studies focus on the prediction of academic performance and risk, rather than the real-
time assessment of cognitive engagement using a multitude of modalities.

Temporal learning analytics (TLA) is important for engagement analytics because engagement is
dynamic rather than static. Learner engagement changes over time in response to instructional content,
learning pace, motivation, fatigue, emotional state, and interaction with learning materials. Static models
that classify engagement at a single time point are insufficient for representing sustained engagement,
fluctuating engagement, or progressive disengagement. Engagement analytics therefore requires
temporal models such as recurrent neural networks (RNNS), long short-term memory networks
(LSTMs), gated recurrent units (GRUS), temporal convolutional networks (TCNs), and Transformers.
RNNSs can analyze ordered learning events but may suffer from vanishing gradients in long sequences.
LSTMs and GRUSs address this limitation more effectively. TCNs analyze event sequences efficiently
and in parallel, whereas Transformers capture long-range dependencies but must be designed carefully
to control computational cost. In learning analytics, TLA has been used to model the evolution of
learning-log data over time to predict disengagement and dropout and to support learning interventions
[19]. However, most TLA models analyze learning logs in isolation and do not incorporate synchronized
multimodal data. Consequently, these models can identify engagement trends but often fail to explain
the cognitive and emotional factors underlying engagement changes.

Personalized recommendation systems in education utilize learner data to provide adaptive
instructional assistance, learning materials, feedback, and interventions. Examples of such systems
include content-based recommendation systems, which provide learning resources in alignment with
learner characteristics, current performance, and the relevance of the resource to the topic. Collaborative
filtering systems recommend resources based on groups of learners that display similar activity and
performance patterns. Knowledge-tracing models recommend resources based on their predictions of an
individual learner's knowledge and resource-related learning needs. Reinforcement learning models
utilize a system of interventions that adapt to the needs of the learner, based on which of the learning
actions is found to be the most effective. Hybrid recommendation systems incorporate learner behavior,
resource features, assessments, and contextual information to deliver a higher degree of personalization
[20]. The recommendation systems that are found in smart learning environments recommend multiple
things, from the need to revisit a learning resource, to the need for a change in the learning pace, the
presentation of additional explanations, the need for a higher degree of interactivity, the need for a
formative assessment, or the need for an intervention by the teacher. The majority of these systems are
based on the performance of the learner, and do not take into account the cognitive engagement of the
learner. Consequently, they may recommend a particular learning resource without articulating the
reason for the recommendation, whether it be due to a learner's disengagement, a lack of understanding,
low levels of interaction, stress, or very little verbal engagement. Therefore, for recommendation
systems to be more pedagogically sound and integrated, cognitive engagement assessment in a given
learning context needs to be incorporated.

A review of current methods highlights the limitations addressed by this study. CNN-based engagement
models are effective for extracting visual features but provide limited cognitive modeling and
multimodal integration. RNN and LSTM models can capture sequential learner behavior but often focus
on clickstream or LMS data and provide limited explainability. Transformer-based approaches improve
contextual modeling and long-range dependency learning; however, they are data-intensive and often
lack modality-level interpretability [21]. Multimodal deep-fusion models improve predictive accuracy,
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but many provide limited insight into decision-making processes. Explainable learning analytics models
improve interpretability, yet many do not support continuous real-time multimodal engagement
assessment. Cognitive analytics frameworks combine cognitive modeling with analytics but often do
not quantify individual modality contributions. The proposed adaptive multimodal XAl framework
addresses these gaps by integrating temporal modeling, Cognitive Engagement Index computation, and
personalized recommendation within a unified system.

The Explainable Multimodal Artificial Intelligence Framework combines multimodal engagement
detection, temporal learning analytics, explainable decision support, and adaptive recommendation
generation. It considers five learner modalities: facial expression, eye gaze, speech, interaction behavior,
and physiological signals. The framework applies preprocessing, normalization, denoising,
synchronization, feature extraction, cross-modal correlation analysis, feature optimization, and adaptive
attention-based fusion. It also incorporates temporal modeling, explainability, and recommendation
generation. Unlike single-modality models, the framework uses complementary learner signals to
represent cognitive engagement more comprehensively. Unlike conventional multimodal fusion models,
it estimates modality relevance, cross-modal dependency, and fusion consistency. It also provides
feature attribution, modality contribution, prediction confidence, a Cognitive Engagement Index, and
explanation-supported recommendations. Unlike conventional recommendation systems, it links
engagement states and explanatory evidence to pedagogical intervention recommendations.

The proposed framework integrates prediction, explanation, and recommendation within a real-time
learning analytics system. It is positioned at the intersection of multimodal sensing, temporal learning
analytics, explainable Al, adaptive learning technologies, and educational recommendation systems. Its
main contribution is the use of multiple learner signals to model temporal engagement, explain modality-
level contributions, and generate learning recommendations. Smart learning systems require
engagement assessment that is timely, interpretable, and useful for both teachers and learners. Existing
methods do not adequately address these requirements; the proposed framework addresses this gap by
supporting real-time cognitive engagement assessment and adaptive learning assistance.

3 The Proposed Method

The newly described methodology offers a highly adaptable framework for the real-time assessment
of cognitive engagement within smart learning environments using explainable multimodal artificial
intelligence. This framework aims to address the issues of existing cognitive engagement assessment
techniques that primarily rely on surveys, manual observations, and feedback with a significant time
lag. The proposed system collects and processes a range of learner-related modalities, including facial
expression, eye-gaze, speech, interaction, and response data, to provide an assessment of learner
cognitive engagement. Given that the various modalities present a number of challenges — including
differences in scale, format, noise, and time — the methodology begins with synchronization,
normalization, scaling, and de-noising to allow for the representation of data in a reliable and valid
manner. The framework then focuses on the assessment of engagement and participation in speaking
and digital interaction, emotional response and cognitive load, and physiological activation,
respectively. This framework utilizes adaptive multimodal fusion for the assessment of engagement and
participation in speaking and digital interaction, emotional response and cognitive load, and
physiological activation. The framework incorporates a module for the assessment of cognitive
engagement that supports real-time feedback to aid learning. The proposed methodology offers accurate,
explainable, and timely assessments of learner engagement.
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Figure 1. Unified system architecture of the proposed explainable multimodal Al framework

Figure 1 shows the integrated system architecture of the explainable multimodal Al framework designed
to assess cognitive engagement in real-time. The first stage gathers data from facial expressions, eye-
gaze, speech, interaction and physiological data, and the OULAD/LMS data. The data undergoes
synchronization, normalization, scaling, denoising, and time alignment. Algorithm 1 extracts feature
modalities, and performs cross-modal correlation and feature optimization to produce a unified cognitive
feature vector. Algorithm 2 is centered on the fusion of features, with emphasis on the relevance of
cross-modal integration, and identified spatial and temporal contexts of engagement. The last algorithm
of the framework offers engagement prediction and assesses the confidence of predictions, the
importance of the features, the contribution of the modalities, and provides attribution of the Cognitive
Engagement Index together with an adaptive explanation and recommendation. Thus the framework
provides the assessment of cognitive engagement, an explainable recommendation system, personalized
instructional recommendations, and smart learning analytics.

Notations Used

(D) denotes the complete multimodal dataset collected from all sensing modalities used in the proposed
framework.

(M) represents the total number of sensing modalities. In this framework, (M = 5), corresponding to
facial expression, eye-gaze, speech, interaction, and physiological modalities.

(m) denotes the modality index used to represent a specific sensing modality.

(D) represents the data matrix of the (m*") modality.
(Dmi(tj)) denotes the (i*") observation or feature value of the (m*") modality at time (t;).

(N,,,) represents the total number of observations or features available in the (m”‘) modality.
(T) denotes the total number of time samples considered in the observation window.

(t;) represents the current time instant during multimodal data acquisition and feature analysis.

(Dagg(tj)) denotes the aggregated multimodal data value at time (¢;), obtained by combining
observations from different modalities.
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(owm;) represents the aggregation weight assigned to the(i*") observation of modality (m). A higher
value indicates greater contribution to the multimodal representation.

(R4) denotes the overall multimodal data intensity. It measures the average signal strength across all
available modalities.

(A(tj)) represents the temporal multimodal activity at time (t;). It captures the activity variation of the
learner across time.

(ami(tj)) denotes the temporal attention weight assigned to the (i*") observation of modality (m) at
time (¢;).

(Xi(tj)) represents the original unnormalized value of the (i*") feature at time (t;).
(Xn_i(tj)) denotes the normalized value of the (i*") feature after Z-score normalization.

(u;) represents the mean value of the (i*) feature.
(o;) denotes the standard deviation of the (i*") feature.

(e) is a small positive constant used to avoid division by zero during normalization and scaling.
(Xs_i(tj)) represents the scaled feature value after min-max scaling.

(XY denotes the minimum normalized value of the (it") feature.

(X;1#*) denotes the maximum normalized value of the (i*") feature.

(Xc_i(tj)) represents the cleaned or denoised feature value after noise elimination.
(m(tj)) denotes the estimated noise component present in the (i") feature at time (¢;).
()\i(tj)) represents the denoising coefficient used to control the noise removal process.

(Fe (tj)) denotes the facial engagement score at time (t;).

(N¢) represents the total number of facial features extracted from facial expression data.
(fi(tj)) denotes the (i{th}) facial feature at time (¢;).

(af) represents the weight assigned to the (i*") facial feature.

(Gc (tj)) denotes the gaze-based concentration score at time (t;).

(N, ) represents the total number of eye-gaze features.

(gl-(tj)) denotes the (i*") gaze feature at time (t;).

(BY) represents the weight assigned to the (i‘") gaze feature.

(G,) denotes the gaze variability score. It measures variation in gaze behaviour across the observation
window.

(g,) represents the mean value of the (i"{th}) gaze feature over the complete observation period.
(Sa (tj)) denotes the speech attentiveness score at time (¢;).

(Ny) represents the total number of speech features or speech characteristics.
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(si(tj)) denotes the (i*") speech feature at time (¢;).
(v?) represents the weight assigned to the (i*") speech feature.

(%) denotes the temporal speech variation score. It measures changes in speech characteristics between
consecutive time samples.

(E;) represents the total speech energy, which indicates the intensity of verbal participation.

(87) denotes the speech energy weight assigned to the (i”‘) speech feature.
(Ie (tj)) denotes the interaction engagement score at time (t;).
(N;) represents the total number of interaction features.

(Ii(tj)) denotes the (i*") interaction feature at time (¢;), such as clicks, keystrokes, navigation activity,
or submission behaviour.

(x;) represents the interaction importance weight assigned to the (i”l) interaction feature.
(Pa (tj)) denotes the physiological activation score at time (t;).

(Np) represents the total number of physiological signals considered in the framework.
(Pi(tj)) denotes the (i‘") physiological signal at time (t;).

(p;) represents the weight assigned to the (i”l) physiological signal.

(H,) denotes the average physiological response over the complete observation period.

(B;) represents the physiological load fluctuation score. It measures variation in physiological responses
over time.

(P) denotes the average value of the (ith) physiological signal.

(Za(t;)) and (2, (¢;) )denote modality-level feature values of modalities (a) and (b) at time (t;).
(a) and (b)represent modality indices used in cross-modal correlation analysis.

(C,p) denotes the cross-modal correlation between modalities (a) and (b).

(ug) and (up)represent the mean values of modality-level features (Z,) and (Z,), respectively.

(04) and (o, )denote the standard deviations of modality-level features (Z_a) and (Z_b), respectively.

(C,,) represents the overall cross-modal dependency score. It indicates the consistency and relationship
among different modalities.

(64p) denotes the correlation weight assigned to the modality pair ((a, b)).

(0 ) denotes the optimized feature score obtained from candidate features.

(X,) represents the (¢*")candidate feature considered during feature optimization.
(q) denotes the candidate feature index.

(Q) represents the total number of candidate or optimized features.

() denotes the importance score assigned to the (¢*")candidate feature.

(Q) represents the selected feature subset obtained after feature selection.

(t) denotes the threshold value used for selecting important features.
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(Uf (tj)) denotes the unified multimodal feature representation at time (¢;).

(Fmi(tj)) represents the (i*")selected feature of modality (m)at time (¢_j).
(K,,) denotes the number of selected features retained from modality (m).
(wh,;) represents the feature-level fusion weight assigned to the selected feature (Fmi(tj)).

(M,.) denotes the average multimodal contribution used to balance the influence of different modalities.
(E,,,) represents the mean value of the selected feature of modality (m).

(E,) denotes the final fused multimodal feature vector.

(F,) represents the (g )optimized or fused feature.

(x4) denotes the fusion coefficient assigned to the (q*"*)optimized feature.

(0,) represents the final cognitive feature representation generated from fused multimodal features.

(¢q) or (&4 )denotes the final adaptive learning weight assigned to the (¢*" )fused feature.

Complete Parameter Definitions

(M) denotes the total number of sensing modalities used in the proposed framework. These modalities
may include facial expression, eye-gaze, speech, interaction behaviour, and physiological signals.

(m) and (n) represent modality indices. They are used to identify different sensing sources involved in
multimodal engagement analysis.

(K;,) denotes the number of selected or retained features in the (m”l) modality after preprocessing and
feature selection.

(i) and (r) represent feature indices or latent-state indices used in different summation operations.

(N) denotes the total number of latent engagement states, optimized fusion features, or prediction
components considered in the temporal learning process.

(T) represents the total number of time samples included in the temporal observation window.

(tj) denotes the current time instant at which learner engagement is analyzed.

(tj_l) denotes the previous time instant used to model continuous temporal engagement behaviour.
(ty) represents a time instant within the complete temporal observation window.

(Fmi(tj)) denotes the (i*") feature of the (m‘™) modality at time (t;). It represents the basic
multimodal input feature used for engagement fusion.

(Rf(tj)) denotes the received fused feature representation generated by combining features from all
modalities.

(Qf (tj)) represents the feature information strength. It measures the magnitude and contribution level
of multimodal features.

(Tf(tj)) denotes the multidimensional feature interaction representation. It captures pairwise
relationships among selected features within the same modality.

(Zm(tj)) denotes the attention activation score of the (m‘) modality at time (¢;). A higher value
indicates that the modality is more informative for engagement prediction.

(Am(tj)) represents the normalized attention score assigned to the (m*") modality. It determines the
relative importance of each modality during fusion.

(Rm (tj)) denotes the relevance score of the (m*") modality for predicting learner engagement.

(Wm(tj)) represents the weighted transformed feature representation of the (m”{th}) modality after
applying attention and transformation weights.
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(DC (tj)) denotes the cross-modal dependency score. It measures the joint relationship between different
modality representations.

(Ic(tj)) denotes the interaction consistency score. A lower value indicates better agreement among
modalities, while a higher value indicates disagreement or variation among modality signals.

(Fu (tj)) represents the unified multimodal fusion vector generated through attention-driven fusion.

(Fc(tj)) denotes the complementary attention-weighted feature combination obtained by directly
weighting original modality features.
(Fa (tj)) denotes the joint attention interaction score among modalities. It captures how attention values

interact across modalities.
(C,) represents the temporal context of learner engagement across the observation window.

(Hl-(tj)) denotes the (i**) hidden or continuous engagement state at time (t;). It combines current and
previous engagement information.

(St(tj)) represents temporal engagement state intensity. It measures the activation strength of hidden
engagement states.

(Pt(tj)) denotes the present—past engagement relationship score. It captures the connection between
current and previous engagement states.

(Ep,i(tj)) denotes the enhanced engagement pattern descriptor for the (i*") hidden engagement state.

(Of,i(tj)) represents the optimized fused feature obtained after engagement pattern enhancement and
fusion optimization.

(Lf(tj)) denotes the fusion consistency measure. It evaluates the structural stability and internal
consistency of optimized fused features.

(Yt(tj)) represents the engagement prediction value at time (t;).

(Yi (tj)) and (Yr(tj)) denote prediction components used for estimating prediction confidence.

(Cp (tj)) represents the prediction confidence score. A higher value indicates stronger confidence in the
predicted engagement state.
(Cp,i(tj)) denotes the (i**) confidence component used for final engagement estimation.

(Pe (tj)) denotes the final engagement estimation output.
(Pe,l-(tj)) represents the (i) component of the final engagement estimation.

(Ot(tj)) denotes the final fused engagement representation delivered to the explainability, decision-

support, or recommendation module.

(o) denotes the reception weight assigned to the (i) feature of modality (m).

(Bm:) represents the strength coefficient used to calculate feature information strength.

(Ymir) denotes the interaction coefficient between the (it") and (rt") features of modality (m).

(8,,;) represents the attention activation weight assigned to feature (Fmi(tj)).

(6,,,;) denotes the relevance weight used to estimate modality-level feature contribution.

(Ami) represents the transformation weight used to enhance relevant features and reduce less important
features.

(P,,) denotes the dependency weight between modalities (m) and (n).

(wy) represents the interaction consistency weight between modalities (m) and (n).

(pmi) denotes the contribution coefficient used in attention-weighted feature combination.

(Mmn) represents the attention interaction coefficient between modalities (i) and (n).

(uy) denotes the temporal significance weight assigned to time instant (ty,).

(;) represents the current-state learning weight of the (ith) hidden engagement state.
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(C;) denotes the historical-state learning weight of the previous engagement state.

(x;) represents the state intensity weight used in temporal engagement activation.

(v;-) denotes the state transition weight between current and previous hidden engagement states.

(x;) represents the engagement pattern enhancement weight.

(t;) denotes the fusion optimization weight.

(v;,-) represents the structural consistency coefficient between optimized fusion features.

(0;) denotes the prediction weight assigned to the (i*") optimized fused feature.

(&) represents the confidence interaction coefficient between prediction components.

(g;) denotes the final engagement estimation weight.

(1t;) represents the output delivery weight used to generate the final fused engagement representation.

Algorithm 1: Adaptive Multimodal Cognitive Representation and Feature Learning Algorithm

The proposed Adaptive Multimodal Cognitive Representation and Feature Learning Algorithm is
designed to capture learner engagement by integrating heterogeneous data sources, including facial
expressions, eye-gaze movement, speech behaviour, interaction activity, and physiological signals.
Since each modality reflects a different dimension of cognitive and behavioural engagement, the
algorithm first synchronizes all sensor streams with respect to time. The collected multimodal data are
then normalized, scaled, and denoised to remove sensor-level inconsistencies [23]. After preprocessing,
modality-specific features are extracted and fused into a unified cognitive representation. This
representation is further optimized and used for real-time engagement analysis, decision-making,
recommendation generation, and explainable learning analytics.

Step 1: Multimodal Data Acquisition
In this step, we gather data from multiple sensing modalities. We denote the complete multimodal

dataset by facial, gaze, speech, interaction, and physiological data. Each modality consists of a number
of samples captured over a sequence of time samples. The complete multimodal dataset is expressed as:

D = Dm|m =12, .., M, Dm = [Dmi(tj)](meT) (1)

Here,D denotes the complete multimodal dataset, D,,, denotes the data matrix of the mt" modality,
Dmi(tj) denotes the i*" observation of the modality m at time tj, Nm, denotes the number of observations
of the modality m, and T denotes the total number of time samples. In the proposed framework, we
assume M = 5, which corresponds to facial, gaze, speech, interaction, and physiological modalities.

In order to combine the raw multimodal observations, weighted data aggregation is performed. This
type of aggregation differentiates the significance of various sensor observations depending upon their
trustworthiness and relevance [24-25].

Dagg(tj) =X(m= 1)M2(i = 1)(Nm) wmiDmi(tj) )

In this equation, D44 (tj) denotes the data for the aggregated multimodal data at time ¢;, and \omega_mi
denotes the aggregation weight that is assigned to the it" observation of the modality m. The aggregation
weight is a higher value of w,,; implies that the observation contributes to the multimodal representation
to a greater extent [16]. The overall multimodal data intensity is computed to evaluate the average data
signal strength across all the modalities to assist in ascertaining whether the data collected is adequate
to represent behavioral and cognitive data.

Ry=1/MY(m=1)M \/ (1/(NmT)Z(i — 1)(Nm)2(j=1)T[Dmi(t,-)]2) 3)

R, reflects the overall multimodal data intensity and is defined as the average root-mean-square signal
magnitude across all available modalities. The value of R, helps to interpret the strength of the learner
activity and the signal intensity. A higher R; indicates a greater activity of the learner or response of the
sensor; a lower R; may mean an activity of the learner was not strong enough (or signal was weak).
Once the multimodal data is collected, the next step is the consideration of the learner behavioral data
that is dependent on the modality of the data and the temporal dimension.
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A(t) =X0m = DM X (i = DV 4, i()Dpi(t)) (4)

A(t;) describes the temporal multimodal activity at time ¢;. In addition, a,;(t;) describes the temporal
attention of the i th observation of the mth modality at time ¢;. This equation helps the framework to
capture changes in learner activity across time.

Step 2: Data Normalization and Scaling

The data collected across the different modalities may vary with respect to the units of measurement,
scale, and range of values. This may be represented with respect to pixel-based descriptors, coordinate
values, frequency or energy values, and biomedical signal values. This justifies the need for
normalization to represent the features in a comparable manner.

Z-score normalization is applied to remove mean variation and standardize the distribution of the
features.

Xy (t) = (Xi(t;) — wi)/(0; + €) (5)

This denotes that X;(¢;) is the original unnormalized value, and in the same time, X, ;(¢;) is the
normalized value of the i th feature at time ¢;. y; is the mean of the

Following normalization, min-max scaling standardizes feature values to fall within the same range.
This is important for dealing with multimodal features having disparate numerical distributions.

Xso(6) = K () = X pin)/(Xipax = XGpin + ) )
In this equation,(Xs,i(tj)) is the scaled feature value, (X™/™)is the minimum value of the ith feature

after normalization, and (X7*)is the maximum value of the ith feature after normalization. This

scaling represents that features from all modalities have been made to contribute fairly during their
fusion and learning.

Step 3: Noise Elimination

Sensor data usually have noises caused by many things such as environmental disturbances, limitations
of the device, motion artifacts, background sounds, variations in lighting, and fluctuations of
physiological signals. Since these noises have to be removed before feature extraction, the value of the
feature after it has been cleaned is the estimated value of the noise that is subtracted from the feature
plus a denoising coefficient.

Xen(t) = ()Xo () —mi(t)] )
Here, (Xc_l- (tj)) represents the cleaned or denoised feature value, (iji(tj)) represents the scaled feature

value, (m(tj)) represents the estimated noise component, and (Al-(tj)) represents the denoising

coefficient. This step improves data reliability and reduces the possibility of incorrect engagement
interpretation due to noisy observations.

Step 4: Facial Engagement Feature Extraction

Facial expression features are extracted to estimate the learner’s affective and cognitive engagement
during the learning session. These features may include eye openness, eyebrow movement, facial muscle
activation, head orientation, smile intensity, and other expression-related indicators. Since facial cues
provide important information about attention, interest, confusion, and emotional responsiveness, the
extracted facial features are combined using feature-level weights to compute the facial engagement
score.

Fe(t) = X2, wyifi() ®)

45 ISSN 2710-1274 (Print) - 2074-8523 (Online) - Published by Al-Zaytoonah University of Jordan (ZUJ)



Vol. 18, No. 3, November 2026 Int. J. Advance Soft Compu. Appl.

In this equation, (F; (t)) denotes the facial engagement score at time (t), (N;) denotes the total number

of facial features, (f;(t)) denotes the (i*") facial feature at time (t), and (wy,;) denotes the weight
assigned to the corresponding facial feature. The weighted summation ensures that facial indicators with
stronger relevance to engagement contribute more significantly to the final facial engagement score.

Step 5: Modeling Concentration Through Eye-Gaze

Eye-gaze behavior outlines learner concentration the best out of all behavioral features. The eye-gaze
features can be fixation duration, gaze direction, pupil movements, saccades, screen focal point, and an
eye-gaze attention area. The concentration score is computed by summing the features of gaze with
respective weights.

Ge(ty) = 2 = D) B7g,(1) ()
In this equation (GC (tj)) is a concentration score at time (t;), (N, ) is the total number of gaze features,
(9:(¢))) is the i*" gaze feature, and (B7) is the weight for the i** gaze feature.

A measurement of gaze variability is included to assess if the learner is maintaining concentration or if
their concentration is shifting. When gaze variability is low this is generally an indicator of
concentration, whereas high gaze variability may indicate distraction or a lack cognitive stability.

Gy = 1/Ny 2G = D) [1/T2G = D (g:(t)) — 3:)’] (10)

In this equation, (G,,) represents the gaze variability score, and (g,) represents the mean value of the
(i”l) gaze feature over the complete observation window. This equation measures the variance of gaze
behaviour over time.

Step 6: Speech Engagement Analysis

Analysis of speech can provide insights into a person’s level of engagement, self-assuredness, and
involvement both emotionally and intellectually. Characteristics of speech can be categorized into pitch
and tone, rate of speech, the length of pauses, and the variations of energy and volume in speech. Speech
attentiveness can be estimated by using a combination of several speech characteristics.

Sa(t;) = X(i = DM yfsi(;) (12)
Sa(t;) denotes the speech attentiveness score, s;(¢;) denotes the ith speech characteristic, Ny denotes
the total number of speech characteristics, and y; denotes the weight of the speech characteristic.

The aim is to detect changes in vocal behavior. Rapid or sudden variations of pitch, pauses, and the rate
of speech can potentially indicate one of the following: confusion, excitement, cognitive overload, or
hesitance.

v, =Y(@= 1)(1\/5)Z(j=2)T|5i(fj)—5i(t(j—1))| (12)

V., denotes the score for temporal speech variation. It is a measure of the absolute difference between
speech characteristics of the preceding and current sessions. A greater score indicates a greater variation
of speech behavior during the learning session.

To measure the intensity of a persons verbal contribution speech energy is measured. Higher speech
energy is indicative of a person’s active verbal involvement.

E, = Y(i = 1) Z0=0T8[si(t))]" (13)
E denotes the total speech energy, and §;

Step 7: Measuring Interaction Engagement

Interaction engagement is the degree to which a learner interacts with a digital learning environment.
Examples of interaction features include clicks, keystrokes, scroll movements, navigations, submissions,
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attempts, and the duration of learning material engagement. The interaction engagement score is
determined using the following equation:

Ie(tj) = Z(l = 1)(N1) Kili(tj) (14)
In this equation, I,(t;) is the interaction engagement score at the instant ¢;, I;(t;) is the ith interaction
feature, N; is the number of interaction features, and k; is the the feature’s interaction importance weight.

This score provides a measure of the engagement behavior during the learning process.

Step 8: Processing Physiological Signals

Physiological signals are indicative of cognitive load, stress, fatigue, and emotional activation of a
learner. These signals include, but are not limited to, heart rate, skin response, respiratory rate, body
temperature, and other biometric signals. The score for physiological activation is calculated as:

Pu(t)) = £ = D) piPy () (15)
In this equation, P, (t;) is the score for physiological activation, p;P;(t;)

To estimate the overall physiological state of a learner over a defined observation period, the average
physiological response is calculated.

H, = 1/(N,T) (i = 1)) ZG=D"Pi(t)) (16)
In the above equation, (H,.) is the average physiological response and is defined as a general measure
of the overall level of physiological activity for that learning session.

To measure changes in cognitive and emotional load over time, fluctuations in physiological load are
calculated.

B, = 1/N, %G = 1)(™) [1/T %G = DT(P(t) - Pl-)z] (17)

In this context, (B,) is defined as the fluctuation of physiological load, and (P) is the average value of
the (i‘h) physiological signal. The greater the value of (B;), the greater the fluctuation in the
physiological state and is likely related to the presence of stress, confusion, fatigue, or an elevated

cognitive load.
Step 9: Cross-Modal Correlation Analysis

As learner engagement is not expressed via a single modality, the analysis of correlations across
modalities, specifically facial, gaze, speech, interaction, and physiological features, is performed to
ascertain the presence of support or contradiction across the modalities in the learner engagement
analysis.

The correlation across two modality level features, (Z,)and(Z,) is calculated as
Cab = 1/(T =D XG = V'[(Za(t)) = #a)/ (00 + [(Z6(t;) — 1)/ (0 + €] (18)

Here, (C,;,) refers to the cross-modal correlation for modalities (a) and (b). (Za(tj)) and (Zb(tj))

denote the level of features of modality (a/b) at time (tj).(ua) and (y,) denote the mean of the

respective features, and (o,) and (o}) denote the respective feature’s standard deviation. The overall
cross-modal dependency score is computed as follows:

Cm =X(a=D"3(0b =1"0,bCyb (19)

In this case, (C,,) is the overall cross-modal dependency score, and (0,;) is the correlation weight
assigned to the modal pair (a, b). Knowing this score provides insight into the level of multimodal
consistency in learner engagement.
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Step 10: Feature Optimization and Selection

It is possible some features extracted via feature extraction methods may not be useful. For example,
some extracted features may be redundant or noisy. In this case, feature optimization is done to assign
scores to candidate extracted features.

Of = 2(q = 1)Q¢qu (20)
In this case, (O ) is the optimized feature score, (X,) is the g — th candidate feature, (Q) is the total
candidate features, and (lIJq) is the importance score of the g — th feature.

Feature selection is done by keeping only those features whose importance score is greater than the
threshold.

N=X4lYy=21,9=12,..,0 (21)

In this case, (Q)is the selected features, and (t)is the threshold for feature selection. This step removes
unnecessary features and improves computational efficiency and reduces the dimensionality of the
dataset.

Step 11: Unified Multimodal Feature Representation Construction
Ur () = X(m = DM Z (i = D% 0,,if F,,i(t;) (22)

Here, Us (tj)denotes the unified multimodal feature representation at time (t_j), F_{mi}(t_j) denotes
the i — th selected feature of modality m, K,,,denotes the count of selected features of modality m, and
ok ;denotes the feature-level fusion weight.

Average multimodal contribution is calculated so that the overall contribution of each modality to the
final representation is balanced.

M, = 1/M ¥ (m = DM[1/K, X(i = 1)%m) Fii] (23)

Here, M, denotes the average multimodal contribution and F,,,; denotes the mean of the i — th selected
feature of modality m. This equation ensures balance among the various modalities.

The final fused multimodal feature vector is expressed as the joint representation of the features along
with their fusion coefficients.

T
E, = [XlFl:Xze; ---JXQFQ] (24)

Here,F, denotes the final fused multimodal feature vector, F,denotes the q — th optimized feature,
xqdenotes the fusion coefficient of the q — th feature and @ denotes the total number of optimized
features.

Step 12: Final Cognitive Feature Vector Generation
The final cognitive feature representation is attained by the application of adaptive learning weights to

the fused features. This representation captures the cognitive engagement of the learner and is sent to
the engagement classification, decision-making, explainability, and recommendation modules.

Ot = Z(q = 1)Q(quq (25)

Here, O, denotes the final cognitive feature representation, F;, denotes the q — th fused feature, and ¢,

denotes the final adaptive learning weight. The representation O, serves to encapsulate and describe the
current learner engagement for the purpose of real-time analysis.

As the first step of the Explainable Multimodal Artificial Intelligence Framework, Algorithm 1 gathers
and converts heterogeneous information into cognitive representations. This process starts with
assembling data from multiple sensing modalities, which include facial expressions, eye movements,
speech, interactive behaviors, and physiology [26]. This data provides complementary information
about learners’ attention, concentration, participation, emotion, and cognitive engagement. As this
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information comes from different devices and contains different scales and distributions, some
procedures must be applied to make an analytical space. The precision and reliability of the data must
be improved by removing noise, including fluctuations, sensor artifacts, and disturbances in the
environment. After these procedures and noise removal, some features for each modality are extracted.
In facial analysis, engagement and emotional responsiveness are examined. Visual attention and
thinking concentration are identified and measured by the gaze modality. For verbal participation and
communication, depth and speech engagement are derived. In the modeling of interactive behaviors,
digital learning activities are measured and include navigation, item response, and content engagement.
Cognitive thinking and mental workload physiology are measured by physiology [27-28]. After this
feature extraction, the features of each modality are compared and examined for complementary
relationships and redundancy to reduce this redundancy. Selected features are prioritized, and
computational demands are reduced by feature optimization. The resultant cognitive state of the learner
is represented by this selected multimodal feature vector. This representation is used for engagement,
explainability, and adaptive educational decision-making in intelligent smart learning environments.

[ Multimodal Data Acquisition ]

l v Y v v
Facial Eye-Gaze Speech Interaction || Physiological
L Expressions || Movements Signals Behaviors || Measurements
( Data Preprocessing Noise Elimination ’
Modality- specmc Feature Extraction J
: [] — | a—
FaC|aI Gaze Speech Interaction || Physiological l
Features Features Features Features Features
) J
v v
Cross-Modal Correlation Feature Optimization ‘
Analysis and Selection ‘

l |
v

Unified Multimodal Feature
Representation Construction

h 4

Output: Unified Cognitive Feature Vector

Figure 2. Hierarchical Workflow of Multimodal Cognitive Feature Representation and Integration for
Real-Time Engagement Assessment

Steps from data collection to cognitive feature generation are illustrated. It shows the preprocessing and
extraction phases by modality, measurement of correlation, and unification. The design framework
shown in figure 2 generally allows real-time engagement assessment in smart learning environments.
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Algorithm 2: Dynamic Attention-Guided Engagement Fusion and Temporal Learning Algorithm

The Dynamic Attention-Guided Engagement Fusion and Temporal Learning Algorithm receives the
optimized multimodal feature representations generated from the previous feature learning stage. These
features are obtained from facial, eye-gaze, speech, interaction, and physiological modalities. Since all
modalities do not contribute equally to learner engagement at every time instant, the algorithm applies
an attention mechanism to assign adaptive importance to each modality [29-30]. After attention score
computation, feature relevance estimation, weighted transformation, cross-modal dependency learning,
and temporal modelling are performed. The final output is a fused engagement representation that can
be forwarded to prediction, decision-making, recommendation, and explainability modules.

Step 1: Multimodal Reception of Features

The algorithm accepts features from different modalities at this stage of processing. Let us define
(Fmi(tj)) as the (i*") feature of the (m*") modality at time (t;) . The received features from different
modalities are made to cohere in a common space of fusion through the use of adaptive feature weights.

Ry(t) = £0m = DM £ = DO aiFi(t;) (20)

In this context, (Rf(tj)) refers to the representation of the fused features at time (¢;)and (Fmi(tj))

refers to the (i”‘) feature of modality (m). (K,,) refers to the number of features retained in modality
(m),and (a,,,;)denotes the reception weight of the feature. This equation serves to integrate the feature
values of all the modalities to a unified reception space.

The weight sum of the squared feature magnitudes gives the strength of the received multimodal features
and expresses the measure of the degree of contribution of each modality to the engagement.

Q1) = Sm = DM X = 1O b i[Eni(t)] @)

In this equation, Qf (tj) denotes the value of feature information strength at time tj , and Smi denotes
the value of strength coefficient assigned to feature Fmi(tj). The term is squared to reflect more
significant feature responses and to diminish lesser variations. To express the interaction of features
pertaining to a particular modality at the level of pairwise interaction, selected features are considered.

Tp(4) = S(m = DY 5 = DEWEC=DE i pi(t) Bar(t)) (28)

Here, (Tf(tj)) stands for the representation of the multidimensional feature interaction, while (y,;-)
denotes the interaction coefficient for the (i*") and (") features of modality (m). This equation speaks
to the ability to internalize the relationships among features within the same modality.

Step 2: Attention Score Calculation

The attention score calculation determines the role of each modality in the prediction of engagement.
Because learners differ in the ways they use modalities to express engagement, the model computes
attention activation values for the respective modalities, after which the normalized attention scores are
generated.

Zn(t) =X = D% 5, iFi(t) (29)
Here, (Zm (tj)) indicates modality left(m)’s attention activation score at time (tj) and (8,y,;) indicates

the attention activation weight of feature (Fmi(t]-)). Higher (Zm(tj)) value means that modality
\left(m) is at that time the most informative.

The softmax normalization is used to compute the normalized attention score of each modality.

Am(t;) = exp (Zm(tj)) / (Z(r = 1Mexp (Zr(tj))) (30)
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In this equation, (Am(tj)) delineates the normalized attention score of modality (m). With respect to

the denominator of the equation, the attention values for all the modalities are normalized. Therefore,
the attention scores obey:

Y(m=1M4,() =1 (31)

This indicates that the attention mechanism assigns importance to all modalities based on their
engagement contribution.

Step 3: Estimation of Feature Relevance

The attention scores are computed, and next, the contribution of each modality to engagement prediction
is assessed. This is accomplished through the combination of modality attention and the respective
weighted features.

Rin(t;) = A (t) X(0 = DK 0,,1F,i(¢;) (32

Here, (Rm(tj)) is the relevance score of modality (m) t ime I}, (Am(tj)) the attention score of

modality (m), and (6,,;) is the relevance weight of feature (Fmi(tj)). A larger value of\ (Rm(tj))
implies that the modality is likely to be the most important predictor.

Step 4: Weighted Feature Transformation
The relevant features are subjected to transformation using adaptive transformation weights. This

operation enhances the important features and diminishes the contribution of less important features.
Wi () = 2@ = DE 2iR,, (t)Fri(t)) (33)
In this equation, (Wm(tj))is for weighted features of modality (m)and (A,,;)is the transformation

weight for the (i*")feature. This transformation yields an attention-based representation for each
modality.

Step 5: Learning Cross-Modal Dependencies

Engagement of the learner is frequently captured through the interplay of several modalities.
Concentrated gaze is often accompanied by a drop in interaction behaviour. Even the presence of speech
hesitance is often accompanied by an increase in physiological activation. For this reason, we learn
cross-modal dependencies.

D.(t)) = R(m = DM 5(n = DMipy, nWhy (& Wa (1) (34)

Here, (Dc(tj)) is the measure of cross-modal dependency and (U,,,,) is the dependency weight for

modalities (m) and (n). This equation shows the joint contribution of modality representations on
engagement. The interaction consistency score is computed by measuring the difference between
modality representations.

2
I.(5) =X(m = D" T (n = DM wy, n[Wi, (t;) — Wi(t)] (35)
In this equation, (IC (tj))captures the interaction consistency score, and (w,,,,)captures the interaction

weight for the pair modalities (:m)and (n).The interaction consistency score (Ic(tj))is said to exhibit
higher consistency for the modalities if its value is low, whereas contrary variation or disagreement
among the signals of the modalities is exhibited by higher values of (Ic(tj)).

51 ISSN 2710-1274 (Print) - 2074-8523 (Online) - Published by Al-Zaytoonah University of Jordan (ZUJ)



Vol. 18, No. 3, November 2026 Int. J. Advance Soft Compu. Appl.

Step 6: Attention-Driven Fusion

Attention-driven fusion involves combining modality representations based on the weights of modalities
as a result of their learned attention. Thus, the modalities that are most informative have the strongest
contribution to the final fusion vector.

Fu(t) = Z(m = DM Ap (t;) Wi () (36)
In this case, (Fu(tj)) denotes the unified multimodal fusion vector at time (t;). Modality (m)

contribution is defined by (Am(tj)), and (Wm (t]-)) gives the transformed feature representation of that

modality. A complementary fusion representation is also calculated by directly weighting the original
modality features using attention values.

F(t) =Xm=1DM" 30 = D& piAd, (t)Fai(t) (37)
In this equation,(FC(tj)) is the combination of features with attention, and (p,,,;) is the contribution

coefficient for the feature (Fmi(tj)). This formulation maximizes the effect of the relevant modality
information.

To account for the interaction of attention across modalities, we first focus on Joint attention behaviors.
F(t) =X(m = DM X (n = DMy nAp () An(8) W (6) Wi (t)) (38)

In this equation, (Fa(tj)) is the score for the interaction of attention, and (1,,,) is the interaction

coefficient for attention between the two respective modalities (m) and (n). In this equation, we explain
the interaction of attention and how it impacts the joint engagement representation.

Step 7: Integration of Temporal Context

Engagement is a dynamic phenomenon. It evolves with the behavior of the learner in terms of their
emotional state, attention and interaction. This necessitates the integration of temporal context in order
to capture the engagement phenomenon over a defined temporal window.

Ce = Xk = )T F, () (39)

In this equation, (C;) is the representation of engagement in a temporal context, (Fu (tk)) is the unified
fusion vector at time (¢;), and (uy) is the temporal significance of the engagement value at time (k).
This equation captures engagement for the entire observation window.

Step 8: Modeling of Engagement in a Continuous Manner

In this framework, continuous engagement is defined by the combination of current and prior
engagement. This framework is designed to enable the measurement of the (behavioral) continuum and
short-term fluctuations of the system.

Hi(t) = 0iFu(t;) + GiHi(t-1)) (40)
In this equation, we define the learning parameter for the current state as (¢),

In Equation (40), instead of viewing the learning parameter as a constant, we consider it as an adaptable
temporal weighting element that learns to determine the level of impact that each of the integrated
engagement vector and the hidden engagement state will have during the process of continuous
engagement modeling. The learning weight for the current state is shown as («;), and for the historical
state is shown as ((1 - Olt))- In the early stage of the training process, we set the value of (a;) to be
0.60, which implies that, at the very early stages, the model is likely to assign a somewhat greater weight
to the current engagement evidence in comparison to the previous engagement state. The historical state,
in this case, is assigned a complementary value of 0.40. In the course of training, we make the value of
(o) subject to change based on the engagement dynamics that are discerned in the sequence of the
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multi-modal features. In order to safeguard against erratic fluctuations of temporal dominance, we
restrict the value of («;) to be in the range of 0.10 and 0.90. In this way, we achieve a relative balance
of the continuous engagement state in terms of the learner behavioral engagement and the engagement
state of the system in terms of the historical memory of the system. This ensures that the engagement
state is stable and responsive in real time, with a high level of consistency in behavioral engagement.

The calculation for temporal engagement state intensity is defined as:

. 2
Se(t;) = 2 = D"yl Hi(t)] (41)
The definition of S, (¢;) is the temporal engagement state intensity. H;(t;) is the i*h hidden engagement

state, while y; is the state intensity weight. Since this term is squared, it is primarily concerned with the
level of temporal engagement that has been activated.

The calculation for the relationship of the present and past engagement states is defined as:

P(t) =X = DV X (r = DVv; rH(¢;)H, (¢j-1)) (42)
The definition of Pt(tj) is the score for the relationship for the present and past engagement states, while
v;r is the weight for the state transition of the present hidden state Hi(tj) and the past hidden state

Hr(t(j_l)). This equation attempts to incorporate the relationship of engagement states that are
sequential in time.

Step 9: Engagement Pattern Enhancement

This step is intended to refine the engagement patterns by pulling out the relevant temporal engagement
indicators from the hidden sequential states. In this context, each hidden state is assigned a weight to
create an enhanced engagement descriptor.

Ew(t) = riHi(t) (43)
In this equation, the ith enhanced engagement pattern descriptor is represented as E ¢, ;) (tj), hidden state
Hi(tj) is the i*h sequential engagement state, and « is the weight for enhancement. This equation is

intended to bring forth the salient engagement patterns and diminish the responses of lesser importance
to the engagement.

Step 10: Fusion Optimization
The goal of this step is to enhance the engagement representation prior to

O (8) = TiE () (44)
Here, (O_{f,i}(t_i)), (E_{p, }(t_j)), and (t;)denote the (i*")optimized fusion feature, enhanced
engagement pattern descriptor, and the optimization weight, respectively.

Optimized fused representation is analyzed for its structural consistency using pairwise features.
Le(ty) = 2 = DV EC = Dm0, ()0 (4) (45)
In this equation, (Lf(tj))is the measure of fusion consistency, and (v;,-)is the structural consistency
coefficient of optimized fusion features (i) and (r). This formulation analyzes the stability and the
internal consistency of the fused engagement representation.

Step 11: Generate the Engagement Prediction

The engagement prediction is generated using the optimized fused features, and this is the predicted
level of engagement of the learner at a specific time.

Y(t;) = X = DN, 0(f, D)(t)) (46)

53 ISSN 2710-1274 (Print) - 2074-8523 (Online) - Published by Al-Zaytoonah University of Jordan (ZUJ)



Vol. 18, No. 3, November 2026 Int. J. Advance Soft Compu. Appl.

In this equation, (Yt(tj)) is the engagement prediction value, (Ofri(tj)) is the optimized fusion feature,

and (o;) is the prediction weight of the (i*") feature. The predicted level of engagement is expressed
with confidence, and this is analyzed using pairwise relationships among the prediction components.

Cp(ty) = 2@ = DV X0 = DV rYi(t)Y,(¢) (47)
In this equation, (Cp(tj)) is the prediction confidence value, (Yi(tj)) and (Yr(tj)) are prediction

components, and (§;,-) is the confidence interaction coefficient. A higher value of (Cp(tj)) demonstrates

a confident predicted engagement state. The final engagement estimation output is obtained using
confidence-based prediction components.

P(t) = 2@ = DVeiClp, (1)) (48)
Here, (Pe (tj)) is the final engagement estimation output, (Cpli(tj))

Step 12: Fusion Output Delivery

The explainability module, decision-support module, or recommendation module receives the final
fused engagement representation. This representation integrates attention-based, temporally enhanced,
and optimized engagement information.

0:(tj) = X(i = DNm;P(e,))(t;) (49)

In this equation, O,(t;) is the final fused engagement representation, P, ;(¢;) is the (i*") component of

the final engagement estimation, and (m;) is the output delivery weighting. The finalized output
represents a concise and meaningful depiction of learner engagement.

Algorithm 2 describes a novel method that enables the use of different combinations of modalities while
recognizing the dynamic nature of learner engagement. As different combinations of modalities may
vary in their contribution in different educational settings, Algorithm 2 implements an adaptive attention
strategy to quantify the contribution of different modalities. Initially, feature vectors from different
modalities, including face, gaze, speech, interaction, and physiological features, are received and
mapped into a common feature space [31]. Attention is computed to assess the contribution of each
modality to the estimation of learner engagement. The attention values and weights are applied to the
modalities such that the modality that contains engagement-related information is assigned a higher
value, and, conversely, the modality that contains less engagement-related information is assigned a
lower value. Following the computation of attention, the relevance estimation and weighted feature
transformation are employed to enhance the informative portion of the signal and reduce the redundant
portion of the signal. Learning of cross-modal dependencies is employed to determine the correlation
between different modalities. The algorithm, then, performs attention-based multimodal feature
integration, which merges the feature representations of different modalities, while also maintaining the
interplay among the features of different modalities [32-36]. The method then performs the temporal
contexts to include the feature of engagement dynamics over successive learning episodes. Further, the
method performs the temporal dynamics of learner engagement over successive learning episodes to
identify persistent, fluctuating, and disengagement dynamics. The method then performs additional
refinements to the merged feature representation to improve the quality of the dynamic engagement
model. The method then produces an advanced model of learner engagement, along with an output of
learner engagement prediction. Incorporating adaptive attention, temporal modeling, and cross-modal
learning allows the algorithm to deliver a much more precise assessment of engagement and lays the
groundwork for subsequent explainability and adaptive learning support modules.
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Figure 3. Attention-Guided Multimodal Engagement Fusion and Temporal Cognitive Learning Framework

Figure 3 shows the architecture of adaptive fusion. It consists of attention weights, along with the fusion
of different modalities and time. It addresses relevancy, cross-modal interdependency, and sequential
engagement tracking. The design attempts to model an endless loop of engagement.

Algorithm 3: Explainable Cognitive Engagement Interpretation and Decision-Support Algorithm

Algorithm 3 takes the last integrated engagement representation, as produced by the attention-guided
multimodal fusion module, and generates an interpretable engagement decision. This algorithm allows
for the prediction of a learner’s engagement state and provides an explanation of the prediction with
respect to the influencing modalities and their attribution, prediction confidence, reliability, and the
suggested course of action. This algorithm computes feature importance, modality contribution,
attribution maps, Cognitive Engagement Index, and a final explainable decision-support output using
the fusion of engagement, modality-level features, attention scores, and prediction confidence.

Input: Final fused engagement representation (FE(t)), optimized multimodal feature vector (O_f (t)),
modality-specific feature set (Xm(t) = X1 (£), X 2 (1), ...,xm,nm(t)), attention score of modality

(m), (e, (1)), modality set (M = 1,2, ..., K), and engagement class set (C = 1,2, ..., L).

Output: Predicted engagement state ($(¢)), prediction confidence (Cp(t)), feature-level attribution
(Am’i(t)), modality contribution (C_m(t)), Cognitive Engagement Index (CEI(t)), adaptive
recommendation (R(t)), and final explainable engagement output (Yx »;(t)).

Step 1: Engagement Prediction Acquisition

To begin with, the algorithm obtains the fused engagement representation produced by the multimodal
fusion module and generates a class-level engagement prediction, which is a probability distribution
over the engagement classes. In this step, the learned multimodal representation is transformed into a
prediction framework that is interpretable.

y(t) =\operatornamesoftmax(W,Fg(t) + b,)

(50)
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(Fz(©)) is the final fused engagement representation at time (t). (W,) is the weight matrix for
engagement prediction. (b,) is the bias term. (?(t)) is the predicted engagement probability vector.

Each component of the vector is the predicted probability that the learner is in engagement class (c).
The predicted class is computed as:

¢(t) = argmaxy, (t) (51)
Cc
where (6(t)) is the predicted engagement class at time (t).

Step 2: Estimating Engagement Activation Intensity

This step converts the predicted class probability vector into an engagement intensity score to determine
the class of engagement (weak, moderate, strong, etc.).

E(t) = Xe=1Sc Ve(t) (52)
In this notation, (E, (t)) is the engagement intensity score at time (t), (s.) is the score for engagement
class (¢), and (7.(t)) is the class probability. The engagement intensity score (E;(t)) is interpreted as

high cognitive engagement if the score is large, and low engagement or disengagement if the score is
small.

Step 3: Estimating Engagement Interaction

The predicted engagement classes are not independent; some adjacent engagement classes (e.g.
moderate engagement and high engagement) can be predicted as sharing the same behavior. Thus, the
engagement class-level relationships are computed through predicted class engagement interactions.

Pi(t) = X¢=1 Xti=1Pea Ve ()T (®) (83)

In this notation, (P,(t)) is the predicted engagement interaction score. The engagement class interaction
coefficient is represented as (p.4). Predicted class probabilities are represented as (ﬁ(t))and(;’/g(t)).

The predicted engagement interactions are computed to determine whether the predicted engagement
class is primarily defined by adjacent engagement classes.

Step 4: Prediction Confidence Assessment

To assess the confidence of a prediction, the algorithm looks at the distribution of class probabilities and
how compact or dispersed the distribution is. If the distribution is compact and a class probability is
large, the prediction is confident. If the distribution is dispersed, the prediction is uncertain.

L — Sy
CP (t) =1+ ZC:lyC(tf;;i(yC(t)+E) (54)

In this case, (CP (t)) is the confidence of the prediction, (L) is the number of engagement classes, and
(e) is a value that avoids logarithmic instability. The confidence of the prediction, (CP (t)), can take any
value in the range [0, 1] and a value closer to 1 indicates a confident prediction.

Step 5: Temporal Reliability Estimation

Engagement prediction is done in real time, which can lead to some prediction classes being impacted
by noise or temporary fluctuations in a user’s behavior. To mitigate this, temporal reliability is assessed
over a sliding window of observations.

Rp(t) = 1St on, 1 Cp(D) (55)

In this case, (RP (t)) is the predicted reliability over the observation window, (T,,) is the size of the
temporal window, and (Cp (1)) is the predicted confidence at time (z). With this output, the predicted
reliability for real time classroom decision support is smoothed.
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Step 6: Feature Importance Estimation

To justify a prediction, the algorithm assesses the effect that each of the features has on the predicted
engagement class. Feature importance is assessed by examining the predicted class score and how much
it is likely to change when the feature is altered.

Iy () = |052(6)/0x iy (®)]| - |x(m1y (0] (56)

In this case, (Im_i(t)) is the importance of the (i”l) feature of modality (m), (xm,i(t)) is the feature
value.

Step 7: Modality Contribution Analysis

The feature importance scores are combined at the modality level to understand the contribution of each
modality. This helps the instructor to identify the modality responsible or mostly responsible for the
prediction in terms of gaze, facial expression, speech, interaction behavior, or even in terms of the
physiological responses.

Cn(8) = 2K A X Iy i (8) + € (57)

C,,(t) indicates the contribution score of modality (m), n,, is the modity (m) feature count, K is the
modity count, and ¢ is the value to avoid the division by zero. In this context, C,,(t) is the contribution
score of modality (1) at the level of normalization.

Step 8: Explanation Weight Generation

To generate explanation weights, the contribution of each modality to the prediction, together with the
attention score and the signal quality, are combined. This ensures that the explanation is in accordance
with the attention framework and the contribution of each modality is aligned and appreciated.

W (0) = {exp(21.Cn () + A2t (1) + 230, (1)) (58)

In this context, W,,(t) is the explanation weight of modality (m), a,,(t) is the attention score of
modality (m), Q,,(t) is the signal quality score of modality (m), and A1, A2, A3 are the coefficients. In
this context, the explanation weight of each modality is at the level of normalization.

Step 9: Explanation-Aware Feature Significance Computation

The generation of explanation weights is followed by the computation of explanation-aware feature
significance. This step incorporates the importance of features with the explanation weights at the
modality level.

Sm,i() = Wi (D) i (8) B2 I j (£ + € (59)
Step 10: Attribution Mapping

Now, the algorithm assigns attribution values to features. Here, the features may either assist or negate
the predicted engagement state. This adds the directional aspect to the explanation.

. aP+é(t
A i(t) = S; i (t) -\operatornamesign ( axi n:(l (i)) (60)

In this case, (Am,i(t)) refers to the attribution value corresponding to the feature (i) in the modality

(m). Positive attributions mean that the corresponding feature assists the predicted engagement state.
Negative attributions mean that the corresponding feature decreases the predicted engagement state.

Step 11: Explanatory Relationship Modeling

Given that engagement is multi-modal, the algorithm also analyzes the relationships among the
explanatory variables across the different modes. This assesses whether two modes jointly support the
prediction or if they provide disconfirmed prediction.
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Binn () = ¥ (W, () -\operatornameCorr (X, (£), X, (1)) (61)
In this case, the explanatory relationship between the modes (m) and (n) is denoted by
(an (t)). (C orr(Xm (), X, (t))) refers to the correlation between the two modes’ features. The value

of this relationship ranges from a strong agreement between the modes to a negative value, which would
indicate contradictory evidence.

Step 12: Integrated Interpretation Score Generation

The feature attribution values and relationships among the various modes are combined to form a
single interpretation score. This score reflects the explanatory strength of the prediction.

IX(t) = Sumrlfzm+1an (®) (62)
Step 13: Modality Ranking

Modalities are ranked based on their explanation weights. This step helps in constructing an interpretable
ordering of the modalities regarding their predicted engagement state.

Rank,,(t) = sortdesc(‘}’m(t)) (63)

In this case, (Rank_m(t)) is the rank of the modality (1n). The modality that has the highest rank is the
modality that has the maximum influence on the prediction.

Step 14: Computing the Cognitive Engagement Index

The Cognitive Engagement Index is computed as the combination of engagement intensity, prediction
certainty, and interpretation strength. It offers the educators and intelligent learning systems a single,
interpretable metric.

CEI(t) = y1E1(t) + v2Rp(t) + v3lx(t)

(64)
In this case, (CEI(t)) is the Cognitive Engagement Index, (E;(t)) is the engagement intensity, (Rp(t))

is the reliability of the prediction in the given time frame, (IX(t)) is the interpretation strength, and

(r1), (¥2), and(y3) are the weights. The higher (CEI (t)) is, the greater the cognitive engagement is,
and the more certain and reliable it is.

Step 15: Modality-Adjusted Engagement Strength

The algorithm evaluates modality-centered engagement strength to determine how each modality
impacts the overall engagement index.

Em(t) = Wn(t) - CEI(t) (65)
In this case, (E_m(t)) is modality-centered engagement strength of modality (m). This value is
indicative of the contribution of the modality to the cognitive engagement interpretation of the learner.
Step 16: Inter Modality Engagement Consistency

To check whether the modalities provide consistent engagement evidence, the algorithm evaluates the
inter-modality engagement consistency score.

Einter(t) = Zrlﬁlzl Z§=m+1 an(t) (66)

In this case, (Einter(t)) is the inter-modality engagement consistency score. If the score is high, it
indicates that the modalities are in agreement. If the score is low, the engagement prediction must be
interpreted with caution.
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Step 17: Adaptive Recommendation Modeling

An instructional recommendation is made based on the predicted engagement class, the Cognitive
Engagement Index, and the associated explanation. This step connects engagement states to teaching
actions.

R(t) = argmax,; U, (Ac (t), CEI(t),Am,i(t), Rank,, (t)) (67)

In this context, R(t) is the chosen recommendation, r is the proposed teaching action, and U, is the
utility associated with the recommendation. Proposed actions may be providing further explanation,
adjusting the teaching pace, facilitating learner engagement, providing reinforcement, or suggesting a
break.

Step 18: Explanation Optimization

The generated explanation is optimized for clarity, brevity, and consistency. This optimizes against the
system offering overly detailed, complicated explanations that may be challenging for teachers or
learners to understand.

OX (t) = argminA [Lpred (A) + nlLsparse (A) + nchons (A)] (68)

In this case, Oy (t) is the optimized explanation. L,.4(A) is the prediction-preserving 10ss, Lgpyars¢ (A)
is the loss associated with the removal of excessive explanatory elements, L,,s(A) is the loss associated
with the lack of consistency, and n, and n, are regularization parameters. The goal of this step is to
ensure the explanation concerning the prediction is retained, but the length is minimized.

Step 19: Explanation Coherence Evaluation

This step evaluates explanation coherence for a specified temporal window. The goal of this step is to
ensure that explanation is not changing frequently unless there is a significant change in the learner’s
engagement behavior.

Qx(t) = 1= 2 2K 4 [W (£) — W (¢ — 1) (69)

In this case, Qx (t) is the measure of coherence, and ¥_m(t) and ¥, (t — 1) are the explanation weights
of the modals that are measured at time t and at time (t — 1), respectively. The higher Q

Step 20: Explainability Refinement

Attribution values are refined using an explanation coherence score. In this case, the focus is on the
relevant explanatory evidence, and unstable attribution values are smoothed out.

Refined attribution is represented in the following equation:
A'm,i(t) = Qx()Am, i(t) + (1 — Qx ()4, (t — T,)) (70)
In this case, the notation (4*m, i(t)) defines the attribution value after refinement, (Am, i(t)) defines

the attribution value before refinement, and (Am,l(t — Tw)) defines the average attribution value in the
time window T,,. The refinement of attribution is expected to enhance the stability of the explanation.

Step 21: Refined Explanation Relationship Analysis

At this stage, the algorithm checks the relationships of the refined explanatory components in order to
determine if the final explanation is internally consistent.

Binn (8) = COTT(Am(t):A;L(t)) (71)

In this case, (an (t)) defines the refined explanatory relationship between the two modalities (m) and
(n), while (A,(t)) and (A;(t)) define the refined attribution vectors of the two modalities,
respectively. This step checks for consistency of the refined explanations across the modalities.
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Step 22: Final Explainability Strength Score

The final explainability strength score is defined as a combination of the score of explanation coherence,
score of modality contribution, and score of prediction reliability.

ES(t) = 51Qx(t) + 62 Z%:l ‘Pm(t)Cm(t) + 63Rp(t) (72)

In this case, (ES(t)) defines the explainability strength score, (Q (t)) defines the score of explanation
coherence, (C,,(¢)) defines the score of modality contribution, (Rp(t))

Year () = €(6), 9(t), Cp(0), CEI(t), Cpn (1), Ay 1 (£), Rank, (£), R(2), ES(¢) (73)

In this case, (YXA,(t)) indicates the ultimate output for the explainable cognitive engagement
assessment. It encompasses the predicted engagement class, class probability, confident prediction,
Cognitive Engagement Index, contribution of the modalities, refined feature attributions, ranking of the
modalities, real-time recommendations, and the explainability strength score. This output facilitates the
design of an intelligible and pedagogically valuable real-time interpretation of learner engagement.

Algorithm 3 reveals the techniques and provides rationale for engagement predictions made by the
multimodal fusion framework. Most traditional deep learning systems act as black boxes. This makes it
difficult to comprehend predictions for both educators and learners. This algorithm provides a solution
by determining and measuring the impact of various features/modality on engagement. This begins by
receiving engagement predictions from the fusion step and then determining confidence values that
represent the certainty of the predictions provided [37]. These confidence values help describe the level
of certainty for engagement predictions in the context of real-time classroom scenarios. Next, the
algorithm performs importance estimation by determining sensitivity of engagement prediction to
changes in input features. This value is analyzed at the modality level to help the framework assess the
importance of facial behavior, gaze, speech and interaction physiology in the final assessment.
Explanation weights are then created to indicate the importance score of various modalities. In addition,
an attribution mapping helps evaluate the engagement prediction and the influence of various features
thus improving interpretability. The algorithm also computes a transparent and easy to understand
Cognitive Engagement Index, which indicates learner engagement [38-40]. From the explanations
provided, personalized instructional designs and learner support are derived using Adaptive
recommendation modeling. In the framework, the procedure of explanation optimization and refinement
is directed toward clarity and consistency of the final interpretable output. Therefore, algorithm 3 fosters
trust, accountability and transparency in educational decision support while accurately assessing
engagement. In order to enhance the theoretical grounding of the proposed framework, the foundational
works of attention, temporal order, and explainable Al have been incorporated. Regarding the attention-
guided fusion component, the Transformer/self-attention mechanism proposed by Vaswani et al. [38]
has been applied. In reference to the modeling of temporal engagement, the recurrency-based methods
of sequence learning and in particular the long-term dependencies of the LSTM model conceived by
Hochreiter and Schmidhuber [39] and the gated RNN Encoder-Decoder model by Cho et al. [40] have
been applied. In reference to explainability, the SHAP feature attribution and the LIME model local to
model agnostic explanation frameworks proposed by Lundberg and Lee [41] and Ribeiro et al. [42]
respectively, have been integrated.
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Figure 4. Explainable Cognitive Engagement Interpretation and Decision Support Framework

Figure 4 shows the Engagement Prediction Explanation pipeline. It transforms an engagement prediction
into the interpretation of pedagogical recommendations. It comprises the evaluation of prediction
confidence, the significance of prediction, the modality of participation, the attribution of contributions,
and recommendations. It augments easiness to understand the prediction, belief in the prediction, and
instructional assistance of teaching professionals and learners.

4 Results

The proposed framework has shown superior results in comparison to other frameworks in the literature
for all of the key metrics. Engagement assessment achieved an accuracy of 98.81% with precision,
recall, and F1-score being 98.45%, 98.12%, and 98.28%, respectively. The framework also achieved
98.63% for cognitive state assessment with an accuracy of 97.76% for recommendations, 98.42% for
robustness, 97.58% for real-time efficiency, and 48.15 ms for latency across multiple smart learning
environments.An experimental protocol for the Explainable Multimodal Artificial Intelligence
Framework was documented for potential replication and continued verification of the framework.
Assessment of the framework was conducted using the Open University Learning Analytics Dataset
(OULAD), which includes learner demographics, record of assessments, logged interactions with the
virtual learning environment, and time-stamped traces of the learners’ activity. As this framework
intends to assess multimodal cognitive engagement in real-time, the assessment and interaction data
available in the OULAD were transformed into engagement features and were further augmented with
simulated multimodal indicators of facial expression, eye gaze, speech, interaction, and various
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physiological response activities. According to the stated methodology, all features underwent the same
preprocessing pipeline, where missing values were handled, and noise was reduced. Features were also
subjected to the preprocessing steps of Z-score normalization, min-max scaling, temporal alignment,
extraction, and optimization, as well as cross-modal correlation analysis.

For the implementation of the experiments, Python was used, augmented with the predominant machine-
learning and deep-learning libraries. Data processing was supported by NumPy and Pandas. Scikit-learn
was used for all needed preprocessing, and the establishment of baseline models, data splitting, and
metric computation. Frameworks TensorFlow/Keras and PyTorch were used for the construction of deep
neural models. All necessary computational resources were made available for the execution of all
experiments. Fair comparison was ensured for all baseline models and the framework itself with the
same computational resources, the same dimensionality of features, evaluation partitions, preprocessing,
the same organized environment, and the same random seed.

The dataset was partitioned to avoid data leakage utilizing a stratified, learner-level partitioning
approach. In this case, 70% of the dataset was utilized for training, while 15% was used for validation,
and 15% was set aside for use as an independent test set. Stratified sampling was used to keep the
distribution of engagement classes proportional in all partitions. The validation set was used to set
hyperparameters, stop the model in advance, and for model selection and threshold setting. The
independent test set was used to report the performance of the model. In addition to the validation set,
five-fold cross validation was conducted on the training and validation subset to check the model's
reliability. The final values reported are the results of the validation and the independent test set.

We trained the proposed framework in an end-to-end fashion using the optimized multimodal feature
vectors generated by Algorithm 1, the attention-guided temporal fusion representation generated by
Algorithm 2, and the explainable engagement prediction and recommendation outputs generated by
Algorithm 3. During training, the model learned feature-level fusion weights, modality-attention
weights, temporal engagement parameters as well as the weights associated with the final prediction. In
continuous engagement modeling, an adaptive learning parameter was used and set to 0.60 for the
current engagement state and 0.40 for the historical engagement state. It was constrained to the rage of
0.10to 0.90 to avoid the unstable dominance of current engagement over past engagement, or vice versa.
For the engagement classification task, the categorical cross-entropy loss was used along with auxiliary
losses to stabilize the learning of modality contribution and temporal consistency, as well as
explainability-related confidence. The Adam optimizer was used with a learning rate of 0.001, a batch
size of 32, a dropout rate of 0.3, and early stopping based on validation loss. Training continued until
convergence or until no improvement was observed in validation performance within a defined patience.

Baseline models were developed under parallel experimental conditions and evaluated based on
identical partitions for training, validation, and testing. The CNN-Based Engagement Model relied on
convolution layers for the extraction of patterns pertaining to engagement features at local and spatial
levels. The RNN Learning Analytics Framework deployed recurrent units to capture learning
engagements. The LSTM Cognitive Monitoring System was designed to retain learner engagement over
extended periods. The Attention-Based Learning Network weighted engagement features using attention
scores. The Transformer Engagement Framework focused on contextual temporal modeling using self-
attention. The Multimodal Deep Fusion Model engaged in classification using densely connected neural
networks over concatenated multimodal features. The Explainable Learning Analytics Model engaged
in post-hoc interpretation using feature attribution. The Hybrid Cognitive Intelligence Framework
incorporated temporal modeling with feature fusion, whereas the Adaptive Multimodal XAl System
represented the uppermost benchmark, merging multimodal fusion and explainability. All baseline
models underwent tuning via the validation set and were assessed using the independent test set, which
was also utilized for the proposed framework.

The evaluation included assessment metrics for both prediction and explainability. The state
classification accuracy metric was defined as ((TP + TN)/(TP + TN + FP + FN)). The precision metric
was defined as (TP/(TP + FP)) and measured the accuracy of the positive prediction of engagement. The
recall metric was defined as (TP/(TP + FN)) and measured the prediction of engagement of the various
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model states. The F1-score was derived as the mean of precision and recall. Explainability fidelity was
assessed as the model prediction and explanation generated by the attribution module. The decision
transparency index assessed interpretability of model output for educational decision support. The
cognitive state engagement metric assessed the model’s ability to capture the cognitive engagement
state. The adaptive learning recommendation accuracy assessed the model’s ability to provide
contextually aligned instructional recommendations based on the predicted engagement state. The
robustness of the model was assessed with the varying quality and quantity of the different modalities
of integrated data. The assessment of the system latency was in milliseconds to support the case for real
time applicability of the system. The reported results utilized the same experimental design and the
proposed framework was assessed against the established baseline models for all metrics described
above. This design of the assessment guarantees reproducibility of results and allows for a comparison
of results within a defined experimental design.

4.1 Latency Measurement Environment

The latency of the proposed framework was assessed within an inference environment that was
controlled to promote repeatability. The latency of the framework was assessed on a high-end
workstation containing an Intel Core i9 CPU, 64 GB RAM, 1 TB of SSD storage, an NVIDIA RTX
4090 GPU with 24 GB of discrete GPU memory, and utilized a software environment of the Ubuntu
22.04 LTS version, Python 3.10, PyTorch 2.3, CUDA 12.1, cuDNN 8.9, and other data science libraries
such as NumPy, Pandas, Scikit-learn and OpenCV for multimodal data processing and model execution.
The proposed model was assessed in inference mode, and gradient computations were disabled. Latency
was measured with a batch size of 1 to replicate a single learner engagement assessment in real time.
One hundred warm up inference runs were conducted to prepare the GPU for execution. The measured
latency was reported as the average response time for 1,000 inference runs, and included the time for
preprocessing, feature extraction, multimodal fusion, explainability computation, and recommendations
output. In this framework, average response latency was measured at 48.15 ms, making the framework
suitable for assessing cognitive engagement in real time.

Dataset Used:

The datasets used in this study were obtained from publicly available educational learning analytics,
affective computing, gaze estimation, speech-emotion, and physiological-signal repositories. The
selection of datasets was made in accordance with the requirements of the proposed explainable
multimodal artificial intelligence framework. Since no single publicly available educational dataset
contains all five required modalities, namely facial expression, eye gaze, speech, interaction logs, and
physiological signals, a multi-source benchmark evaluation protocol was adopted. For the interaction-
log and learning management system component, the Open University Learning Analytics Dataset
(OULAD) was used as the benchmark dataset [43]. OULAD contains anonymized learner demographic
information, assessment records, course information, and virtual learning environment interaction logs.
Therefore, it was used only for learner interaction-log analysis and engagement-related activity
modeling. However, OULAD does not contain facial expression data, gaze data, speech data, EEG data,
or physiological signals. For visual engagement and facial emotion analysis, DAISEE and AffectNet
were used [44], [45]. DAISEE supports engagement-related affective-state recognition in e-learning
environments, whereas AffectNet provides facial expression, valence, and arousal annotations. For gaze
and visual attention modeling, GazeCapture and MPIl1Gaze were used [46], [47]. GazeCapture provides
large-scale eye-tracking data collected from mobile devices, while MPIIGaze provides appearance-
based gaze data collected under real-world conditions. For speech and audio-visual engagement
modeling, IEMOCAP was used because it contains multimodal emotional speech, video, and motion-
capture information [48]. For physiological and EEG-based emotional engagement analysis, the DEAP
dataset was used [49]. The proposed framework was evaluated using a modular multi-dataset protocol.
Each modality was assessed using a dataset suitable for that modality, while OULAD was used only for
interaction-log computation. The outputs of modality-specific feature extractors were mapped into a
unified representation space before multimodal fusion and explainability analysis. This protocol avoids
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the incorrect interpretation that OULAD alone validates the complete multimodal system and ensures
that the five-modality framework is aligned with the actual structure and availability of the selected
datasets.

Table 1. Comparative Analysis of Cognitive Engagement Assessment, Multimodal Fusion, Explainability, and
Adaptive Learning Performance in Smart Learning Environment

Method Accuracy Fusion Precision Recall F1- XAl Transparency State Rec. Real-
(%) Eff. (%) (%) (%) Score  Fidelity (%) Recognition Accuracy Time

(%) (%) (%) (%) Eff.

(%)

CNN-Based  84.12 8245 83.68 8291 8329 7435 7288 84.11 80.94 81.62
Engagement
Model

RNN Learning 85.36 83.74 84.92 84.15 8453 76.28 74.63 85.04 82.31 82.76
Analytics
Framework

LSTM 86.59 85.11 86.05 85.73 85.89 7845 76.81 86.47 84.15 84.07
Cognitive

Monitoring

System

Attention- 88.03 86.72 87.61 87.15 87.38 80.92 79.54 88.12 85.63 85.74
Based
Learning
Network

Transformer  89.26 88.35 88.92 88.47 88.69 83.16 82.48 89.33 87.11 87.36
Engagement
Framework

Multimodal ~ 90.48 89.71  90.05 89.63 89.84 8572 84.39 90.21 88.58 88.94
Deep Fusion
Model

Explainable  91.57 90.62 91.13 90.86 90.99 88.45 87.13 91.34 89.72 90.15
Learning
Analytics
Model

Hybrid 92.68 91.83 92.17 91.95 92.06 90.26 89.47 9241 91.05 91.63
Cognitive
Intelligence
Framework

Adaptive 93.54 92.71 93.08 9284 9296 92.13 9154 93.29 92.36 92.74
Multimodal
XAl System

Proposed 98.81 97.94 98.45 98.12 98.28 97.31 96.84 98.63 97.76 97.58
Explainable

Multimodal Al

Framework

Table 1 analyzes the engagement assessment models from an empirical performance perspective. The
highest overall performance in the Explainable Multimodal Al Framework for the various dimensions
of accuracy, precision, recall, F1 score, fusion effectiveness, explainability confidence, decision making
transparency, cognitive state evaluation, recommendation quality, and the efficiency of real time
processing suggests that the proposed model is the best in the domain of engagement prediction with
greater multimodal integration, higher interpretability, and better self-adaptive learning of the provided
models.
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Figure 5. Integrated Correlation and Performance—Explainability Analysis of Cognitive Engagement Assessment
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Figure 5 illustrates an engagement assessment method. It conducts a correlation study and represents a
performance versus explainability paradigm. It reports that the improved predictive performance
corresponds with enhanced explainability of the frameworks. The proposed model is at the top of the
performance scale, which captures the essence of analytical strength and model interpretability.

Table 2. Comparative Analysis of Robustness, Response Efficiency, and Cognitive Intelligence Performance under
Dynamic Learning Conditions

Method Robustness Latency Accuracy XAl Transparency State Rec. Real- Precision Recall

(%) (ms) (%) Fidelity (%) Recognition Accuracy Time Eff. (%) (%)
(%) (%) (%) (%)

CNN-Based 80.35 142.64 84.12 7435 72.88 84.11 80.94 81.62 83.68 8291

Engagement

Model

RNN 82.16 136.48 85.36 76.28 74.63 85.04 82.31 82.76 84.92 84.15

Learning
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Analytics
Framework

LSTM 84.05 129.37 86.59 78.45 76.81 86.47 84.15 84.07 86.05 85.73
Cognitive

Monitoring

System

Attention-  85.94 122.81 88.03 80.92 79.54 88.12 85.63 85.74 87.61 87.15
Based
Learning
Network

Transformer 88.31 116.24 89.26 83.16 8248 89.33 87.11 87.36 88.92 88.47
Engagement
Framework

Multimodal 89.67 109.72 90.48 85.72  84.39 90.21 88.58 88.94 90.05 89.63
Deep Fusion
Model

Explainable 91.42 103.58 91.57 88.45 87.13 91.34 89.72 90.15 91.13 90.86
Learning

Analytics

Model

Hybrid 93.11 96.84 92.68 90.26 89.47 92.41 91.05 91.63 92.17 91.95
Cognitive
Intelligence
Framework

Adaptive 94.86 89.73 93.54 92.13 9154 93.29 92.36 92.74 93.08 92.84
Multimodal

XAl System

Proposed 98.42 48.15 98.81 97.31 96.84 98.63 97.76 97.58 98.45 98.12
Explainable

Multimodal

Al

Framework

In Table 2, the proposed framework performs the best on the three evaluation parameters of model
robustness, response time, and cognitive intelligence under dynamic conditions of multimodal learning.
The framework offers a significant improvement in robustness against data variations with an overall
score of 98.42% and the best response time of 48.15 ms. Compared with other models (CNN, RNN,
LSTM, Transformer, multimodal fusion, and XAl-based models), the proposed framework also
outperforms on the dimensions of cognitive state evaluation, recommendation quality, precision, and
recall. Thus, the proposed framework is optimally suited for real time smart learning environments.
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Figure 6. Comparative Performance Analysis of Explainable Multimodal Al Frameworks Across Learning
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Figure 6 presents a performance analysis regarding robustness, accuracy, explainability and
transparency, quality of recommendations, system latency, etc. The proposed framework achieved the
highest score in validity for educational real-time analytics, as it is the most valid with the least latency.
Revised Results Section

Among all tested approaches, the Explainable Multimodal Al Framework exhibited the best outcomes.
In assessing cognitive engagement, the framework recorded an accuracy of 98.81%, with precision,
recall, and the F1-score corresponding to 98.45%, 98.12%, and 98.28%, respectively. When contrasted
with the leading benchmark, the Adaptive Multimodal XAl System, the framework dedicated
engagement assessment with an accuracy increase of 5.27%, a precision increase of 5.37%, a recall
increase of 5.28%, and an F1-score increase of 5.32%. The framework offered stronger performance for
multimodal learning and explainability. The best benchmark for multimodal feature fusion efficiency
was surpassed within the framework to a score of 97.94% by 5.23%. The framework offered
explainability fidelity of 97.31%, a 5.18% improvement of the best benchmark, and a 5.30%
improvement to a score of 96.84% for the decision transparency index. These results suggest that the
framework offers greater prediction accuracy with greater explainability and engagement assessment of
explainable Al. The framework achieved cognitive engagement and adaptive learning of 98.63% and
97.76% for cognitive state and learning engagement, respectively. These results surpassed the best
benchmark by 5.34% and 5.40%, respectively, confirming the framework’s capability to recognize the
cognitive state of a learner and to offer an engagement learning recommendation. The proposed
framework has the capacity to respond quickly and analyze data in real time. It is able to maintain
98.42% robustness and 97.58% efficiency for real time multimodal data processing. It also showed a
response latency of 48.15 ms compared to the best baseline model which was at 89.73 ms, which is a
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41.58 ms improvement. Rapid and reliable response to engagement assessment in a real time smart
learning environment suggests the framework is ideally suited for a wide variety of applications
including educational situations.

5 Conclusion

This study described a novel multimodal artificial intelligence framework centering on assessing
cognitive engagement in smart learning environments that combines facial expressions, eye gaze,
speech, interactions, and a range of physiological signals. This framework provides preprocessing,
feature extraction, adaptive attention-based fusion, engagement modeling, and explainable decision
support. Based on the conducted experiments, the framework outperformed state-of-the-art systems by
achieving cognitive engagement assessment accuracy of 98.81%, precision of 98.45%, recall of 98.12%,
and an F1-score of 98.28%. Additionally, the framework provided 97.94% efficiency of multimodal
feature fusion, 97.31% explainability of the engagement model, 96.84% transparency of the engagement
model, 98.63% cognitive state assessment, 97.76% adaptive recommendation accuracy, 98.42% overall
system robustness, and 97.58% real-time processing of engagement signals with a system response time
of 48.15 ms. This work contributes to the field in three primary ways. First, this framework offers a
mechanism for the adaptive attention-based integration of multiple signals. Second, it provides the
ability to model cognitive engagement temporally. Finally, this framework has a built-in explainability
and recommendation module that offers the assessment of the cognitive engagement model at multiple
levels, the attribution of features, and personalized level of instructional support. Several areas for future
research were identified. Principal among these is the need to validate the framework outside of the
context of engagement features that were created as part of this study and the OULAD corpus. In
addition, the framework must also be validated using real-time, multimodal data collected from various
learning environments. Finally, this framework must be validated across different subject areas, various
educational platforms, different age groups, educational institutions, and different cultural contexts. The
framework also must comply with ethical Al usage standards, privacy concerns, and ensure reliability
of the employed sensors as well as the consent of the learners before its widespread use. Future studies
will aim to test the framework in both physical and virtual online classrooms. This will be done through
the collection of multimodal sensor data. Additional studies will seek to address the processing of learner
data through privacy-preserving and federated learning. A further avenue is building the
recommendation module through the addition of teacher input, ongoing changes in the learner, and the
use of flexible intervention methods. These enhancements will aid in building a more dependable,
ethical, and extensible explainable learning analytics framework for the smart education paradigm.

Dataset: https://www.kaggle.com/datasets/anlgrbz/student-demographics-online-education-dataoulad/data
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