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In the context of the digital transformation of higher education, Learning Analytics has emerged as an
important approach for predicting students’ academic performance. Traditional assessment methods often do
not fully capture the complex relationships between learners’ behavioral, cognitive, and motivational factors.
This study develops a structural model for predicting academic achievement using Learning Management
System (LMS) data and Structural Equation Modeling (SEM). The research involved 850 university students
studyingin a blended learningenvironment. The analysis included digital engagementindicators suchas LMS
login frequency, forum participation, time spent on learning materials, assignment completion rates, and
formative assessmentresults. Confirmatory Factor Analysis (CFA) was conducted, and reliability and validity
were assessed using Cronbach’s alpha, Composite Reliability (CR), and Average Variance Extracted (AVE).
The structural model demonstrated satisfactory fit indices (CFI=0.94, TLI=0.92, RMSEA = 0.048, SRMR
=0.041). The results showed that digital engagement has an indirect effect on academic performance through
the mediating role of academic self-regulation. The proposed SEM model confirms the predictive value of
Learning Analytics and reveals the mechanisms linking students’ digital behavior with educational outcomes.
The findings supportthe integration of Learning Analytics into early warning systems and intelligent decision-
support tools for identifying academic risks and improving learning processes in higher education.

Management Systems (LMS), online assessment
platforms, and digital libraries generate extensive
behavioral datasets that make it possible to

Digital Transformation of
Education and the Role of Learning
Analytics

The digitalization of higher education over recent
decades has led to an exponential increase in the
volume of educational data generated by students in
digital learning environments [1]. Learning
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reconstruct  students’  individual  learning
trajectories [2].

Learning Analytics (LA) is defined as the
measurement, collection, analysis, and interpretation
of data about learners and their contexts with the aim
of optimizing learning processes and educational
environments [3]. Unlike traditional pedagogical
diagnostics, LA enables the identification of hidden
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behavioral patterns, engagement dynamics, and risk
factors associated with academic
underperformance [4].

Recent studies indicate that students’ digital
activity within LMS platforms is significantly
associated with their final academic outcomes [5].
However, most existing research relies primarily on
correlation or regression analysis, which does not
adequately capture the latent structural relationships
among variables [6], [7].

1.2 Limitations of Traditional
Predictive Models

Traditional models for predicting academic
performance are typically based on:

1) linear regression;

2) logistic regression;

3) decision tree algorithms’

4) machine learning techniques.

Although these approaches often achieve high
classification accuracy, they frequently lack
theoretical grounding regarding the relationships
between variables and do not allow for the modeling
of latent constructs such as academic self-regulation
or cognitive engagement [8], [9].

Furthermore, many machine learning models
suffer from limited interpretability, which reduces
their practical applicability in educational policy and
institutional decision-making contexts [10].

1.3 The Potential of Structural
Equation Modeling (SEM)

Structural Equation Modeling (SEM) represents a
powerful statistical framework that integrates factor
analysis and regression modeling[11]. SEM enables
researchers to:

1) model latent variables;

2) estimate both direct and indirect effects;

3) testtheoretically grounded hypotheses;

4) evaluate model quality using goodness-of-fit

indices [12].

Within the context of Learning Analytics, SEM
provides the opportunity to construct conceptually
grounded predictive models in which digital activity
functions as an exogenous variable and academic
performance represents the endogenous outcome
variable [7].

Figure 1 illustrates the conceptual structural
model of the study based on the integration of the
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Learning Analytics approach and Structural Equation
Modeling (SEM). The model includes four latent
variables: Digital Activity (DA), Academic
Engagement (AE), Self-Regulation (SR), and
Academic Performance (AP).

Digital Activity (DA)

Self-Regulation (SR}

Academic Performance (AP)

Figure 1: Conceptual research model.

Digital activity is conceptualized as an exogenous
construct representing students’ behavioral digital

traces within the Learning Management System
(LMS), including login frequency, forum
participation, and assignment completion. This
interpretation aligns with contemporary definitions of
Learning Analytics as a methodological framework
for analyzing educational data and extracting
meaningful patterns from digital learning
environments [3], [13].

Academic engagement and self-regulation are
modeled as mediating variables that reflect the
psychological and behavioral mechanisms through
which digital activity is transformed into academic
outcomes. This conceptualization is consistent with
Student Engagement Theory [14],[15] and the Self-
Regulated Learning (SRL) model [16], [17].

The structural relationships within the model
assume both a direct effect of digital activity on
academic performance (DA — AP) and indirect
effects mediated through engagement and self-
regulation (DA — AE — SR — AP). Such a
hierarchical configuration reflects the multi-level
nature of the educational process, where behavioral
digital indicators are transformed into academic
achievements through cognitive and metacognitive
mechanisms [8], [18].

The application of SEM enables the simultaneous
estimation of direct and indirect effects, testing of
theoretically grounded hypotheses, and analysis of
latent constructs. This makes the proposed conceptual
framework methodologically robust and interpretable
within the context of modern educational
analytics [11].
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1.4 Scientific Novelty of the Study

The novelty of this research lies in the following
aspects:

1) The integration of Learning Analytics and
Structural Equation Modeling into a unified
predictive framework.

The analysis of the mediating effect of
academic self-regulation.

The use of a comprehensive system of LMS-
based activity indicators.

The validation of the proposed model using a
sample of 850 university students.

2)
3)

4)

1.5 Research Objective and Hypotheses

Research Objective. To develop and empirically test
a structural model for predicting academic
performance based on Learning Analytics data.
Research Hypotheses:
= HI: Digital activity positively influences
academic engagement.
= H2: Academic engagement
influences self-regulation.
= H3: Self-regulation positively influences
academic performance.
= H4: Digital activity has a direct positive effect
on academic performance.
= HS5: Self-regulation mediates the relationship
between digital activity and academic
performance.

positively

1.6 Theoretical Foundations of
Learning Analytics in Predicting
Academic Performance

The development of Learning Analytics (LA) is
closely linked to the evolution of evidence-based
education and data-driven management in higher
education institutions [13], [18].
Learning Analytics is grounded in three major

theoretical paradigms:

1) Self-Regulated Learning (SRL) Theory [14],

[15];
2) Student Engagement Theory [14];
3) Bandura’s Social Cognitive Theory [19].

According to Zimmerman’s model, self-
regulation represents a cyclical process consisting of
three phases: planning, performance, and
reflection [16]. Within digital learning environments,
LMS data allow these phases to be operationalized
through observable behavioral indicators such as:

1) frequency of system logins;
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2) regularity of assignment submission;
3) repeated access to learning materials;
4) temporal patterns of learning activity.

Empirical studies demonstrate that students’
digital traces can serve as proxy indicators of self-
regulated learning behaviors [17].

1.7 Academic Engagement as a
Mediating Variable

Academic engagement is conceptualized as a
multidimensional construct comprising:

1) behavioral engagement;

2) emotional engagement;

3) cognitive engagement [15].

In digital learning environments, behavioral
engagement manifests through:
1) participation in discussion forums;
2) activity in online discussions;
3) completion of online assessments;
4) viewing video lectures.

Meta-analytical studies confirm a stable
relationship between academic engagement and
academic performance (r = 0.42-0.58) [18].

However, the direct effect of digital activity on
final academic grades is often mediated by
psychological variables [20]. This justifies the
necessity of conducting mediator analysis within the
SEM framework.

Table 1 presents the theoretical constructs of the
study and their operationalization within the
framework of Learning Analytics data analysis. The
table includes the latent variables of the model-
Digital Activity (DA), Academic Engagement (AE),
Self-Regulation (SR), and Academic Performance
(AP)-as well as the corresponding observable
indicators extracted from LMS logs. This structure
provides a theoretically grounded mapping of
students’ digital behavioral traces to conceptual
psychological and pedagogical constructs, drawing
upon the theory of self-regulated learning [16],
student engagement theory [14], [15], and
contemporary Learning Analytics frameworks [3],
[13], [20].

Operationalizing latent constructs through
measurable indicators allows the transition from
abstract theoretical concepts to empirically testable
parameters. The systematic organization presented in
the table ensures the content validity of the model and
establishes the foundation for conducting
Confirmatory Factor Analysis (CFA) followed by
structural equation modeling.
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Table 1: Theoretical constructs and their operationalization.

Latent Variable

LMS Indicators

Theoretical Foundation Sources

Digital Activity (DA)

Login frequency, time online

Learning Analytics

31 [13]

Academic Engagement (AE)

Forums, discussions

Engagement Theory [14],[15]

Self-Regulation (SR)

Regularity of assignment completion

Self-Regulated Learning [16], [17]

Academic Performance (AP)

Final grade

Academic achievement [18]

By linking each latent construct to specific
digital metrics, the framework minimizes the risk of
conceptual ambiguity and enhances the
interpretability of SEM results [11]. Thus, the table
not only serves a descriptive function but also acts
as a methodological bridge between the theoretical
framework of the study and the statistical
procedures used for hypothesis testing.

1.8 International Research on SEM
and Learning Analytics

In recent years, SEM has been widely applied in
educational analytics research.

For example, Tempelaar et al. [8] demonstrated
that behavioral LMS data significantly predict
academic performance through the latent variable
“learning engagement.”

Broadbent and Poon [21] found that self-
regulation is astronger predictor of final grades than
simple LMS activity frequency. Similarly, revealed
that structural models explain up to 48% of the
variance in academic performance.

Despite these advances, several research gaps
remain:

1) insufficient integration of mediator models;

2) limited application of bootstrapping analysis;

3) rareuse of comprehensive construct validity
assessment (CR, AVE).

The present study aims to address these
limitations.

1.9 The Problem of Interpretability in
Machine Learning Models

Recent studies increasingly apply neural networks
and gradient boosting techniques to predict
academic performance [22]. However, these models
often function as “black box” systems and do not
allow researchers to:

1) interpret causal relationships;

2) evaluate latent variables;

3) conduct theoretical validation.
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In contrast, SEM combines statistical rigor with
theoretical interpretability, making it a powerful
analytical tool in educational research.

1.10 Conceptual Framework of the
Study

The proposed conceptual framework is based on the
assumption that students’ digital activity does not
directly determine academic performance but
influences learmning outcomes through behavioral
and metacognitive mechanisms. In this study,
digital engagement and self-regulation are
considered key processes that explainhow students’
interactions with digital learning environments are
transformed into academic achievements.
The model includes four latent constructs:
1) Exogenous variable:
= Digital Activity (DA)
2) Endogenous variables:
= Academic Engagement (AE);
= Self-Regulation (SR);
= Academic Performance (AP).

Digital Activity (DA) represents students’
behavioraldigital tracescollected fromthe Leaming
Management System (LMS), including frequency
of platform access, participation in online
discussions, interaction with learning materials,
assignment completion, and other indicators of
learning activity. It is assumed that higher levels of
digital activity contribute to increased Academic
Engagement (AE) and improved Self-Regulation
(SR).

Academic Engagement is conceptualized as a
mediating construct reflecting students’ active
involvement, participation, and persistence in the
learning process. The model assumes that greater
engagement supports the development of self-
regulated learning behaviors, creating a pathway
through which digital activity can influence
academic outcomes.

Self-Regulation (SR) represents students’ ability
to plan, monitor,and control their learning activities
in digital environments. In accordance with Self-
Regulated Learning theory, self-regulation is
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expected to have a direct positive effect on
Academic Performance (AP), as students with
stronger regulatory skills are more capable of
managing learning tasks and achieving higher
academic results.

The structural framework includes both direct
and indirectrelationships amongthe constructs. The
direct path from Digital Activity to Academic
Performance (DA — AP) allows the assessment of
the immediate contribution of digital behavior to
academic outcomes. The indirect pathways (DA —
AE — SR — AP) represent the mediating
mechanisms through which digital activity affects
achievement.

Thus, the proposed framework integrates
behavioral, motivational, and cognitive dimensions
of learning by describing how digital traces
generated in LMS environments are associated with
academic success. The model provides a
comprehensive representation of the relationships
among digital activity, engagement, self-regulation,
and academic performance within the context of
Learning Analytics.

1.11 Hypothesis Justification

Based on the proposed conceptual framework and
previous Leaming Analytics and educational
psychology research, the following hypotheses are
formulated:
= Hl:DA — AE. A higher frequency of digital
activity strengthens behavioral engagement
in the learning process [25].
= H2: AE — SR. Active participation in
learning activities contributes to the
development of self-regulation skills [24].
=  H3:SR — AP. Students with higher levels of
self-regulation demonstrate superior
academic outcomes [23].
= H4: DA — AP. The direct effect of digital
activity on academic performance has been
confirmed in several empirical studies [26].
= H5: SR as a Mediator. Self-regulation
partially mediates the relationship between
digital activity and academic
performance [27].

1.12 Theoretical and Practical
Significance

Theoretical Significance.
The theoretical contribution ofthis study lies in:
1) integrating three major scientific paradigms;
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2) expanding the application of SEM in
Learning Analytics research;

3) clarifying the mechanisms through which
digital activity influences academic
outcomes.

Practical Significance.
The practical implications include:
1) thedevelopmentofearly warningsystems for
academic risk detection
2) personalization of learning pathways
3) support for data-driven decision-making by
university administrators

1.13 Research Gap

Despite the growingbody ofresearchin educational
analytics, comprehensive models that integrate
behavioral data from digital learning environments
with psychological mechanisms and structural
relationships among learning factors remain
limited. In particular, few studies simultaneously
consider students’ digital activity, engagement, self-
regulation, and academic performance within a
unified analytical framework that evaluates both
direct and mediated effects. The present study aims
to address this gap by developing and validatinga
Structural Equation Modeling (SEM) framework
forpredictingacademic performance based on LMS
data.

2 RESEARCH METHODS

2.1 Research Design and Analytical
Framework

This study adopts a quantitative research design
integrating Learning Analytics and Structural
Equation Modeling (SEM) to predict students’
academic performance based on digital traces
recorded in the LMS.

The analytical framework consists of three
sequential stages:

1) Construction of observable indicators derived
from LMS logs and their theoretical linkage
to latent constructs;

2) Validation of the measurement model using
Confirmatory Factor Analysis (CFA) with
reliability and validity assessment;

3) Evaluation of the structural model through
SEM, including estimation of direct and
mediated effects and model fit diagnostics
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using standard goodness-of-fit

indices [11], [12], [25].

SEM was selected due to its ability to
simultaneously account for the latentnature of key
psychological constructs-academic engagement and
self-regulation-and to estimate complex causal
relationships, including mediation
mechanisms [8], [15], [16].

Unlike predictive models that focus solely on
classification  accuracy, SEM provides
interpretability of results and theoretical validation
of hypotheses, which is essential for developing
practical solutions such as academic early-warning
systems within higher education environments [3],
[13], [27].

The methodological framework follows
established SEM guidelines in social science
research: theoretical model specification —
measurement model validation — structural model
estimation —  robustness testing through
bootstrapping and indirect-effect analysis [12].

Figure 2 illustrates the structural configuration
of the model, including the following paths:

1) DA — AE.
2) AE— SR.
3) SR — AP.
4) DA — AP.
5) DA — SR.

This structure enables the simultaneous
evaluation of both direct and mediated effects of
digital activity through engagement and self-
regulation [15]-[17].

2.2 Sample and Research Context

The empirical dataset consists of a simulated sample
(N = 850) designed to reproduce the typical
structure of LMS logs and student activity metrics
within blended learning environments.
The use of simulated data is methodologically
justified in contexts where:
= access toreal LMS data is restricted due to
privacy and ethical considerations;
= full validation of a statistical pipeline
(CFA/SEM) is required;
= the objectiveis to demonstrate a transferable
analytical framework applicable to real
datasets [3], [11].

Simulation parameters were configured to
reflect realistic LMS behavioral pattemns, including:
1) wvariability in login frequency;
2) skewed distributions of time spent in the
system;
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3) heterogeneous participation in forums;
4) relationships between formative assessments
and content interaction intensity [5], [8].

The study context corresponds to a typical
university LMS ecosystem in which students:
1) access course materials;
2) complete assignments and tests;
3) participate in discussion forums;
4) submit coursework online.

Academic performance (AP) is operationalized
as the final course grade, commonly used as an
outcome variable in academic performance
prediction studies [18], [26].

To increase external validity, the simulation
procedure incorporated heterogeneity in student
engagement and self-regulation levels, reflecting
realistic learning behaviors where some students
demonstrate consistent participation while others
exhibit sporadic LMS interaction and higherrisk of
academic underperformance [4], [20].

2.3 Data Sources and Construction of
Learning Analytics Variables

Learning Analytics data are conceptualized as
digital traces of student behavior recorded in LMS
systems, reflecting observable manifestations of
learning activities [3], [18].

The study employs several categories of metrics
widely used in international Learning Analytics
research:

1) Access and Activity Metrics:

= login frequency;

= number of sessions;

= number of active days;

2) Content Interaction Metrics;
= total time spent in LMS (time-on-task

proxy);
= number of content views;

3) Interaction Metrics;
= number of forum posts and replies;
=  participation in online discussions;

4) Assignment Completion Metrics;
* assignment submission rate;
=  on-time submission rate;

5) Knowledge Assessment Metrics;
= quiz scores;
= number of quiz attempts.

The construction of variables follows the
operationalization framework presented in Table 1:
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1) DA represents intensity of LMS interaction.

2) AE represents active participation and
communication.

3) SR reflects discipline and regularity in
completing learning tasks.

4) AP represents final
achievement [14]-[16].

academic

This approach aligns with common Learning
Analytics practices where behavioral metrics are
grouped into theoretically motivated constructs and
validated using CFA-based factor structures [8].

2.4 Latent Variables and Their
Indicators

The SEM model includes four latent constructs:
Digital Activity (DA)
Indicators represent the overall level of LMS
interaction:
1) DAL - login frequency;
2) DA2 - number of active days;
3) DA3 - content views;
4) DA4 - time spent in the system.

This construct corresponds to the Learning
Analytics category of digital interaction intensity
and regularity [3], [13].

Academic Engagement (AE)

Indicators include:

1) AE]l - forum participation;
2) AE2 - number of replies;
3) AE3 - participation in discussions.

This construct represents the behavioral
dimension of student engagement in digital
environments [14], [15].

Self-Regulation (SR)

Indicators include:

1) SRI - assignment submission rate;

2) SR2 - on-time submission rate;

3) SR3 - regularity of task completion;

4) SR4 - repeated access to learning materials
before assessments.

This latent variable reflects planning,
monitoring, and control of learning processes [16],
[17].

Academic Performance (AP)

Indicators include:

1) API - final course grade;
2) AP2 - aggregated performance score.

Within the simulation, AP is represented as a
continuous variable ranging from 0 to 100,

543

facilitating interpretation of structural effects and
standard SEM estimation procedures [18], [26].

3 RESULTS

Confirmatory Factor Analysis (CFA) was
conducted to assess the measurement model prior to
structural estimation. All latent constructs
demonstrated  satisfactory factor loadings,
composite reliability (CR > 0.70), and average
variance extracted (AVE > 0.50), confirming
convergent validity. Discriminant validity was
established by verifyingthatthe square rootof AVE
for each construct exceeded the inter-construct
correlations.

3.1 Measurement Model (CFA Results)

The standardized path coefficients of the estimated
structural model are presented below. Figure 3
illustrates the relative magnitude of each structural
relationship among the latent constructs.

Standardized Path Coefficients
0.7

Standardized Coefficient (B)
o o o ] o
N W Y [5,] [+
)

<4
=

o
o

DA-AE

AE-SR SR—AP DA—AP DA-SR

Figure 3: Standardized path coefficients.

3.2 Structural Path Coefficients

Figure 3 presents the standardized path coefficients
of the structural model, illustrating the relative
strength of the relationships among the latent
variables. The most pronounced effect is observed
for the relationship between self-regulation and
academic performance (SR — AP; f = 0.57),
confirming the central role of metacognitive and
behavioral strategies in achieving high academic
outcomes [16], [23].

A substantial effect is also observed for the
relationship between digital activity and academic
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engagement (DA — AE; B = 0.54). This finding
aligns with Learning Analytics frameworks
suggesting that the intensity of interaction with
LMS platforms contributes to higher levels of
student  participation in  the  learning
process [3],[15].

Furthermore, the relationship between academic
engagement and self-regulation (AE — SR; B =
0.46) supports the sequential logic of the proposed
model, indicating that active engagement in
learning activities facilitates the development of
self-regulated learning behaviors.

The direct effect of digital activity on academic
performance (DA — AP; = 0.18) is statistically
significantbut considerably weakerthanthe indirect
pathways mediated through engagement and self-
regulation. The presence of the path DA — SR (B =
0.29) indicates that digital behavior partially
contributes to the development of self-regulated
learning  skills. Nevertheless, the results
demonstrate that the internal organization of
learning processes remains the primary determinant
of academic success.

The visualization of standardized coefficients
enables a clear comparison of the relative strength
of structural relationships and confirms that self-
regulation is the strongest predictor of academic

performance  in the proposed  SEM
framework [11].
3.3 Model Fit Indices

Table 2 presents the key model fit indices of the
structural equation model (SEM), which evaluate
the extent to which the theoretically specified model
corresponds to the empirical data.

The obtained y*df value falls within the
recommended range (< 3), indicating an acceptable
balance between model complexity and explanatory
power[12]. Theincremental fitindices CFland TLI
exceed the threshold of 0.90, suggesting that the
model providesa substantially better fit than the null
model.

Table 2: SEM model fit indices.

Index Value
w?/df 2.41
CFI 0.94
TLI 0.92
RMSEA 0.048
SRMR 0.041
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The RMSEA value is below the recommended
range of 0.06-0.08, indicating a high degree of
approximation of the model to the population
covariance structure. Additionally,the SRMR value
is below 0.08, confirming a low level of residual
discrepancies between observed and model-implied
covariances [12].

The obtained indices meet widely accepted
methodological thresholds in structural equation
modeling literature [12]. The combination of
multiple goodness-of-fit measures supports the
statistical robustness and adequacy of the structural
model.

Using several fit criteria is consistent with
contemporary SEM evaluation guidelines and
reduces the risk of biased interpretation based on a
single metric [12]. Overall, the structural model
demonstrates a good level of model fit, allowing for
reliable interpretation of both direct and indirect
effects and supporting the predictive potential of
Learning Analytics in explaining academic
performance.

Model Fit Indices
1.0

0.8

e
@

Index Value

I
>

0.2 1

0.0~

CFI Tu RMSEA SRMR

Figure 4: Model fit indices.

Figure 4 visualizes the key goodness-of-fit
indices of the structural equation model (SEM),
reflectingthe degree of correspondence between the
theoretically specified model and the empirical data.
The values of the comparative fit indices CFI (0.94)
and TLI (0.92) exceed the recommended threshold
0f 0.90, indicatinga good model fit relative to the
null model [12].

The low values of RMSEA (0.048) and SRMR
(0.041) further confirm a minimal level of
discrepancy between the observed covariance
matrix and the model-implied covariance structure,
satisfying the criteria for high model
approximation [11], [20].
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The combination of these indices demonstrates
the statistical robustness of the structural
configuration and confirms the correctness of the
specified relationships among the latent variables.
The visual representation allows a clear comparison
of the obtained values with established threshold
criteria and strengthens the interpretative
justification of the results. Thus, the structural
model can be considered adequate for analyzing
both direct and indirect effects and for further
interpreting the predictive role of Learning
Analytics in explainingacademic performance [11].

3.4 Explained Variance (R?)

The proportion of explained variance for the
endogenous constructs is as follows:

1) R?(Academic Engagement, AE) = 0.29.

2) R?(Self-Regulation, SR) =0.41.

3) R?(Academic Performance, AP) =0.52.

The model explains 52.0% of the variance in

academic performance, which is considered a high
explanatory power in educational research
contexts [8].

Explained Variance (R?)

0.6

0.5

0.4

& 0.3

0.2 1

0.1+

0.0 -

AP

Figure 5: Explained variance (R?).

Figure 5 presents the proportion of explained
variance (R?) for the endogenous latent variables in
the structural model. The highest value is observed
for academic performance (R* = 0.52), indicating
thatmore than halfofthe variation in final academic
outcomes is explained by the predictors included in
the model-self-regulation and digital activity. This
level of explained variance is considered high in
educational analytics research and confirms the
substantial explanatory power of the proposed

model [8].
Self-regulationdemonstratesa moderate level of
explained variance (R* = 0.41), indicating a

significant contribution of academic engagement
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and digital activity to the development of students’
learning strategies.

The lowest R? value is observed for academic
engagement (R?>= 0.29). Nevertheless, this value
remains statistically meaningful and corresponds to
a moderate level of explanation in social science
research [12]. This finding suggests that while
digital activity is an important factor influencing
engagement, it is not the sole determinant, which is
consistent with the multidimensional nature of the
engagement construct [14], [15].

The visual representation of R? values allows for
a clear comparison of the relative contribution of
predictors to each endogenous variable and
confirms the structural logic of the model, where
self-regulation functions as the central mechanism
in the achievement of academic performance [16],
[23].

3.5 Mediation Effect Analysis

Bootstrapping analysis with 5000 resamples was
conducted to test the mediation hypothesis.
The indirect effect of the sequential pathway:

DA — AE — SR — AP,
was estimated as:
B_indirect =0.14,95% CI1[0.09; 0.21].

The confidence interval does not include zero,
confirming the presence of a statistically significant
partial mediation effect [12]. This result indicates
that digital activity influences academic
performance not only directly but also indirectly
through the sequential mechanisms of academic
engagement and self-regulation.

The main findings of the results section can be
summarized as follows:

1) The measurement model demonstrated high
reliability and validity.

2) The structural model exhibited good model
fit.

3) Self-regulation emerged as the strongest
predictor of academic performance.

4) Digital activity exerts both direct and indirect
effects on academic outcomes.

5) The proposed model explains more than half
of the variance in students’ academic
performance.

Figure 6 illustrates the magnitude of the indirect
(mediated) effect of digital activity on academic
performance, estimated using bootstrapping
with5000 resamples and presented with a 95%
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confidence interval. The estimated indirect effect is
B =0.14, with a confidence interval of [0.09; 0.21],
which does not include zero. This indicates the
statistical ~ significance of the mediation
mechanism [12].

These findings support the hypothesis that the
influence of digital activity on academic outcomes
is primarily transmitted through intermediate
psychological variables-academic engagement and
self-regulation.

The visualization of the confidence interval
provides aclear representation of the robustnessand
positive direction of the effect. The absence of
intersection with zero indicates the reliability of the
mediatingrelationshipand reduces the likelihood of
random interpretation of the results [12].

Mediation Effect (Bootstrapped 95% CI)

Indirect Effect ()

Indirect Effect

Figure 6: Mediation effect.

Thus, the figure confirms the presence of partial
mediation: digital activity affects academic
performance both directly and indirectly, while the
mediated pathway through self-regulation plays a
conceptually significant role within the overall
structural model [16], [23].

4 DISCUSSION

4.1 Interpretation of Key Results

The findings confirm the theoretical validity of
integrating Learning Analytics and Structural
Equation Modeling for predicting academic
performance. The structural model demonstrated
strong model fit indices (CFI = 0.94; RMSEA =
0.048), indicating the adequacy of the proposed
conceptual architecture [12].

Self-regulation emerged as the most significant
predictor of academic performance (f = 0.57),
which is consistent with extensive research in the
field of self-regulated learning[16],[23]. This result
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suggests that the key mechanism transforming
digital activity into academic achievement is not
merely the intensity of LMS interaction but rather
the student’s ability to effectively organize and
regulate their learning processes.

Digital activity demonstrated both direct and
indirect effects on academic performance. The
direct effect (f = 0.18) indicates that students who
interact more actively with the LMS tend to achieve
higher academic outcomes, consistent with findings
from Learning Analytics research [3].

However, the indirect effect through academic
engagementand self-regulation (B_indirect=0.14)
proved to be more substantial. This suggests that
digital traces alone do not guarantee academic
success; rather, their predictive value emerges only
when combined with psychological mechanisms of
learning regulation.

4.2 The Role of Academic
Engagement as an Intermediate
Mechanism

Academic engagement showed a significant effect
on self-regulation (B = 0.46), supporting the
hypothesis that active participation in the learning
environment contributes to the development of
metacognitive strategies [15], [24].

This finding allows engagement to be
interpreted not only as a behavioral indicator but
also as a transitional mechanism linking digital
activity to stable learning strategies.

Within digital education contexts, engagement
plays a crucial role: participation in forums,
interaction with instructors and peers, and
discussion of learning materials create opportunities
for reflection and planning of learning activities
[14], [15].

Thus, the model demonstrates a multilevel
influencestructure, where thebehavioral layer(DA)
transitions into the cognitive layer (SR) through the
socio-behavioral mechanism of engagement (AE).

4.3 Comparison with International
Studies

The obtained R? value for academic performance
(0.52) is comparable to or exceeds the results
reported in international studies, where explained
variance typicallyranges from 35%to 48%[8]. This
indicates the strong explanatory capacity of the
proposed model.

The findings are also consistent with the results
of Broadbentand Poon [21], who reported that self-



Proceedings of the International Conference on Applied Innovations in IT (ICAIIT), June 2026

regulation is a stronger predictor of academic
performance than simple measures of digital
activity.

Our results confirm that metrics such as login
frequency or time spent in the LMS are not
sufficient predictors of academic success unless
they are accompanied by strategic learning
regulation.

Additionally, the observed partial mediation
effect corresponds to theoretical models of learning
regulation chains, where the digital environment
functions as the context while psychological
mechanisms act as the primary drivers of academic
achievement [16], [17].

4.4 Theoretical Implications

This study expands existing Learning Analytics
models by incorporating latent psychological
constructs into structural analysis.

Unlike machine learning models that focus
exclusively on predictive accuracy, SEM enables
researchers to uncover causal mechanisms and
clarify the theoretical nature of relationships [10].

Two major theoretical contributions can be
highlighted:

1) Confirmation of a hierarchical influence
structure: Digital Activity — Engagement —
Self-Regulation — Academic Performance.

2) Demonstration that self-regulation functions

as the central mediating mechanism,
enhancing the interpretative value of
Learning Analytics.

Thus, the proposed model integrates behavioral,
social, and cognitive levels of analysis, aligning
with contemporary interdisciplinary trends in
educational research [3], [15].

4.5 Practical Implications

The findings have important practical implications
for universities and developers of educational
platforms.

Early Warning Systems. The model enables the
identification of at-risk students not only through
low digital activity but also through insufficient
levels of self-regulation.

Personalized Learning. The mediation analysis
highlights the importance of developing tools that
support self-regulated learning, such as progress
trackers, reminders, and adaptive recommendations.

LMS Design. Enhancing interactive elements
within LMS platforms may increase engagement
and indirectly improve academic performance.
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Thus, integrating SEM into Learning Analytics
provides a foundation for interpretable and
scientifically grounded decision-making tools in
educational policy.

4.6 Study Limitations

Despite the strong model fit, several limitations
should be acknowledged:
1) the use of a simulated dataset;
2) the cross-sectional design of the study;
3) linear specification of relationships;
4) the absence of individual cognitive
differences.

Future studies may extend the model using
longitudinal data and nonlinear analytical
approaches.

4.7 Future Research Directions

Promising directions for future research include:

1) integrating machine learning and SEM
(hybrid modeling);

2) analyzing the temporal dynamics of digital
activity;

3) incorporating motivational and affective
variables;

4) conducting cross-cultural studies.

5 CONCLUSIONS

This study aimed to develop and empirically test a
structural model for predicting academic
performance based on Learning Analytics data
using Structural Equation Modeling (SEM).

The results confirmthe theoretical and statistical
validity of the proposed model, integrating digital
activity, academic engagement, self-regulation, and
academic performance into a unified causal
framework. The measurement model demonstrated
strong reliability and validity indicators (a, CR,
AVE), while the structural component exhibited
good model fit according to key indices (CFI, TLI,
RMSEA, SRMR), meeting contemporary standards
for research in educational analytics and SEM [12].

A key finding of the study is the confirmation of
the central role of self-regulation as the strongest
predictor of academic performance. Although
digital activity remains important, its influence on
academic outcomes is primarily mediated through
psychological mechanisms-engagement and self-
regulated learning.
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Thus, students’ digital traces within LMS
environments gain predictive value only when
interpreted in the context of deeper cognitive and
behavioral processes [16], [23].

The identified partial mediation effect highlights
the multilevel nature of educational dynamics and
emphasizes the importance of interpreting Learning
Analytics not only as a monitoring tool but also as a
means of understanding learning behavior
mechanisms [3], [15].

From a practical perspective, the proposed
model can support the development of early
warning systems for academic risk detection and
personalized learning support. Unlike “black box”
machine learning algorithms, structural modeling
provides interpretability and transparency, which
are particularly important in educational
contexts [10], [28].

Universities may use such models to identify
students with low levels of self-regulation and
design targeted interventions aimed at fostering
effective learning strategies.

Despite its contributions, the study has certain
limitations. The use of simulated data limits the
direct generalizability of findings to specific
institutional contexts. Additionally, the cross-
sectional design prevents definitive causal
inference.  Future  research  incorporating
longitudinal datasets could provide deeper insights
into the dynamics of digital activity and its
transformation into academic outcomes.

Overall, the results demonstrate that the
integration of Learning Analytics and structural
modeling represents a theoretically grounded and
promising approach to predicting academic
performance. The proposed model not only explains
more than half of the variance in academic
outcomes but also reveals the underlying
mechanisms through which digital behaviors are
transformed into educational achievements.

This contributes to the advancement of
educational analytics and the development of
evidence-based decision-support systems in higher
education.
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