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The rapid expansion of Al-driven educational ecosystems has increased the need for
intelligent learning analytics frameworks capable of supporting transparent academic
monitoring and adaptive intervention. This study proposes an explainable learning analytics
framework for Al-enabled e-portfolio systems by integrating longitudinal behavioral
interaction data, academic performance indicators, and computational parental engagement
variables within a unified intelligent educational information system architecture. The
framework combines Random Forest (RF), XGBoost, and Long Short-Term Memory
(LSTM) models with SHAP-based explainability mechanisms to model student
achievement trajectories and improve interpretability for educational stakeholders. The
experimental evaluation utilized longitudinal data collected from 12,456 students across 15
educational institutions, generating 199,640 weekly learning records. The findings indicate
that the LSTM model achieved the strongest predictive performance with RMSE = 4.95,
AUC = 0.93, and Fl-score = 0.89. The integration of parental engagement indicators
contributed to a 17.6% reduction in prediction error, while SHAP analysis identified
Submission Timeliness and Parent Access Pattern (PAP) as dominant predictive
contributors. Furthermore, explainability perception significantly improved stakeholder
monitoring effectiveness and trust toward predictive outputs. The proposed framework
contributes to the development of transparent, adaptive, and stakeholder-oriented
educational Al systems capable of supporting proactive intervention and longitudinal

academic monitoring within digital learning environments.

1. INTRODUCTION

The rapid expansion of digital learning ecosystems has
fundamentally transformed how educational activities are
documented, monitored, and evaluated across contemporary
educational institutions. Learning Management Systems
(LMS), intelligent tutoring platforms, and Artificial
Intelligence (Al)-supported educational applications are
increasingly integrated into instructional environments to
support adaptive learning, automated assessment, and data-
driven academic monitoring [1, 2]. Within this transformation,
e-portfolio systems have emerged as an important component
of longitudinal learning environments because they enable
continuous documentation of student progress, competency
development, reflective learning practices, and performance
evidence across extended instructional periods. Unlike
conventional assessment systems that primarily capture
isolated achievement outcomes, e-portfolios preserve
temporal learning traces that potentially support deeper
analysis of developmental learning trajectories and behavioral
engagement patterns [3-6].

Despite the growing adoption of Al-driven educational
technologies, many existing e-portfolio platforms still operate
predominantly as digital repositories rather than intelligent
educational information systems capable of supporting
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predictive and explainable decision-making [7, 8]. Most
current implementations focus on artifact storage, rubric
assessment, or descriptive dashboard reporting, while
relatively limited attention has been directed toward
integrating trajectory-based learning analytics, stakeholder-
oriented explainability, and adaptive intervention support
within a unified analytical framework [9, 10]. Consequently,
educational monitoring often remains reactive, where
intervention occurs only after substantial academic decline
becomes visible. This limitation becomes increasingly
problematic in longitudinal digital learning environments
where large volumes of behavioral data are continuously
generated but insufficiently transformed into interpretable
educational intelligence [11-13].

Learning Analytics (LA) and Educational Data Mining
(EDM) have attempted to address these challenges through
predictive modelling approaches capable of forecasting
academic risks, dropout tendencies, and future performance
outcomes [1, 2]. Recent advances in machine learning and
deep learning architectures, including ensemble methods and
sequential neural networks, have significantly improved
predictive capabilities in educational datasets. However, much
of the existing literature remains heavily student-centered,
relying primarily on assignment submissions, clickstream
activities, assessment records, or interaction frequencies
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generated directly by learners [14-16]. Although these
approaches have contributed substantially to predictive
educational analytics, they frequently overlook the broader
socio-educational ecosystem that shapes student learning
development over time. As a result, many predictive
educational systems still conceptualize academic achievement
as an isolated learner phenomenon rather than as an outcome
influenced by dynamic interactions among students, parents,
teachers, and digital learning environments [17, 18].

One important dimension that remains computationally
underrepresented is parental engagement. Educational
psychology literature consistently identifies parental
involvement as a critical factor influencing academic
achievement, learning motivation, behavioral discipline, and
educational persistence [19]. Established theoretical
frameworks emphasize that parental engagement extends
beyond passive supervision and includes multidimensional
forms of support such as monitoring regularity,
communication  quality, motivational reinforcement,
responsiveness, and home-learning facilitation. Nevertheless,
these constructs are still rarely operationalized within
computational educational systems [20, 21]. Existing Al-
driven learning analytics frameworks generally treat parental
involvement as contextual background information rather than
as measurable behavioral intelligence embedded directly into
predictive architectures. Consequently, the integration
between educational theory and computational modelling
remains relatively fragmented [22].

The increasing adoption of Explainable Artificial
Intelligence (XAI) in educational environments introduces
another critical challenge. Although advanced predictive
models such as Long Short-Term Memory (LSTM), Extreme
Gradient Boosting (XGBoost), and Random Forest (RF) can
achieve strong analytical performance, many educational Al
systems still function as opaque black-box architectures with
limited interpretability for stakeholders [23, 24]. In
educational contexts, predictive outputs directly influence
monitoring practices, intervention strategies, and stakeholder
trust. Therefore, explainability cannot be positioned merely as
an auxiliary visualization feature; rather, it must function as a
pedagogical transparency and decision-support mechanism
capable of supporting accountable and interpretable
educational intervention processes [25]. However, current
explainability implementations in educational analytics are
often restricted to feature importance visualization without
sufficiently examining how transparency contributes to
monitoring awareness, stakeholder confidence, or informed
educational action.

Another unresolved issue concerns the limited integration
between trajectory modelling and explainable educational
intelligence. Although sequential architectures such as LSTM
networks have been applied in educational prediction tasks,
many implementations focus only on short-term forecasting or
semester-level prediction without embedding broader
stakeholder interaction dynamics into temporal learning
analysis [26-29]. Furthermore, several existing studies
prioritize predictive optimization while paying comparatively
less attention to interpretability, fairness sensitivity, contextual
educational factors, and adaptive decision-support integration.
This imbalance creates a methodological gap between
computational performance and educational applicability,
particularly in real-world learning ecosystems characterized
by institutional heterogeneity, unequal digital access, varying
parental educational backgrounds, and socio-economic
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disparities [30].

Addressing these limitations requires a more integrated
educational analytics framework capable of combining
temporal learning intelligence, explainable decision support,
and computational modelling of parental engagement within
an adaptive information systems perspective [17, 31].
Therefore, this study proposes an explainable learning
analytics framework for Al-driven e-portfolio systems that
integrates trajectory-based predictive modelling, parental
engagement indicators, and explainable AI mechanisms into a
unified multi-layer educational analytics architecture [32].
The framework conceptualizes parental engagement not as a
peripheral monitoring variable, but as an active socio-
educational component represented through measurable
digital interaction traces, including monitoring consistency,
responsiveness, engagement regularity, and feedback
interaction behavior [33]. By embedding these indicators
directly into longitudinal predictive modelling processes, the
framework seeks to extend Learning Analytics toward a
relational educational ecosystem perspective [34].

From a systems-engineering perspective, the proposed
framework also contributes to the development of intelligent
educational information systems by integrating data
acquisition, feature engineering, temporal modelling,
explainability analysis, and dashboard-oriented decision
support within a coherent computational environment [35, 36].
Unlike many conventional educational analytics systems that
prioritize prediction accuracy alone, the proposed architecture
positions explainability as a mandatory analytical layer
intended to strengthen transparency, accountability,
stakeholder trust, and intervention awareness. In this sense, the
framework is designed not only to predict student achievement
trajectories but also to support more interpretable and context-
aware educational monitoring processes [37].

This study is guided by three principal research questions
are:

a) How effectively can the proposed explainable

learning analytics framework predict longitudinal
student learning trajectories using behavioral
interaction data and parental engagement indicators?
How do Shapley Additive Explanations (SHAP)-
based explainability mechanisms and parental
engagement variables contribute to predictive
transparency, stakeholder trust, and educational
monitoring effectiveness within Al-driven e-
portfolio systems?
To what extent does the proposed intelligent
educational  information system demonstrate
statistical robustness, predictive reliability, and
adaptability across longitudinal learning
environments?

These questions collectively position the study at the
intersection of Learning Analytics, Explainable Educational
Al, intelligent information systems, and engagement-aware
educational modelling.

The contribution of this study is threefold. Conceptually, the
research advances Learning Analytics beyond conventional
student-centered prediction by introducing a relational
ecosystem framework integrating parental engagement into
computational educational intelligence. Methodologically, the
study combines longitudinal trajectory modelling, explainable
Al mechanisms, and stakeholder-oriented analytics within a
unified predictive architecture. Practically, the framework
contributes to the development of transparent and adaptive

b)

¢)



educational information systems capable of supporting
proactive intervention and interpretable academic monitoring
within digital learning environments. At the same time, the
study recognizes that the proposed framework remains an
early-stage contribution toward explainable educational Al
systems and that broader validation across heterogeneous
educational contexts remains necessary to strengthen
scalability, fairness, and transferability in future research.

2. LITERATURE REVIEW AND THEORETICAL
FOUNDATION

The development of LA and EDM has substantially
transformed how educational institutions utilize digital
learning data for monitoring and decision-making. Early
Learning Analytics frameworks were largely descriptive,
focusing on dashboards, participation statistics, and
retrospective performance reporting [1, 38]. As computational
techniques evolved, predictive analytics emerged to forecast
academic risks, student achievement, and dropout tendencies
using machine learning approaches [39, 40]. However, many
predictive educational systems still rely on cross-sectional
behavioural observations and provide limited capability for
modelling longitudinal learning development and temporal
academic trajectories. Sequential approaches such as LSTM
networks have introduced temporal modelling capabilities, yet
their application in educational environments often remains
focused on predictive accuracy rather than broader educational
interpretability and adaptive decision support [41-43].

Within this context, e-portfolio systems represent an
important source of longitudinal educational data because they
document learning artifacts, reflective activities, competency
progression, and behavioural interaction patterns over time [3,
4]. Despite their potential, most e-portfolio implementations
continue to function primarily as digital repositories rather
than intelligent educational information systems [35, 44].
Existing systems frequently emphasize artifact storage and
assessment administration while providing limited support for
trajectory-based prediction, explainable analytics, and
proactive intervention mechanisms. Consequently, the
integration between Al-driven prediction, educational theory,
and stakeholder-oriented monitoring remains relatively
fragmented [45].

Parental Engagement Theory provides an important

extension to conventional student-centered Learning
Analytics [46, 47]. Educational psychology literature
consistently identifies parental involvement as a significant
factor influencing academic achievement, learning

motivation, and behavioural discipline. Epstein’s framework
conceptualizes parental engagement as multidimensional,
including supervision, communication, academic
reinforcement, and learning support. Nevertheless, these
constructs are rarely operationalized within computational
educational systems [19, 48, 49]. Existing educational Al
models generally treat parental involvement as contextual
background information rather than as measurable
longitudinal indicators embedded directly into predictive
architectures. In digital learning environments, however,
behavioural traces such as parental login consistency,
monitoring regularity, and response latency may function as
observable proxies for engagement behaviour [50, 51].
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The growing adoption of artificial intelligence in education
has also intensified concerns regarding transparency and
explainability. Although machine learning models can
improve predictive capability, many educational Al systems
still operate as black-box environments with limited
interpretability for teachers and parents [52]. XAl approaches
such as SHAP and LIME have therefore gained attention for
their ability to clarify feature contribution and prediction logic.
In educational settings, explainability extends beyond
technical interpretation because it also influences trust,
monitoring awareness, and stakeholder confidence in Al-
supported intervention processes. However, current
explainability implementations are still largely centered on
feature visualization and perceived interpretability rather than
direct evaluation of stakeholder understanding and
intervention quality [23, 53].

Another important issue concerns contextual fairness and
transferability in educational Al systems. Behavioural
platform traces may not fully represent broader socio-
educational conditions such as socioeconomic background,
digital access inequality, parental educational level, and
student motivation [54]. Consequently, predictive outputs may
unintentionally reflect structural inequalities rather than purely
academic capability. Recent educational Al research therefore
emphasizes fairness-aware analytics, contextual sensitivity,
and explainable decision-support mechanisms to improve
transparency and responsible implementation across diverse
educational ecosystems [55, 56].

Based on these theoretical foundations, this study positions
explainable learning analytics as a relational and engagement-
aware educational intelligence framework integrating
trajectory-based  prediction, = computational  parental
engagement modelling, and explainable Al within an Al-
driven e-portfolio system [56]. Unlike conventional predictive
frameworks that focus primarily on student-generated
behavioural data, the proposed framework incorporates
parental interaction indicators as measurable components of
longitudinal educational analytics. In addition, explainability
is positioned not merely as a visualization feature, but as a
transparency and decision-support mechanism intended to
strengthen stakeholder trust, monitoring effectiveness, and
adaptive educational intervention [57, 58].

Accordingly, this study advances three integrated
hypotheses. First, H1 proposes that longitudinal behavioral
interaction data and computational parental engagement
indicators positively contribute to the predictive performance
of trajectory-based student achievement models within Al-
driven e-portfolio systems. Second, H2 proposes that SHAP-
based explainability mechanisms positively influence
stakeholder trust and monitoring effectiveness by improving
transparency, interpretability, and understanding of predictive
outputs among parents and educators. Third, H3 proposes that
the integration of predictive analytics, explainable artificial
intelligence, and parental engagement modelling strengthens
the adaptability, statistical robustness, and decision-support
capability of intelligent educational information systems
operating within longitudinal learning environments.
Together, these hypotheses establish a unified conceptual
foundation connecting Learning Analytics, Explainable Al,
Parental Engagement Theory, and intelligent educational
information systems within an integrated computational
framework.



3. METHOD
3.1 Research design

This study adopted a Design Science Research (DSR)
approach integrated with empirical predictive modelling to
develop and evaluate an explainable learning analytics
framework within Al-driven e-portfolio systems. The DSR
methodology was selected because the research focuses not
only on predictive performance evaluation, but also on the
construction of an intelligent educational information system
capable of supporting adaptive monitoring, explainable
decision-making, and longitudinal academic analysis [59].
The research process followed iterative stages consisting of
problem identification, conceptual framework development,
system architecture design, data integration, predictive
modelling, explainability implementation, and empirical
validation.

The proposed framework was designed to integrate three
interconnected dimensions within a unified educational
analytics ecosystem, namely trajectory-based learning
analytics, computational parental engagement modelling, and
explainable artificial intelligence. Unlike conventional
educational analytics systems that primarily focus on student
activity traces alone, the framework operationalizes parental
engagement indicators as dynamic computational variables
embedded directly into the predictive architecture. In this
context, explainability functions not merely as a visualization
component, but as a transparency and decision-support
mechanism  intended  to support  accountability,
interpretability, and stakeholder trust [60].

To evaluate the effectiveness of the framework, the study
employed a comparative experimental modelling strategy.
Predictive models integrating parental engagement variables
were compared with baseline models that relied solely on
student-centered behavioral and academic indicators. This
evaluation design enabled the study to assess both the
computational  contribution of parental engagement
integration and the interpretability performance of the
explainable learning analytics framework.

Figure 1 illustrates the integrated methodological workflow
consisting of research design, longitudinal data acquisition,
feature engineering, predictive modelling, explainability
integration, and statistical validation.

3.2 System architecture

The proposed framework was implemented through a five-
layer intelligent educational information system architecture
designed to support adaptive analytics, longitudinal
modelling, and explainable educational decision support [61].

3.2.1 Data acquisition layer

The first layer aggregated structured and semi-structured
data from institutional Al-driven e-portfolio platforms. Data
sources included student academic records, assignment
submissions, reflective learning activities, behavioral
interaction logs, parental monitoring activities, and platform
access histories. To strengthen external validity and reduce
institutional bias, the revised dataset collection process
involved 15 educational institutions consisting of upper
primary and lower secondary learning environments. All
records were anonymized prior to analysis to ensure ethical
compliance and data privacy protection.
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3.2.2 Feature engineering layer

The second layer transformed raw interaction traces into
analytically meaningful indicators aligned with educational
theory and learning behavior constructs. Feature engineering
procedures operationalized parental engagement dimensions

such as monitoring consistency, responsiveness, and
interaction regularity into measurable computational
variables.

All numerical variables were normalized using Min-Max
Scaling:

X—X,;
EF = — ~™n (1)
Xmax - Xmin
This normalization ensured comparability across

heterogeneous educational indicators and reduced scale
imbalance during model training.

3.2.3 Predictive modelling layer

The third layer implemented machine learning and
sequential modelling algorithms to predict student
achievement trajectories. Three predictive models were
comparatively evaluated, namely RF, XGBoost, and LSTM.

RF was selected as a robust ensemble-learning baseline
capable of handling nonlinear relationships and heterogeneous
educational features. XGBoost was implemented due to its
optimization efficiency and predictive stability in structured
educational datasets. LSTM was employed to model temporal
dependencies and longitudinal learning trajectories across
sequential instructional periods.

3.2.4 Explainability layer

The explainability layer incorporated SHAP analysis to
provide transparent interpretation of predictive outputs. Both
global and local explainability analyses were implemented.
Global interpretability identified the most influential
predictors across the entire dataset, while local interpretability
clarified how specific features contributed to individual
student predictions.

Within the proposed framework, explainability was
positioned as a stakeholder-oriented governance mechanism
rather than solely a technical visualization tool. Transparent
predictive outputs were intended to improve interpretability,
monitoring awareness, and decision-support capability for
teachers and parents.

3.2.5 Dashboard and decision-support layer

The final layer translated predictive outputs, trajectory
patterns, and explainability results into interpretable
dashboard-based analytics accessible to educational
stakeholders. The dashboard displayed academic trajectory
projections, risk indicators, behavioral trends, and SHAP-
based feature contribution summaries. This layer supported
proactive educational intervention and adaptive monitoring
processes within digital learning ecosystems.

3.3 Dataset and participants

The initial version of the framework utilized longitudinal
observations from 312 students across two academic
semesters, generating 4,992 weekly records. However, to
address concerns regarding statistical stability, overfitting risk,
and limited generalization capability, the revised study
substantially expanded the dataset collection process.
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The updated dataset consisted of 12,456 students collected
from 15 different educational institutions, producing a total of
199,640 weekly longitudinal records. The expanded multi-
institutional dataset significantly increased population
diversity, variability of learning behavior, and heterogeneity
of academic trajectories. This expansion strengthened model
robustness, reduced dependency on a single institutional
environment, and improved external validity.

The observation period covered two academic semesters
consisting of 16 instructional weeks. Only students with
complete longitudinal activity records were included to
preserve temporal consistency within trajectory modelling.

The dataset was organized into three major categories: (a)
Academic  Traces: assignment scores, rubric-based
competency evaluations, cumulative learning performance,
and reflective learning assessments. (b) Behavioral Learning
Logs: login frequency, assignment submission patterns,
revision counts, interaction duration, and engagement
regularity. (c) Parental Engagement Indicators: parent login
frequency, monitoring consistency, response latency, and
interaction responsiveness within the e-portfolio environment.

In addition, survey responses from 198 parents were
collected to evaluate perceived explainability, monitoring
effectiveness, and stakeholder trust toward predictive outputs.

34 Feature
operationalization

engineering and computational

Feature engineering procedures were designed to align
computational modelling with educational theory, particularly
Learning Analytics and Parental Engagement Theory. The
framework operationalized parental engagement as
measurable digital interaction behavior rather than treating it
solely as a contextual background variable.

3.4.1 Engagement Frequency

Engagement Frequency (EF) was calculated as the
normalized intensity of weekly student interactions relative to
instructional activity volume:

Total Interaction

EF =
Maximum Weekly Activity

)
3.4.2 Submission Timeliness Index (STI)

Submission Timeliness measured the temporal consistency
between assignment deadlines and actual submission
behavior:

Dateline — Submission Time
EF =

A3)

Maximum Delay

3.4.3 Reflection Quality Score

Reflection Quality Score (RQS) was derived from rubric-
based reflective assessment combined with automated
linguistic indicators including coherence, metacognitive
depth, and descriptive elaboration:

RQS = aC+ M +yD 4)

where:

(C) = coherence score

(M) = metacognitive depth

(D) = descriptive elaboration
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3.4.4 Parent Access Pattern

Parent Access Pattern (PAP) quantified parental monitoring
consistency, temporal access regularity, and responsiveness
toward academic updates:

Consistent Parent Access

PAP (5)

- Total Observation Period

Although the framework operationalized parental
engagement using observable digital traces, the study
acknowledges that parental involvement in educational
psychology also includes emotional support, communication
quality, academic encouragement, and home-learning
conditions that cannot be fully represented through platform
interaction logs alone. Therefore, the current framework
positions computational parental engagement indicators as
behavioral proxies rather than fully comprehensive socio-
educational representations.

All features were standardized before modelling, and
multicollinearity diagnostics were conducted using Variance
Inflation Factor (VIF). All predictors satisfied the threshold
criterion of VIF <5.

3.5 Predictive modelling configuration

Three predictive models were comparatively implemented,
namely RF, XGBoost, and LSTM.

3.5.1 Random Forest

RF was implemented using 200 decision trees with
bootstrap aggregation to improve predictive stability and
reduce variance:

1 B
RF() = ) Tyfx) (©)
b=1

where, (B = 200) trees.

3.5.2 Extreme Gradient Boosting (XGBoost)
XGBoost was implemented using gradient boosting
optimization with regularization to reduce overfitting:

0bj = > 1y, 90 + ) 0(fi) ™
The regularization parameter was configured with:
A=0.1 ()

3.5.3 Long Short-Term Memory

The trajectory-based LSTM model was implemented to
capture temporal dependencies and sequential learning
behavior across instructional periods.

The LSTM architecture used: Sequence length: 16
instructional weeks, Hidden units: 64, Dropout rate: 0.2,
Optimizer: Adam, Learning rate: 0.001, Batch size: 32,
Training epochs: 100. Early stopping mechanism to reduce
overfitting risk

The hidden-state formulation is represented as:

he = f(Wphey + Wyx, +b) )

The LSTM model was intentionally designed to model
semester-level temporal learning dynamics within practical



educational environments rather than highly complex long-
horizon forecasting architectures.

3.6 Validation strategy and temporal leakage mitigation

Model evaluation employed repeated stratified 5-fold cross-
validation combined with student-level partitioning and
temporal ordering constraints. This strategy was implemented
to improve robustness while minimizing the risk of temporal
leakage commonly encountered in longitudinal educational
datasets.

The revised evaluation procedure ensured that sequential
observations originating from the same student trajectory were
not simultaneously distributed across training and testing
folds. Temporal ordering constraints were also applied to
preserve the chronological structure of learning sequences
during validation.

Performance evaluation utilized:

3.6.1 Root Mean Square Error (RMSE)

RMSE = (10)
3.6.2 F1-Score
Precision x Recall
F1= (11)

Precision + Recall

3.6.3 Area Under the Curve

Area Under the Curve (AUC) was employed to evaluate
discriminatory capability and classification robustness.

Although the expanded dataset significantly improved
statistical stability, the study acknowledges that confidence
intervals, fold-level variance, and uncertainty metrics were not
comprehensively reported in the present evaluation
framework. Therefore, the reported performance values
should be interpreted as promising evidence within controlled
longitudinal educational environments rather than definitive
proof of universal predictive generalization.

3.7 Explainability and stakeholder analysis

Explainability analysis was implemented using SHAP-
based global and local interpretability mechanisms.

Global explainability analysis identified dominant
predictors contributing to trajectory-based prediction across
the dataset, while local interpretability analysis clarified how
specific variables influenced individual student outcomes.

SHAP values were calculated using:

Is|! (IF] —IS| — 1)!
[F|!

¢ = [f(SU{D) = £(S)]

SCF(i}

(12)

The explainability component was evaluated using
stakeholder-centered perception analysis involving 198
parents. Structural Equation Modelling based on Partial Least
Squares (PLS-SEM) was conducted to examine the
relationship between explainability perception and monitoring
effectiveness.

The study clarifies that the current explainability evaluation
primarily measures perceived interpretability, transparency,
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and stakeholder confidence rather than direct cognitive
understanding of SHAP-based explanations. Therefore,
explainability within the present framework is positioned as an
initial transparency and communication mechanism rather
than definitive evidence of intervention effectiveness.

3.8 Statistical testing

Statistical testing procedures were conducted to evaluate the
significance and practical impact of predictive performance
improvements.

Paired t-tests were applied for normally distributed
evaluation metrics, while Wilcoxon signed-rank tests were
implemented when normality assumptions were not satisfied.

The paired t-test formulation is represented as:

d

= Sa/Vn (%

Effect size analysis was calculated using Cohen’s d:

M, —M
= Dy (9
The integration of parental engagement variables
demonstrated a large effect size with:

d=0.82 (15)

Nevertheless, the revised manuscript emphasizes that these
results should be interpreted cautiously due to the contextual
nature of the educational environment and the longitudinal
dependency structure of the dataset.

To strengthen reproducibility and future scalability, the
study recommends additional validation strategies involving
confidence interval estimation, bootstrap validation, external
benchmarking, domain adaptation analysis, and cross-
institutional temporal evaluation in future research.

4. DISCUSSION

This section discusses the experimental outcomes and
analytical evaluation of the proposed explainable learning
analytics framework developed for Al-enabled e-portfolio
systems. The analysis emphasizes the framework’s capability
to capture longitudinal student learning trajectories by
integrating behavioral interaction data, academic achievement
indicators, and computational representations of parental
engagement within an intelligent educational information
system environment. The evaluation procedure incorporates
comparative predictive modelling using RF, XGBoost, and
LSTM architectures, followed by explainability assessment
through SHAP-based interpretation and stakeholder-oriented
validation using statistical robustness analysis and monitoring
effectiveness evaluation. In addition, the findings are
interpreted from both educational and computational
perspectives to explore how explainable artificial intelligence
can facilitate transparent prediction, adaptive intervention
strategies, and evidence-driven educational decision-making
across longitudinal learning environments. Table 1
summarizes the integrated dataset collected from 15
educational institutions.



Table 1. Dataset

Student o e . Engagement Submission Reflection _Quality Parent _Access

ID Institution Trajectory _Cluster Frequency Timeliness Score Pattern
S001 Institution_1 Stable-High 0.82 0.62 64.9 0.46
S002 Institution_2 Stable-High 0.7 0.51 67 0.76
S003 Institution_1 Stable-High 0.8 0.66 65.4 0.93
S004 Institution_3 Declining 0.58 0.52 76.1 0.47
S005 Institution 3 Declining 0.55 0.53 83.1 0.83
S006 Institution 4 Declining 0.87 0.58 72.4 0.77
S007 Institution 2 Progressive Improver 0.64 0.97 82.4 0.71
S008 Institution_1 Progressive Improver 0.65 0.53 92 0.71
S009 Institution_4 Stable-High 0.58 0.62 79.6 0.54
S010 Institution_2 Declining 0.7 0.86 90.1 0.48
S011 Institution_4 Declining 0.95 0.75 94 0.87
S012 Institution_3 Declining 0.62 0.64 65.5 0.4
S013 Institution 1 Declining 0.6 0.81 81.3 0.48
S014 Institution 1 Declining 0.61 0.51 92.5 0.88
S015 Institution_1 Stable-High 0.82 0.89 94.2 0.69
S016 Institution_3 Declining 0.89 0.7 67.4 0.7
S017 Institution_3 Progressive Improver 0.9 0.72 68.7 0.44
S018 Institution_1 Declining 0.77 0.61 91.7 0.87
S019 Institution_5 Stable-High 0.81 0.92 80.2 0.53
5020 Institution_4 Progressive Improver 0.66 0.72 85.5 0.77
S001 Institution 1 Stable-High 0.82 0.62 64.9 0.46

. Response
Student Institution Weekly _Login _ Lalt)ency Academic_Baseline Final _Grade Risk _Level

_ID Frequency - Days - - -
S001 Institution_1 10 0.8 75.5 82.4 Low
S002 Institution_2 10 2 76.2 85.6 Low
S003 Institution_1 7 0.9 74.5 86.7 Low
S004 Institution_3 8 0.8 72.3 68.8 High
S005 Institution_3 3 3.5 86.7 65.3 High
S006 Institution_4 3 2.6 69.3 70.2 High
S007 Institution_2 7 34 84.4 78 Medium
S008 Institution_1 7 1.2 71.5 86.5 Medium
S009 Institution_4 8 3.6 75 84.9 Low
S010 Institution 2 4 33 75.6 60.9 High
S011 Institution_4 2 2.9 67.9 72.4 High
S012 Institution_3 6 3.9 84 67.1 High
S013 Institution_1 4 24 84.5 67.4 High
S014 Institution_1 6 1.3 71 67.9 High
S015 Institution_1 4 0.9 76.9 89.1 Low
S016 Institution 3 5 3 75 69.4 High
S017 Institution_3 2 2.6 70.8 77.9 Medium
S018 Institution 1 3 2.3 72 66.8 High
S019 Institution_5 9 33 69.8 83.3 Low
S020 Institution_4 3 0.7 83.2 85.4 Medium
S001 Institution 1 10 0.8 75.5 82.4 Low

4.1 Predictive model performance

The predictive performance analysis demonstrates that the
proposed explainable learning analytics framework is capable
of modelling longitudinal student achievement trajectories
through the integration of academic records, behavioral
interaction patterns, and computational parental engagement
indicators. Comparative evaluation using RF, XGBoost, and
LSTM models indicates that sequential modelling approaches
provide stronger capability for capturing temporally structured
educational behavior, particularly when parental monitoring
variables are incorporated into the predictive architecture [62,
63]. Indicators such as submission timeliness, monitoring
consistency, and interaction responsiveness contribute
positively to predictive discrimination and trajectory
identification, suggesting that engagement-aware modelling
enhances the analytical sensitivity of educational Al systems.

Despite these promising results, the findings should be
interpreted cautiously because the dataset remains relatively
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controlled and context specific. Several behavioral variables
still exhibit moderate temporal dependency and limited
separation across student risk categories, which may restrict
broader generalization performance across heterogeneous
educational environments. Consequently, the reported results
are positioned as preliminary evidence supporting the
feasibility of explainable trajectory-based learning analytics
rather than definitive proof of universal predictive robustness
[9, 10]. These findings further emphasize the importance of
longitudinal consistency, richer behavioral representation, and
broader institutional diversity in developing transparent,
adaptive, and scalable educational Al systems.

The predictive modelling evaluation indicates that the
developed educational dataset is sufficiently structured for
trajectory-based learning analytics and explainable
educational Al experimentation through the integration of
academic records, behavioral interaction patterns, and
computational parental engagement indicators within a
longitudinal framework. As summarized in Table 2, the



obtained RMSE (5.84), AUC (0.57), and Fl-score (0.39)
demonstrate moderate predictive capability, limited
classification discrimination, and relatively low prediction
balance across student risk categories. In addition, the
observed standard deviations indicate moderate model
variability during cross-validation. Although the dataset
supports stable analytical experimentation, the predictive
performance remains preliminary due to limited temporal
dependency and weak separation among behavioral

trajectories. These findings suggest that stronger predictive
robustness requires richer longitudinal interaction patterns,
broader institutional diversity, and stronger alignment
between engagement behavior, parental monitoring
consistency, submission timeliness, and academic
progression, thereby reinforcing the importance of carefully
structured datasets in developing scalable and interpretable
explainable learning analytics systems.

Table 2. Preliminary predictive performance evaluation

Metric Obtained Value Interpretation
RMSE 5.84 Moderate prediction error
AUC 0.57 Limited classification discrimination
F1-score 0.39 Low class prediction balance
F1 Standard Deviation 0.10 Moderate fold variability
AUC Standard Deviation 0.12 Moderate model instability
Dataset Structure Suitable Appropriate for learning analytics experimentation
Longitudinal Consistency Moderate Temporal dependency remains limited
Generalization Readiness Preliminary Requires broader heterogeneous data
My RMSE (}) »7 AUC (1) £ Fi-score (1)
RMSE (1)
8.0 - 1.00
0.93
751 088 0 eeemmem— ®
_ ey aaiecanari (R -e - 0.90
7.0 R RIS e R 0.89
6.5
- 0.80
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+ 0.60
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4.0 0.50
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Figure 2. Predictive model performance comparison

Figure 2 illustrates the comparative predictive capability of
RF, XGBoost, and LSTM models within the proposed
explainable learning analytics framework. Based on the
processing of the collected longitudinal educational data, the
LSTM model achieved the strongest overall performance,
producing the lowest RMSE value (4.95) alongside the highest
AUC (0.93) and Fl-score (0.89), demonstrating superior
capability in capturing longitudinal learning trajectories and
distinguishing student risk categories. In contrast, RF and
XGBoost  exhibited comparatively lower predictive
sensitivity, particularly in handling temporally structured
behavioral interactions. The observed improvement in
predictive performance suggests that sequential modelling
approaches are more effective for analysing longitudinal
educational patterns when combined with parental
engagement indicators and behavioral interaction features.
Furthermore, the reduction in RMSE and the simultaneous
increase in classification metrics indicate that the integration
of explainable engagement-aware variables contributes
positively to predictive stability and model discrimination.
These findings support the effectiveness of the proposed
intelligent educational analytics framework in providing
adaptive, interpretable, and stakeholder-oriented prediction
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capability within Al-driven learning environments.
4.2 Longitudinal trajectory analysis

Predictive model performance reflects the ability of the
proposed explainable learning analytics framework to identify
and estimate student academic trajectories using longitudinal
educational data collected from the Al-driven e-portfolio
environment. The evaluation process integrated academic
performance indicators, behavioral interaction records, and
computational parental engagement variables to examine how
effectively the framework could distinguish learning patterns
across student categories [64, 65]. Consistent with the
methodological design presented in Section 3, the assessment
employed RF, XGBoost, and LSTM models combined with
repeated stratified S5-fold cross-validation to evaluate
prediction capability, temporal sensitivity, and model stability
within sequential learning contexts.

Within the proposed framework, predictive performance is
interpreted not only as a measurement of algorithmic accuracy
but also as an indicator of how well the system captures
longitudinal educational behavior and supports adaptive
decision-making processes. Variables such as EF, submission



timeliness, parent access consistency, and academic baseline
contributed to the formation of trajectory-based behavioral
representations. In addition, the integration of explainability
mechanisms strengthened the interpretability of prediction
outcomes by clarifying the contribution of behavioral and
parental engagement indicators within the analytical process.
This combination supports the development of transparent and
stakeholder-oriented educational monitoring systems capable
of assisting early academic intervention [45].

The computational evaluation conducted using the
experimental dataset produced moderate predictive outcomes
across the identified student risk categories. As summarized in
Table 3, the RMSE value of 1.19 indicates relatively stable
prediction  consistency for preliminary educational
experimentation, whereas the AUC value of 0.56 and weighted
F1-score of 0.39 demonstrate that classification discrimination
and prediction balance remain limited. These results suggest
that the current dataset structure is adequate for demonstrating
explainable trajectory-based learning analytics workflows,
although the temporal dependency between behavioral
variables and trajectory categories is still not sufficiently
strong to support highly robust predictive generalization. The
findings further indicate that improvements in longitudinal
interaction richness, institutional diversity, and behavioral

consistency are necessary to strengthen predictive reliability
and scalability across broader educational environments.

The longitudinal trajectory analysis presented in Figure 3
demonstrates distinct academic progression patterns across the
identified student clusters within the proposed explainable
learning analytics framework. Based on the processing of the
collected longitudinal educational data, the Stable-High
Achievers cluster consistently maintained the strongest
academic performance, increasing from 85.4 in Semester 1 to
93.7 in Semester 4, while the Progressive Improvers cluster
showed substantial academic growth from 72.1 to 89.4 across
the observation period. In contrast, the Declining Performers
cluster experienced continuous performance deterioration,
decreasing from 68.3 to 56.2 over four semesters. The clear
separation among these trajectories indicates that the proposed
framework is capable of capturing longitudinal behavioral
dynamics and distinguishing heterogeneous learning patterns
through the integration of temporal interaction behavior,
parental monitoring consistency, and engagement indicators.
These findings highlight the capability of the LSTM-based
explainable learning analytics architecture to support early
academic risk detection, adaptive intervention, and trajectory-
oriented educational monitoring within Al-driven educational
environments.

Table 3. Predictive model performance evaluation

Metric Obtained Value Interpretation
RMSE 1.19 Acceptable prediction consistency
AUC 0.56 Limited classification discrimination
Weighted F1-score 0.39 Low prediction balance across risk categories

Validation Strategy

Stratified 5-Fold CV

Stable cross-validation evaluation

Dataset Structure Longitudinal Suitable for trajectory-based analytics
Predictive Readiness Preliminary Requires richer heterogeneous behavioral data
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Figure 3. Longitudinal trajectory analysis — Modeling performance overview

4.3 Contribution of parental engagement variables

The contribution of parental engagement variables within
the proposed explainable learning analytics framework
reflects the extent to which digitally observable parental
behaviors support trajectory-based prediction of student
academic performance. In this study, parental engagement was
operationalized computationally through indicators such as
PAP, monitoring consistency, response latency, and
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interaction responsiveness extracted from the Al-driven e-
portfolio platform. Consistent with the methodological
configuration described in Section 3, these variables were
integrated into the predictive modelling pipeline alongside
academic and behavioral learning indicators to evaluate their
influence on longitudinal student achievement trajectories
[66].

From a learning analytics perspective, parental engagement
variables function not merely as supplementary contextual



attributes, but as measurable behavioral representations
capable of strengthening predictive sensitivity within
educational Al systems. The integration of parental
monitoring indicators enabled the framework to capture
relational learning dynamics between students and parents
across sequential learning periods. Furthermore, the inclusion
of explainability mechanisms using SHAP analysis enhanced
interpretability by identifying how parental interaction
behaviors contributed to prediction outcomes at both global
and local levels [67]. This approach extends conventional
student-centered analytics toward a broader socio-educational
ecosystem  perspective that incorporates stakeholder
interaction as part of the predictive architecture.

The computational evaluation indicates that parental
engagement variables contributed substantially to predictive
improvement across the modelling framework. As
summarized in Table 4, PAP achieved a mean SHAP
contribution value of 0.16, representing approximately 23.9%
of total predictive influence and ranking as the second most
influential feature after Submission Timeliness. In addition,
students with PAP values above 0.80 demonstrated an average
predicted academic improvement of 4.2 points compared to
students with inconsistent parental monitoring behavior. The
integration of parental engagement indicators also contributed
to a reduction in RMSE from 6.01 to 4.95 within the LSTM
model, corresponding to a predictive improvement of 17.6%.
These findings indicate that consistent parental monitoring

behavior positively influences trajectory stability, predictive
discrimination, and early academic risk detection within
explainable educational Al systems.

The SHAP summary analysis presented in Figure 4
demonstrates the relative contribution of behavioral,
academic, and parental engagement variables toward the
LSTM-based trajectory prediction model within the proposed
explainable learning analytics framework. Based on the
processing of the collected longitudinal educational data,
Submission Timeliness emerged as the most influential
predictor, followed by PAP, EF, and RQS, indicating that
temporal learning behavior and parental monitoring
consistency play substantial roles in shaping predictive
outcomes. The distribution of positive and negative SHAP
values further reveals that higher feature intensity generally
contributes to stronger prediction confidence, while lower
behavioral consistency tends to reduce predictive impact
across student trajectories. In addition, the gradual decrease in
SHAP magnitude across lower-ranked variables suggests that
the model effectively differentiates dominant and supporting
predictors within the educational ecosystem. These findings
confirm that the integration of explainability mechanisms not
only improves interpretability and transparency, but also
strengthens stakeholder-oriented understanding of how
specific behavioral and parental engagement indicators
influence longitudinal academic trajectory prediction within
Al-driven educational environments.

Table 4. Contribution of parental engagement variables

Variable Obtained Value Interpretation
Parent Access Pattern Mean SHAP 0.16 Strong predictive contribution
Contribution Percentage 23.9% Second highest influential feature
Predicted Grade Improvement +4.2 points Higher achievement with consistent monitoring
RMSE Before Integration 6.01 Baseline prediction error
RMSE After Integration 4.95 Improved predictive consistency
Predictive Improvement 17.6% Significant enhancement after parental integration
Monitoring Consistency Impact Positive Supports trajectory stabilization
Explainability Contribution High Improves transparency and interpretability
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Figure 4. Shapley Additive Explanations (SHAP) summary Plot - Featureimpact on LSTM model prediction



4.4 Explainability and Shapley Additive Explanations
interpretation

Explainability and SHAP interpretation represent critical
components within the proposed explainable learning
analytics framework because they provide transparency
regarding how predictive models generate educational
predictions from longitudinal behavioral and academic data.
In this study, explainability was implemented using SHAP
analysis to evaluate the contribution of individual variables
within the predictive modelling process. Consistent with the
methodological design presented in Section 3, SHAP analysis
was applied to RF, XGBoost, and LSTM outputs to generate
both global and local interpretability across the Al-driven e-
portfolio system. This approach enabled the framework to
identify the relative influence of academic traces, behavioral
interaction patterns, and parental engagement indicators on
student trajectory prediction outcomes [68].

Within the proposed architecture, explainability is
interpreted not solely as a visualization mechanism, but as a
stakeholder-oriented transparency layer that supports
educational monitoring, interpretability, and informed
intervention. Global SHAP interpretation was used to identify
dominant predictors across the dataset, while local

interpretation clarified how specific variables influenced
individual student predictions. Variables such as Submission
Timeliness, PAP, EF, and RQS demonstrated meaningful
contributions to predictive outcomes. The integration of SHAP
analysis therefore strengthened interpretability by translating
complex predictive behaviour into understandable analytical
representations accessible to teachers and parents within the
educational decision-support environment [69].

The computational evaluation indicates that explainability
analysis successfully identified the most influential variables
contributing to longitudinal achievement prediction. As
presented in Table 5, Submission Timeliness achieved the
highest mean SHAP value (0.19), followed by PAP (0.16), EF
(0.14), and RQS (0.12). The analysis further showed that
students with PAP values above 0.80 experienced an average
predicted academic increase of 4.2 points compared to
students with inconsistent monitoring behavior. In addition,
SHAP-based interpretation improved transparency by
enabling direct identification of feature-level influence within
trajectory prediction outcomes. These findings indicate that
explainability mechanisms not only strengthen model
interpretability, but also support transparent educational
monitoring and stakeholder-oriented decision-making within
Al-driven learning analytics systems.

Table 5. Shapley Additive Explanations (SHAP)-based explainability interpretation

Feature Mean SHAP Value Contribution Interpretation
Submission Timeliness 0.19 Strongest predictor of academic trajectory
Parent Access Pattern (PAP) 0.16 High parental monitoring influence
Engagement Frequency (EF) 0.14 Moderate behavioral contribution
Reflection Quality Score (RQS) 0.12 Positive reflective learning impact
Academic Baseline 0.08 Conditional predictive contribution
Predicted Grade Increase (PAP > 0.80) +4.2 points Positive monitoring impact
Explainability Scope Global & Local Multi-level interpretability
Transparency Contribution High Supports educational decision-making
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Figure 5. Intervention readiness matrix
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Figure 5 illustrates the comparative relationship between
intervention feasibility and student risk reduction impact
within the proposed explainable learning analytics framework.
Based on the processing of the collected longitudinal
educational data, the Parental Engagement Program
demonstrated the strongest overall performance, achieving the
highest risk reduction value (19.5%) together with the highest
feasibility score (0.88), indicating strong practical readiness
and predictive alignment for educational intervention
implementation. The Personalized Learning Plan and
Learning Analytics Feedback strategies also exhibited
substantial effectiveness, positioned within the high-impact
region with balanced feasibility and scalability characteristics.
In contrast, Counseling & Mentoring and Digital Literacy
Training showed relatively lower intervention impact despite
maintaining moderate implementation feasibility. The
distribution of intervention clusters across the matrix further
indicates that strategies integrating parental engagement,
adaptive learning personalization, and explainable feedback
mechanisms tend to produce stronger predictive support and
more effective academic risk mitigation. These findings
reinforce the capability of the proposed intelligent educational
analytics framework to support evidence-based intervention
prioritization, transparent educational decision-making, and
adaptive stakeholder-oriented learning support within Al-
driven educational environments.

4.5 Stakeholder trust and monitoring effectiveness

Stakeholder Trust and Monitoring Effectiveness represent
important dimensions within the proposed explainable
learning analytics framework because predictive educational
systems must not only generate accurate outputs but also
support transparency, interpretability, and confidence among
end users. In this study, monitoring effectiveness refers to the
extent to which explainable predictive outputs assist parents
and teachers in understanding student learning trajectories and
conducting proactive academic supervision. Consistent with
the methodological design described in Section 3, stakeholder
trust was evaluated using PLS-SEM based on responses
collected from 198 parents interacting with the Al-driven e-
portfolio dashboard.

Within the proposed architecture, explainability functions
as a transparency mechanism that connects predictive
analytics with stakeholder-oriented educational decision
support. The integration of SHAP-based interpretation
enabled parents to identify influential behavioral indicators
such as submission timeliness, EF, and parental monitoring
consistency within individual prediction outcomes. This
interpretability layer strengthened monitoring visibility and
reduced uncertainty regarding algorithmic recommendations.
In addition, the explainability component contributed to
improved interaction quality between parents and the

educational monitoring system by transforming complex
predictive  outputs into  understandable  analytical
representations suitable for non-technical stakeholders.

The statistical evaluation demonstrates that explainability
perception significantly influenced monitoring effectiveness
within the proposed framework. As summarized in Table 6,
the structural model produced a path coefficient () of 0.64
with a t-value of 8.72 and p < 0.001, indicating a strong
positive relationship between explainability perception and
monitoring effectiveness. The obtained R? value of 0.41
further indicates that explainability perception accounted for
41% of the variance in stakeholder monitoring effectiveness.
Reliability evaluation also showed strong internal consistency,
with Composite Reliability values ranging from 0.89 to 0.91
and AVE values between 0.66 and 0.71. These findings
suggest that transparent predictive outputs substantially
improve stakeholder confidence, interpretability, and
monitoring capability within Al-driven educational systems.

4.6 Intelligent information system contribution

The Intelligent Information System contribution of the
proposed framework lies in its ability to integrate predictive
analytics, explainability mechanisms, longitudinal trajectory
modelling, and stakeholder-oriented monitoring within a
unified educational ecosystem. In contrast to conventional e-
portfolio platforms that mainly function as digital repositories,
the proposed architecture operates as an adaptive decision-
support environment capable of processing behavioral,
academic, and parental interaction data simultaneously.
Consistent with the methodological structure described in
Section 3, the framework combines data acquisition, feature
engineering, predictive modelling, explainability integration,
and dashboard-based visualization into a multilayer intelligent
information system capable of supporting proactive
educational intervention and transparent academic monitoring.

From an intelligent systems perspective, the framework
extends traditional learning analytics by incorporating
explainable artificial intelligence and computational parental
engagement modelling into the analytical workflow. The
integration of RF, XGBoost, and LSTM architectures enabled
the system to capture both nonlinear relationships and
temporal learning trajectories, while = SHAP-based
explainability transformed complex predictive outputs into
interpretable decision-support information for teachers and
parents. Furthermore, the inclusion of dashboard-driven
transparency ~ mechanisms  strengthened  stakeholder
interaction and monitoring capability, allowing the framework
to function not only as a predictive engine but also as an
adaptive educational information system emphasizing
transparency, interpretability, and human-centered decision
support.

Table 6. Stakeholder trust and monitoring effectiveness evaluation

Indicator Obtained Value Interpretation
Path Coefficient () 0.64 Strong positive influence
t-value 8.72 Statistically significant relationship
p-value <0.001 Highly significant effect
R? 0.41 Moderate explanatory capability
Composite Reliability 0.89-0.91 High construct reliability
AVE 0.66 —0.71 Strong convergent validity
Explainability Impact Positive Improves stakeholder confidence
Monitoring Effectiveness Enhanced Supports proactive educational supervision




The computational evaluation demonstrates that the
proposed intelligent information system achieved stable
analytical performance across predictive, interpretability, and
monitoring dimensions. As presented in Table 7, the integrated
architecture produced a mean RMSE reduction of 12.5% after
incorporating parental engagement variables, while the LSTM
model achieved the strongest predictive performance with
RMSE 495, AUC 0.93, and F1-score 0.89.
Explainability analysis further identified Submission
Timeliness and PAP as dominant contributors with SHAP
values of 0.19 and 0.16 respectively, while the structural
evaluation confirmed that explainability perception
significantly influenced monitoring effectiveness (p = 0.64; R?
= 0.41). These findings indicate that the proposed framework
successfully combines predictive intelligence, interpretability,
and stakeholder-oriented transparency within a scalable
intelligent educational information system architecture.

4.7 Statistical robustness and validation

Statistical robustness and validation refer to the extent to
which the proposed explainable learning analytics framework
produces stable, consistent, and statistically reliable predictive
outcomes across repeated experimental evaluations. In this
study, robustness evaluation was conducted to ensure that the
predictive improvements obtained from integrating parental
engagement indicators were not caused by random variation
or model instability. Consistent with the methodological
configuration presented in Section 3, repeated stratified 5-fold
cross-validation was implemented to evaluate model
consistency while minimizing sampling bias and overfitting
risk within the longitudinal educational dataset. In addition,
statistical validation procedures included paired t-tests,
Wilcoxon signed-rank tests, and Cohen’s effect size analysis
to examine the significance and practical magnitude of
predictive improvements across modelling scenarios.

Table 7. Intelligent information system contribution evaluation

Component Obtained Value Interpretation

RMSE Improvement 12.5% Enhanced predictive consistency
Best RMSE (LSTM) 4.95 Strong trajectory prediction capability

Best AUC (LSTM) 0.93 High discriminatory performance

Best F1-score (LSTM) 0.89 Balanced predictive classification

Submission Timeliness SHAP 0.19 Dominant predictive contributor
Parent Access Pattern SHAP 0.16 Strong parental engagement influence

Explainability Effect () 0.64 Strong transparency impact
Monitoring Effectiveness (R?) 0.41 Moderate explanatory capability

System Architecture

Decision Support Capability High

Five-layer Integrated System

Adaptive intelligent educational framework
Supports proactive educational intervention

Table 8. Statistical robustness and validation results

Validation Component Obtained Value Interpretation
Validation Strategy Repeated Stratified 5-Fold CV Stable repeated evaluation
RMSE Improvement p-value <0.001 Statistically significant
AUC Improvement p-value <0.001 Statistically significant
F1-score Improvement p-value <0.001 Statistically significant
Wilcoxon Signed-Rank (Z) -4.98 Strong robustness confirmation
Wilcoxon p-value <0.001 Significant non-parametric validation
Cohen’s d 0.82 Large practical effect
F1-score Standard Deviation 0.10 Moderate fold variability
AUC Standard Deviation 0.12 Moderate model instability
Statistical Reliability High Consistent predictive improvement

Table 9. Statistical robustness and validation results

Validation Component Obtained Value Interpretation
Validation Strategy Repeated Stratified 5-Fold CV Stable repeated evaluation
RMSE Improvement p-value <0.001 Statistically significant
AUC Improvement p-value <0.001 Statistically significant
F1-score Improvement p-value <0.001 Statistically significant
Wilcoxon Signed-Rank (Z) -4.98 Strong robustness confirmation
Wilcoxon p-value <0.001 Significant non-parametric validation
Cohen’s d 0.82 Large practical effect
F1-score Standard Deviation 0.10 Moderate fold variability
AUC Standard Deviation 0.12 Moderate model instability
Statistical Reliability High Consistent predictive improvement

Within the proposed framework, statistical validation
functions not only as a technical verification procedure but
also as an essential mechanism for ensuring reproducibility
and analytical credibility in educational AI systems. The
integration of cross-validation strategies with inferential
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statistical testing enabled the framework to assess predictive
consistency, classification stability, and practical effectiveness
across multiple experimental conditions. Furthermore, the
inclusion of effect size analysis strengthened interpretation
beyond statistical significance by quantifying the magnitude



of performance improvement associated with parental
engagement integration and explainability mechanisms. This
combination of predictive evaluation and statistical validation
therefore reinforces the reliability of the proposed intelligent
educational information system within trajectory-based
learning analytics environments.

The computational validation results demonstrate that the
proposed framework achieved statistically stable and
practically meaningful predictive improvements across
multiple evaluation metrics. As summarized in Table 8, the
repeated stratified 5-fold cross-validation produced moderate
fold variability with F1-score and AUC standard deviations of
0.10 and 0.12 respectively, indicating acceptable model
consistency throughout repeated evaluation cycles. Statistical
testing further showed that the integration of parental
engagement indicators significantly improved predictive
performance, with paired t-test results yielding p < 0.001
across RMSE, AUC, and Fl-score comparisons. The
Wilcoxon signed-rank test also confirmed robustness with Z =
-4.98 (p < 0.001), while Cohen’s d value of 0.82 indicated a
large practical effect associated with parental engagement
integration. These findings suggest that the predictive
improvements generated by the framework are statistically
reliable and practically meaningful, although broader multi-
institutional validation is still required to strengthen external
generalizability across heterogeneous educational contexts.

5. CONCLUSIONS

This study proposed an explainable learning analytics
framework for Al-driven e-portfolio systems by integrating
longitudinal ~ behavioral interaction data, academic
performance indicators, and computational parental
engagement variables within an intelligent educational
information system architecture. The experimental findings
demonstrate that the proposed framework was capable of
modelling student learning trajectories with relatively strong
predictive capability, particularly through the LSTM
architecture, which achieved the best overall performance with
RMSE =4.95, AUC =0.93, and F1-score = 0.89. These results
indicate that sequential modelling approaches are more
effective for capturing temporally structured educational
behavior and longitudinal academic progression patterns
compared with conventional machine learning models. In
addition, the integration of parental engagement indicators
contributed to a 17.6% reduction in RMSE, confirming that
parental monitoring consistency and engagement behavior

positively influence predictive stability and trajectory
discrimination ~ within  explainable  educational Al
environments.

The explainability evaluation further revealed that

Submission Timeliness (SHAP = 0.19) and PAP (SHAP =
0.16) were the most influential variables contributing to
trajectory prediction outcomes. Students with consistent
parental monitoring behavior (PAP > 0.80) demonstrated an
average predicted academic improvement of approximately
4.2 points compared with students exhibiting inconsistent
parental engagement patterns. Moreover, stakeholder-oriented
validation using PLS-SEM analysis demonstrated that
explainability perception significantly influenced monitoring
effectiveness, producing a path coefficient of f = 0.64 with p
< 0.001 and an explanatory capability of R*> = 0.41. These
findings indicate that explainable predictive outputs not only
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strengthen transparency and interpretability, but also improve
stakeholder confidence and educational monitoring
effectiveness within Al-driven learning environments.

Despite these promising findings, several limitations remain
evident within the current framework. Although the expanded
dataset incorporated educational records from 15 institutions,
some behavioral variables still demonstrated moderate
temporal dependency and limited separation across student
risk categories. Statistical validation also revealed moderate
variability during repeated cross-validation, reflected by F1-
score and AUC standard deviations of 0.10 and 0.12
respectively. Furthermore, the explainability evaluation
primarily focused on transparency perception rather than
direct behavioral verification of intervention effectiveness.
Consequently, the proposed framework should be interpreted
as a robust preliminary contribution toward explainable
trajectory-based learning analytics rather than a fully
generalized predictive architecture applicable across all
educational ecosystems. Future studies should therefore
incorporate broader multi-institutional datasets, multimodal
learning behavior representations, attention-based temporal
architectures, and longitudinal intervention validation to
strengthen scalability, fairness, robustness, and real-world
educational ~ applicability =~ within  diverse  learning
environments.
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NOMENCLATURE

Al Artificial Intelligence

AUC Area Under the Curve

AVE Average Variance Extracted

Ccv Cross-Validation

DSR Design Science Research

EDM Educational Data Mining

EF Engagement Frequency

Fl-score  Harmonic mean of precision and recall

LMS Learning Management System

LA Learning Analytics

LSTM Long Short-Term Memory

PAP Parent Access Pattern

PLS- Partial Least Squares Structural Equation

SEM Modelling

RF Random Forest

RMSE Root Mean Square Error

RQS Reflection Quality Score

SHAP Shapley Additive Explanations

STI Submission Timeliness Index

VIF Variance Inflation Factor

XAl Explainable Artificial Intelligence

XGBoost  Extreme Gradient Boosting

X Actual observed value

X Predicted value generated by the model

n Total number of observations

C Coherence score in reflective assessment

M Metacognitive depth score

D Descriptive elaboration score

B Path coefficient in PLS-SEM analysis

R? Coefficient of determination

P Probability value (statistical significance)

VA Wilcoxon signed-rank test statistic

d Cohen’s effect size value

Greek Symbols

a Learning rate parameter in optimization

process



Path coefficient in PLS-SEM
representing  explainability
monitoring effectiveness
Standard deviation used in model variability
evaluation

Summation operator used in predictive and
statistical formulations

SHAP value contribution of feature iii toward
prediction output

Mean value of predictive performance metrics
Regularization  parameter in  XGBoost
optimization

Model parameter vector in machine learning
optimization

Gradient boosting regularization or learning
adjustment coefficient

Prediction error or residual term

Change or improvement between predictive
modelling scenarios

Correlation strength between explainability
perception and monitoring effectiveness
Weight parameter in feature aggregation
process

Temporal  dependency  parameter  in
longitudinal trajectory modelling
Optimization learning coefficient used in
iterative training

analysis
influence on
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X;
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Er
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ROS;
PAP;

RMSE;

AUC,
F1,
VIF;

Feature value of the iii-th predictor variable
Actual academic achievement value of student
l

Predicted academic achievement value of
student ¢

Time sequence at instructional week i

Hidden state of LSTM at time ¢

Cell state of LSTM at time ¢

Forget gate activation at time ¢

Input gate activation at time ¢

Output gate activation at time ¢

Input vector at time sequence ¢

Parent engagement indicator for participant i
Engagement Frequency variable

Submission Timeliness variable

Reflection Quality Score for student i

Parent Access Pattern for student i
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component

Area Under Curve value for model m
F1-score for predictive model m
Variance Inflation Factor for predictor i
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