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Abstract—The transition to blended learning presents
significant benefits but also poses challenges in maintaining
student participation, particularly for highly normative
courses. This study investigates the determinants of student
learning engagement in National Defense and Security
Education within a blended learning framework. Quantitative
data were collected from 423 university students in Vietnam. To
rigorously examine both direct and mediating structural
relationships, data were analyzed utilizing Structural Equation
Modeling (SEM). The empirical findings demonstrate that
online system quality, instructor support, and learner
interaction exert significant positive effects on both intrinsic
motivation and learning engagement. Notably, the practical
nature of the instructional content does not directly drive
engagement behavior; instead, its effect is fully mediated by
intrinsic learning motivation. These results offer crucial
empirical evidence highlighting the indispensable role of
self-driven motivation in sustaining student engagement.
Consequently, this research provides valuable empirical
insights for higher education institutions to optimize their
technological platforms and refine pedagogical strategies,
ultimately enhancing the training quality of specialized
disciplines in digital learning environments.

Keywords—blended learning, intrinsic motivation, learning
engagement, national defense and security education, structural
equation modeling

I. INTRODUCTION

The rapid development of information technology has
been a key driver of digital transformation in higher
education [1, 2]. In this context, blended learning is a popular
pedagogical approach [3, 4]. Recent studies indicate that this
model is adaptable and facilitates learner interaction [5]. In
digital learning ecosystems, student learning engagement is a
measure of educational quality and outcomes [6]. This
engagement is usually influenced by the quality of the
technological platforms, the style of instruction, and the
content delivered. Although blended learning has been
widely implemented, prior studies have primarily assessed
learner engagement in voluntary or core academic fields.

However, there is still a theoretical and empirical gap in
the engagement mechanisms in mandatory (or normative)
contexts, such as National Defense and Security Education
(NDSE) in Vietnam [7]. NDSE is a pedagogical paradox as it
needs to integrate and harmonize normative political theory
and real-world military practice. Given this context,
transitioning to a blended format is a challenging endeavor.
The digital space can dilute the collective discipline of
military training, and theoretical modules often lack
pedagogical depth, resulting in cognitive overload and
student passivity [8]. Transitioning this instructional process
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to a blended format may alter how technology and pedagogy
influence student behavior. This creates a paradox in teaching
NDSE: while it demands a team effort and strict compliance,
the online environment emphasizes autonomy and
flexibility [9]. Without direct supervision in digital spaces,
the disciplined nature of military life becomes absent.

Therefore, understanding the psychological drivers behind
student engagement in NDSE is a critical theoretical
imperative. The traditional models of learning in NDSE may
not be able to describe the process. Therefore, to address this
gap in the literature, this study investigates intrinsic learning
motivation as the mediating mechanism. Therefore, the
objective of this study is to build and empirically validate a
structural model that analyzes the drivers of student learning
engagement in NDSE. By analyzing the direct and mediating
mechanisms via Structural Equation Modeling (SEM), this
research aims to shift the focus from technological adoption
to an understanding of psychological motivation.

II. LITERATURE REVIEW

A. Multidimensional Learning Engagement and the

Overarching Theoretical Framework

Based on the concepts of previous works, this study
defines student Learning Engagement (LE) as a
multi-dimensional composite that involves behavioral
participation and cognitive focus [10, 11]. Early e-learning
studies used login frequency, but as later research has shown,
that does not reflect learning quality [12]. Contemporary
perspectives emphasize deeper psychological and cognitive
engagement [13]. For normative subjects, such as NDSE,
engagement has to be sustained by technological and
pedagogical interventions as well [14].

To understand the foundations of this engagement in
theory, we rely on Self-Determination Theory (SDT) [15].
SDT suggests that intrinsic Learning Motivation (LM) is
formed when three basic psychological needs are fulfilled:
autonomy, competence, and relatedness [16, 17]. As such,
intrinsic motivation is the mechanism to convert the external
instructional and technological stimuli and their impact into
learning behavior [18]. According to SDT, sustainable
learning engagement is achieved only when external
influences (technological systems or support from teachers)
meet three basic psychological needs of autonomy,
competence, and relatedness [19]. In a blended learning
system, a stable Learning Management System (LMS)
enhances students’ sense of technological competence, and
interaction with instructors and peers enhances their sense of
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“relatedness”. On the contrary, when these needs are met,
external stimuli are internalized into intrinsic motivation and
then lead to deep engagement behaviors and not just
superficial compliance.

H9: Intrinsic learning motivation has a positive impact on
students’ learning engagement.

B. Online System Quality (SQ)

System quality is a technological boundary of the blended
learning ecosystem [20]. Initial studies found that stability
and access speed are essential for user adoption. Modern
Learning Management Systems (LMS) have user-friendly
interfaces and cross-device support. From the SDT
perspective, an optimal LMS minimizes technical friction
and provides students the autonomy to do their own
work [21]. This psychological comfort is a source of intrinsic
motivation and a force for engagement.

H1: Online system quality exerts a positive effect on
intrinsic learning motivation.

HS: Online system quality exerts a positive effect on
learning engagement.

C. Instructor Support (ISP) and Learner Interaction (LI)

The social aspects of blended learning are studied through
the Community of Inquiry (Col) model and Social
Constructivism [22, 23]. ISP and LI are in line with the Col’s
concept of “teaching presence”: the instructor has the ability
to design and direct the digital space and to communicate and
provide psychological support. Learner Interaction (LI)
combines “social and cognitive presence” and takes us from
passive forum reading to collective knowledge
formation [24]. ISP and LI are fulfilling the SDT requirement
for relatedness. Social interaction and instructor support are
evidence of motivation and behavior.

H2: Instructor support and presence have a positive impact
on intrinsic learning motivation.

H3: Learner interaction has a positive impact on intrinsic
learning motivation.

H6: Instructor support and presence have a positive impact
on learning engagement.

H7: Learner interaction has a positive impact on learning
engagement.

D. Content Practicality (CP) in Specialized Contexts and
the Mediating Role of Motivation

According to the Andragogy theory, adult learners are
more involved if they see the practical application of their
knowledge [25]. Historically, digital learning content was
merely an electronic version of traditional textbooks. Content
Practicality (CP) is, in fact, the perceived practical value of
the material [26]. Content in normative courses like NDSE
must be relevant to real-world practices and contemporary
contexts. If students feel that the content can be applied in
practice, they have a greater sense of intrinsic motivation and
connection to the subject.

Intrinsic learning motivation is the desire to be able to
explore and work in the direction of learning and
self-advancement. Grounded in Self-Determination Theory,
intrinsic motivation flourishes when an educational
environment effectively satisfies learners’ fundamental
psychological needs for autonomy, competence, and

relatedness. Motivation is the mediating factor. If
technological systems or instructional content do not
translate into self-directed motivation, then students may be
less motivated to take mandatory courses [27]. Thus, this
study suggests that intrinsic learning motivation is the link
between learning environment factors, such as content
practicality, and student engagement levels.

H4: Content practicality exerts a positive effect on
intrinsic learning motivation.

HS8: Content practicality exerts a positive effect on
learning engagement.

H9: Intrinsic learning motivation has a positive impact on
students’ learning engagement.

To synthesize the theoretical arguments and proposed
hypotheses, the comprehensive conceptual framework of this
study is visually presented in Fig. 1.

Online System Quality HI
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Fig. 1. Conceptual model diagram.
III. MATERIALS AND METHODS

A. Participants and Data Collection Procedure

A convenience sampling approach was utilized to recruit
undergraduate students enrolled in blended NDSE courses in
Vietnam. Survey invitations were sent online through the
official Learning Management System (LMS) to nearly 500
students enrolled. A total of 452 responses were received,
with an initial response rate of 90.4%. After screening for
missing or unengaged answers, 423 valid questionnaires
were retained for formal analysis. A widely accepted
methodological guideline for Structural Equation Modeling
(SEM) recommends maintaining a minimum sample size of 5
to 10 observations per measured variable [28]. Given the 24
observable items, a sample size of N =423 is highly adequate
to ensure statistical robustness. The sample consisted of 191
males (45.2%) and 232 females (54.8%). The majority of
students were freshmen (41.1%), sophomores (29.8%),
juniors (17.7%), and seniors (11.3%). The sample
composition is also in line with the curriculum structure of
universities where NDSE is typically implemented in the first
year of university education.

B. Measurement Instruments

The measurement instruments were built using and
adapting validated scales from international empirical studies.
The questionnaire items were translated and used to reflect
the NDSE course. A pilot study was performed prior to a
formal survey to ensure linguistic equivalence and
conceptual clarity. The formal survey was conducted using
24 observable items: Online System Quality (SQ-4 items),
Instructor Support and Presence (ISP-4 items), Learner
Interaction (LI-4 items), Content Practicality (CP-4 items),
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Intrinsic Learning Motivation (LM-4 items), and Learning
Engagement (LE-4 items). The 5-point Likert scale was used
to evaluate the observable items, from 1 to 5 (Strongly
Disagree to Strongly Agree). In Table 1, we present detailed
measurement items and their original literature sources.

Instrument standardization was conducted through a
two-step process. First, the scales from international studies
were translated into Vietnamese using a back-translation
technique to ensure semantic accuracy. Subsequently, a pilot
study (n = 30) was conducted to refine the language, ensuring
alignment with the terminology used by military and defense
departments in Vietnam. This ensured that all participants
had a clear understanding of the items before the formal
survey.

C. Data Analysis Method

We conducted all quantitative analyses using the Jamovi
statistical software (version 2.6) [29]. Data processing
proceeded as follows: First, descriptive statistics were
performed to summarize the characteristics of the sample.
Second, to address possible Common Method Bias (CMB) in
cross-sectional self-reported data, Harman’s single-factor test
was performed. Third, scale reliability was evaluated using
Cronbach’s Alpha and Composite Reliability (CR).
Convergent and discriminant validity were assessed using

Average Variance Extracted (AVE) and a competing model
analysis (comparing 6-factor and 5-factor structures). Finally,
Structural Equation Modeling (SEM) was used to confirm the
research hypotheses. We tested the fit of our model by using
standard indices and thresholds: Comparative Fit
Index (CFI) > 0.90, Tucker-Lewis Index (TLI) > 0.90, Root
Mean Square Error of Approximation (RMSEA) < 0.08,
and Standardized Root Mean Square Residual
(SRMR) < 0.08 [30]. To test the mediation effects, we
performed a bootstrapping procedure with 1000 resamples to
obtain 95% confidence intervals for all indirect effects.

D. Ethical Approval and Informed Consent

This research strictly adhered to all basic ethical principles
in social science research. The formal ethical approval was
waived due to the usual research procedures in Vietnam as a
non-experimental study was carried out, and data were
collected purely via anonymous questionnaires with no
physical or psychological risks to the participants at all.
Electronic written consent was obtained from all students
before they participated in the survey. Students were made
aware of the research objectives, that they could voluntarily
participate or withdraw at any point and that their data would
be used only for research purposes.

Table 1. Measurement items and sources

Construct Items

Sources

SQ1: The LMS platform is stable and ensures efficient access for NDSE learning activities.

Online System Quality (SQ)

SQ2: The digital learning system has a user-friendly interface that is easy to navigate.
SQ3: The platform responds promptly and reliably when I access course materials.

[31]

SQ4: The information system provides all necessary features to support blended learning effectively.

ISP1: The instructor provides timely emotional and academic support throughout the course.

Instructor Support and
Presence (ISP)

ISP2: The instructor actively guides us through the blended learning tasks and defense topics.
ISP3: The instructor creates a supportive environment that encourages active participation.

[15,22,23]

ISP4: The instructor’s teaching presence is clearly felt in both online and face-to-face sessions.

LI1: I frequently engage in course-related discussions with my peers regarding security topics.

Learner Interaction (LI)

LI2: I comfortably exchange views and information with the instructor and classmates.
LI3: I actively participate in group collaborations and online interactive forums.

[24]

LI4: I interact deeply and effectively with the provided digital course content.

CP1: The NDSE content is highly relevant to real-world situations and practical security contexts.

Content Practicality (CP)

CP2: The theoretical knowledge I learn is directly applicable to actual scenarios.
CP3: The practical exercises enhance my understanding of defense and security concepts.

[25]

CP4: The learning materials focus on practical problem-solving with immediate applicability.

LM1: I study National Defense and Security because I find the topics genuinely interesting.

Intrinsic Learning Motivation LM2: Discovering new concepts in this course provides me with a deep sense of satisfaction.
LM3: I participate in the blended learning activities out of curiosity and a desire to learn.

(LM)

(16, 18]

LM4: I feel internally driven and self-determined to master the course content.

LE1: [ consistently pay attention and maintain focus during both online and offline sessions.

Learning Engagement (LE)

LE2: I actively contribute to class activities and complete all assignments proactively.
LE3: I put significant cognitive effort into analyzing and understanding complex defense strategies.

[10, 11, 13]

LE4: I feel emotionally invested and maintain a positive attitude toward participating in this course.

IV. RESULT AND DISCUSSION

A. Descriptive Statistics and Normality Check

Before model testing, we performed descriptive statistics
to assess the response tendencies and verify the data’s
normality. Descriptive statistics indicated that the mean
scores of the observable variables ranged from 3.51 (Learner
Interaction) to 3.88 (Content Practicality). Furthermore,
univariate normality was confirmed, as skewness values
(-0.582 to -0.123) and kurtosis values (-0.715 to -0.237) fell
well within the recommended absolute thresholds of 3 and
10, respectively. While self-reported data are subject to
multivariate normality assumptions, we used the Maximum
Likelihood (ML) estimation method and bootstrapping

strategy (1000 estimates). This approach ensures that
standard errors and confidence intervals for indirect effects
are robust to non-normality. Furthermore, the bivariate
relationships among the constructs were examined, and the
detailed correlation matrix is provided in Table 2.

Table 2. Correlation matrix of the constructs
Constructs SQ ISP LI CpP LM LE

SQ 1.000

ISP 0408  1.000

LI 0407 0318  1.000

cp 0479 0446 0317 1.000

LM 0.656 0.639 0.525 0.737 1.000

LE 0676 0.701 0.546 0.669 0.881 1.000

Note: All correlation coefficients are statistically significant at p < 0.001
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B. Common Method Bias (CMB) Testing

To address the common method bias in self-reported data,
Harman’s single-factor test was carried out. Using the
Exploratory Factor Analysis (EFA) with all 24 items being on
one unrotated factor, we found that the factor was responsible
for 42.9% of the variance. As this variance falls below the
50% threshold, CMB is not considered a pervasive issue in

this study.

C. Measurement Model Assessment

The measurement model was evaluated using
Confirmatory Factor Analysis (CFA). We confirmed

reliability and convergent validity with Cronbach’s Alpha
coefficients (0.860—0.925) and Composite Reliability (CR)

values (0.860-0.925) above 0.70. Average Variance
Extracted (AVE) for all constructs ranges from 0.605 to
0.756, exceeding 0.50. Standardized factor loadings ranged
from 0.744 to 0.889 (p < 0.001). Table 3 shows detailed
results.

Initial EFA results indicated statistical convergence
between Intrinsic Motivation (IM) and Learning Engagement
Engagement (LE), a common occurrence given their high
correlation in psychological literature. In addition, because of
this relationship, the traditional discriminant validity
measures based on variance and correlation (e.g., the
Fornell-Larcker criterion and HTMT ratio) indicated a degree
of construct overlap.

Table 3. Reliability and measurement model assessment

Constructs Items Cronbach’s o CFA Loadings (p) p-value CR AVE

System Quality (SQ) SQ1-SQ4 4 0.883 0.777-0.850 <0.001  0.884 0.655
Instructor Support and Presence (ISP) ISP1-ISP4 4 0.866 0.760-0.805 <0.001 0.886 0.617
Learner Interaction (LI) LI1-L14 4 0.860 0.744-0.800 <0.001  0.860 0.605
Content Practicality (CP) CP1-CP4 4 0.869 0.770-0.808 <0.001  0.870 0.626
Intrinsic learning motivation (LM) LMI-LM4 4 0.907 0.820-0.876 <0.001 0.907 0.710
Learning Engagement (LE) LEI-LE4 4 0.925 0.853-0.889 <0.001  0.925 0.756

Note: All standardized factor loadings are significant at p < 0.001. CR = Composite Reliability; AVE = Average Variance Extracted

However, in keeping with the strong theoretical
underpinning of SDT (which clearly delineates motivation as
an internal psychological driver and engagement as the
subsequent behavioral manifestation), we kept the six-factor
structure. To determine whether these constructs should be
merged, a competing CFA model analysis was conducted for
a more rigorous comparison.

To address the high correlation between Intrinsic Learning
Motivation (LM) and Learning Engagement (LE) (»=0.881),
a competing model analysis was performed. The theoretical
6-factor model exhibited a superior fit (> = 242, df = 237,
p = 0.392, CFI = 0.999, TLI = 0.999, RMSEA = 0.007)
compared to a constrained 5-factor model where LM and LE
items were merged (> = 409, df = 242, p < 0.001,
CFI1=0.976, TLI = 0.972, RMSEA = 0.040). The significant
difference (Ay?= 167, Adf = 5, p < 0.001) justifies treating
LM and LE as distinct constructs within the structural model.

The significant Chi-square difference (Ay?> = 167,
p < 0.001) provides robust empirical evidence that the
six-factor model exhibits superior fit. This finding confirms
that while Intrinsic Motivation and Learning Engagement are
closely correlated, they remain distinct theoretical constructs,
reflecting different stages within the learner’s psychological
progression.

D. Structural Model and Hypothesis Testing

Structural Equation Modeling (SEM) results indicated that
the model aligns with the empirical data (Fig. 2 and Table 4).
The structural model fit indices are exceptionally high
(CFI=0.999, TLI=0.999, RMSEA = 0.007). This optimal fit
is analytically consistent with the high homogeneity of the
student sample - who share the same institutional context and
standardized LMS platform - and is further supported by the
prior cross-validation. Eight of the nine hypotheses were
supported. Online System Quality (SQ), Instructor Support
and Presence (ISP), and Learner Interaction (LI) exerted
positive impacts on both Motivation (LM) and Engagement
(LE) (p < 0.001). Content Practicality (CP) demonstrated a
strong effect on Motivation (LM) (8 = 0.426, p < 0.001), but

its direct impact on Engagement (LE) was not statistically
significant (f = 0.076, p < 0.136), leading to the rejection of
HS8. Mediation analysis using bootstrapping (1,000 resamples)
confirmed significant indirect effects for all predictors.

Table 4. Hypothesis testing results

Hypothesis Path B p-value Conclusion
Hl SQ-LM 0.257 <0.001 Supported
H2 ISP-LM 0.281 <0.001 Supported
H3 LI-LM 0.195 <0.001 Supported
H4 CP-LM 0.427 <0.001 Supported
Direct Effects ~ HS5 SQ-LE 0.165 <0.001 Supported
Ho6 ISP-LE 0.243  <0.001 Supported
H7 LI-LE 0.114 <0.001 Supported
H8 CP-LE 0.076  0.107 Rejected
H9 LM-LE 0.501 <0.001 Supported
- SQ-LM-LE 0.129 <0.001 Significant
. ISP-LM-LE 0.141 <0.001  Significant
Indirect Effects LLLM-LE 0.098 <0.001 Significant
- CP-LM-LE 0.214 <0.001 Significant
CP4 LE4
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Fig. 2. Structural model and path analysis results.

Specifically, Intrinsic Motivation partially mediated the
relationships between SQ, ISP, LI, and Engagement, as their
direct effects remained significant. Conversely, Motivation
fully mediated the effect of Content Practicality (CP) on
Engagement, given the non-significant direct path.
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E. Discussion

We believe the results underscore the need for
technological infrastructure and social interactions in blended
learning [32]. Consistent with the IS Success Model, System
Quality (SQ) affects motivation and engagement [31]. When
technical barriers are minimized, students can better focus on
cognitive processes. The impacts of Instructor Support (ISP)
and Learner Interaction (LI) support the Community of
Inquiry (Col) framework. Given the NDSE context where
theoretical content is often prescriptive, online teaching is
required to communicate theory with military practice [33].
The peer interactions also prevent students from being
isolated in digital environments.

The demographic composition (41.1% first-year students)
also contributes to this. As freshmen transitioning into
self-directed blended learning, these students face unique
academic challenges [34]. Consequently, Instructor Support
and Presence (ISP) is crucial, providing the necessary
instructional scaffolding to foster their intrinsic motivation.

This research suggests that online NDSE instruction ought
to go beyond just listing some examples of real-world
scenarios and should be about the students’ self-discovery
needs [35]. The rejection of H8 clarifies the role of Content
Practicality (CP) in specialized education. In mandatory
courses like NDSE, perceiving the practical value of a lesson
is insufficient to directly trigger engagement behavior.
Rather, CP acts as a “necessary condition” that drives
Intrinsic Learning Motivation (LM) (8 = 0.426). This full
mediation effect extends SDT by demonstrating that while
practical materials initiate interest, students sustain proactive
engagement only when this intrinsic motivation is activated.

The high correlation of LM and LE is consistent with the
causal nature of SDT, where internal motivation is the
starting point for a subsequent behavior. However, the
statistical superiority of the 6-factor model argues that they
are different stages in the learning process. In practice, this
means that NDSE instructional materials should not be
limited to mandatory modules but must prioritize materials
that will motivate the students to do the work [36].

V. CONCLUSION

In this work, we provide empirical evidence for the
students’ learning engagement in the NDSE course using a
blended learning model and structural equation modeling
analysis to assess the potential drivers of students’
engagement in the NDSE course. Results from the structural
equation modeling of 423 students demonstrate the influence
of system quality, instructor support, and learner interaction
on students’ engagement. These factors have a direct and
indirect impact on the students’ engagement through the
mediating mechanism of intrinsic motivation. In this study,
intrinsic learning motivation was found to be the strongest
predictor of learning engagement (5 = 0.501, p <0.001). This
research is a key contribution to understanding the impact of
content accessibility in normative courses. The practicality of
digitized lectures does not directly lead to engaging behavior
but is the prerequisite for motivation to learn. Based on these
findings, educators should develop high-quality instructional
materials optimized for online environments, and institutions
should enhance pedagogical training for their teaching staff.

In fact, there are limitations of the present study. First, the
use of convenience sampling from only a few universities in
Vietnam might limit the generalization of the findings in
future work. Therefore, in future investigations, stratified
random sampling should be employed across different
regions. For instance, the cross-sectional approach does not
provide an objective picture of students’ feelings and cannot
provide any causal direction for the behavior. Future research
could employ longitudinal approaches to examine the
evolution of engagement over time. Third, although we did
not find any bias associated with common methods, we
believe that the self-reported data may be biased by social
desirability bias. Future work may provide objective data on
LMS activity and academic performance. Finally, although
the 6-factor model was statistically more accurate in the
study, the high correlation between motivation and
engagement suggests that there is a strong conceptual link to
motivation. Further qualitative methods, such as in-depth
interviews, could be used to investigate the psychological
barriers students face in blended NDSE environments.
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