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Abstract—This study aims to develop and test a conceptual
model comprising six hypotheses focusing on the impact of
Augmented Reality (AR) on students’ academic self-efficacy.
The research addresses the need to explore how AR technology
can improve students’ academic self-efficacy by examining the
relationships between AR technology features, task value, usage
intention, and personal cognitive approach. A total of 340
students participated in this research, completing online
questionnaires as part of a controlled experiment. The
Structural Equation Modeling-Partial Least Square was used to
assess, test, and analyze the conceptual model. The results of
this study indicate that the personal cognitive approach, tech
features, and task value implemented by students all positively
affect their academic self-efficacy in learning. The personal
cognitive approach directly contributes to influencing task
values and technological features. Task value and tech features
contribute to improving usage intention in students while
learning with AR. The personal cognitive approach and the
usage intention of use contribute directly and significantly to
enhancing students’ academic self-efficacy. Overall,
implementing a personal cognitive approach, tech features, task
value, and usage intention positively boosted students’
academic self-efficacy in learning with AR.
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1. INTRODUCTION

Technology encourages the integration of innovative
learning in higher education, which aligns with the era of the
Industrial Revolution 5.0, which focuses on collaboration
between humans and technology. This transformation is
marked by an increasing variety of media, teaching materials,
and learning tools based on virtual technology, which
connects advanced technological capabilities with human
creativity and understanding [1-4]. The presentation of
information in learning is not only limited to a
two-dimensional  environment because technological
advances are directing learning towards a three-dimensional
environment that is increasingly realistic and in-depth,
allowing for a more immersive learning experience [5-7].

Augmented Reality (AR) has become a popular
technological innovation in education this decade. This
technology offers realistic visualization to enrich the student
learning process through the interaction between real and
virtual environments [8, 9]. AR allows students to see and
interact with objects of various sizes in teaching, replacing
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2D visualization with 3D [10]. This supports clearer and
deeper interpretation of objects, provides an immersive
learning experience and helps students understand abstract
concepts more easily [11]. AR has been shown to improve the
overall quality of learning, particularly through better
engagement and understanding [10, 12].

In the context of computer network learning, AR plays a
significant role. This technology allows visualization of
network devices in 3D, making it easier for students to
understand complex material more intuitively [13, 14]. With
AR simulation, students can virtually design computer
networks and explore the functionality of each component,
which directly supports their learning process [15]. AR also
reduces errors during exercises, as the 3D view helps students
understand the system in a more structured and precise
way [16, 17]. Research also shows that learning AR-based
computer networks can significantly improve student
learning outcomes [18]. The integration of multimedia and
network simulators in computer learning is key to improving
the learning experience and student engagement [19-21]. AR
supports realistic visualization skills, contributing to
interactive learning, especially in computer networking
courses [22, 23]. With AR features that allow students to
display network objects in a 3D environment, students can
develop understanding and active engagement in each
learning session [24, 25].

Various studies have reported quantitative research on the
impact of AR on learning outcomes. The integration of AR
provides a positive experience for students and supports the
exploration of their abilities to enhance learning
outcomes [26]. AR helps improve learning results compared
to traditional methods [27]. The AR method offers superior
improvements in delivering the integrity of realistic learning
in constrained learning environments [28]. The success of
AR in enhancing learning outcomes presents significant
potential in developing various skills and attitudes among
students in their learning [29]. However, only a few studies
have explored aspects of student self-efficacy.

Several previous studies have shown that self-efficacy
implemented through traditional methods remains low.
Earlier learning methods that are still teacher-centred tend to
limit active student engagement, thereby impacting their
self-efficacy negatively [30]. Traditional approaches often
render students passive, merely receiving information
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without the opportunity to explore and develop
understanding independently. Furthermore, using
non-interactive learning media hinders students from
developing self-efficacy, especially in exploring more
complex concepts in depth. [31, 32]. This limitation is further
exacerbated by the lack of direct feedback, the less
meaningful learning experiences, and the minimal
opportunities to practice and develop skills in a safe
environment [33]. As a result, students experience high
dependence on teacher instructions, lack confidence in
completing academic tasks, and have negative perceptions of
their own abilities.

The low self-efficacy of students and the need for new
technological innovations create an urgency to investigate
their effects on learning. The integration of AR technology in
education to support self-efficacy has still been limitedly
studied in various influencing factors. Various factors
influence the causes of self-efficacy throughout the learning
process, and the integration of AR in education introduces a
range of factors that can support the enhancement of
students’ self-efficacy. The personal cognitive approach is a
key factor in technology-based learning [34]. This factor
plays a role in influencing students’ task value and tech
features beliefs during learning [35].

The personal cognitive approach and AR-based learning
complement each other in enhancing learning effectiveness.
AR facilitates personalized learning by presenting interactive
3D visualizations, allowing students to understand abstract
concepts more clearly according to their cognitive styles.
Furthermore, AR supports independent exploration and
provides immediate feedback, reinforcing the metacognitive
process and assisting students in organizing their learning
strategies. With a more engaging and simulation-based
learning experience, AR enhances motivation and
self-efficacy, making students more confident in
understanding and applying the material. Additionally, AR
integration encourages users’ intention to adopt AR in the
learning process, making AR a contributing factor to
improving students’ self-efficacy.

However, the diverse factors and accompanying variables
that affect students’ self-efficacy in AR implementation
create a research gap regarding the specific factors that play a
role in enhancing self-efficacy. The limited investigation into
these influencing factors highlights the need for deeper
research to optimize the implementation of AR in effectively
supporting students’ self-efficacy. Therefore, these aspects
are increasingly urgent to be researched as the application of
AR in education increases.

This research aims to investigate the contextual factors that
influence the use of AR in computer network learning. A
conceptual model is developed to test the research objectives.
There are five variables in this conceptual model, which
consist of Personal Cognitive Approach (PCA), Task Value
(TV), Tech Features (TF), Academic self-Efficacy (ASE),
and Usage Intention (UI). The form of the conceptual model
and the six hypotheses used to achieve the research objectives
are presented in Fig. 1.

Fig. 1 displays the conceptual model in this study. There
are five interconnected variables: personal cognitive
approach, task value, tech features, academic self-efficacy,
and usage intention. This study focuses on investigating the
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relationships and effects among these variables. Therefore, to
maintain the consistency of the research results, the study
aims to answer the research questions.

1) Does the personal cognitive approach affect improving
task value?
2) Does a personal cognitive approach affect improving
tech features?
3) Does the personal cognitive approach affect increasing
academic self-efficacy?
4) Does task value affect improving usage intention?
5) Does the tech feature affect intention usage
improvement?
6) Does wusage intention affect improving academic
self-efficacy?
Task
Value (TV)
H H4
Personal Cognitive H3 o Academic Self | H6 Usage
Approach (PCA) 7| Efficacy (ASE) | Itention (UIl)
H2 H5
Tech

Features (TF

Fig. 1. Conceptual model.

II. LITERATURE REVIEW

A. Augmented Reality

Augmented Reality (AR) is a technology capable of
simulating objects in real-world environments with realistic
visuals. This technology enables the presentation of
information in a virtual form while maintaining its original
conditions [7]. The reliability of AR simplifies information
delivery, making the learning process more effective.
Additionally, AR is utilized as a medium to explain abstract
concepts more clearly. With its ability to model objects, AR
allows learners to understand materials without needing the
physical objects themselves [36, 37]. As a result, AR is
widely used to explain complex phenomena and equipment.

In computer network learning, AR contributes by
simulating hardware components. This technology enables
the detailed visualization of electronic components, which
not only increases cost efficiency but also minimizes the risk
of component damage when studying and analyzing even the
smallest parts of electronic devices [6, 38]. Furthermore, AR
enhances learning experiences through interactive
presentations, making lessons more engaging.

AR helps to enhance the learning experience by exploring
phenomena in the 3D visualization of electronic components
in computer networks. [39]. AR enables students to explain
complex phenomena in a way that presents interactive and
realistic visuals as if they appear before the users. [40, 41].
The interactivity of the visualization presented by AR can
enhance students’ confidence in conveying complex topics to
an audience. [42]. In computer network system learning, AR
is designed to assist students in simulating the components of
computer networks, including the framework structure and
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its operational system, so that they can better understand the
relationships between elements in computer networks.
Furthermore, AR can configure and manipulate computer
network elements in interactive simulations. [43]. With this
feature, students can observe, explore, and analyze various
aspects of computer network systems directly, thereby
enhancing their conceptual understanding and presentation
skills in explaining network topologies and configurations to
others. Consequently, AR significantly improves students’
academic understanding and is becoming increasingly
popular in educational implementation [44].

The reliability of AR in supporting students’ academic
performance  provides  positive  contributions  to
education [36]. However, research on the impact of AR in
enhancing academic achievement remains limited. One
aspect that has not been extensively explored is the
relationship between AR use and students’ self-efficacy.
Therefore, further analysis is needed to examine the factors
influencing students’ self-efficacy in AR-based learning.

B. Academic Self-Efficacy (ASE)

ASE is every individual’s belief in completing a job [16].
Each individual has a different level of confidence in his or
her ability to complete tasks, so self-efficacy is not global but
has a different scale depending on the subject [45]. In
education, ASE is associated with confidence in completing
academic tasks. This belief is determined based on the
standard of each person’s ability to achieve certain academic
goals [46, 47]. ASE correlates with the improvement of
students’ academic ability [48]. In addition, ASE plays a role
in developing students’ skills towards new knowledge [49].
The achievement of good academic ability and student
motivation is influenced by high efficacy in students in the
learning process [50]. High confidence in students in doing a
task tends to encourage student persistence in completing
difficult tasks [51, 52].

Self-efficacy in computer network learning reflects
students’ confidence in understanding and applying concepts
in a computer network system. Key characteristics include
completing complex tasks, resilience in facing technical
challenges, and critical thinking and problem-solving skills.
AR technology enhances students’ self-efficacy by providing
interactive simulations, real-time feedback, and independent
exploration, enabling students to understand computer
networks more deeply without real risks. AR encourages
active engagement, where students with high self-efficacy
are more confident in attempting solutions. By integrating
AR, computer network learning enhances technical
understanding and builds students’ self-efficacy in the
technology field.

C. Personal Cognitive Approach (PCA)

The ability to remember, explain and analyze is part of
PCA [53]. Cognitive strategies in learning can be in the
process of observing and processing information in each
individual. Students need several strategies to understand
facing exams, such as studying before exams [34]. The order
applied to each individual can be done by arranging a
cognitive strategy and something general towards something
specific or vice versa [54]. Special strategies tend to require
special tools to complete a task [55].

The selection of inappropriate strategies tends to damage
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student learning outcomes, such as not preparing before
exams and postponing assignments [56]. This strategy is
negative, known as academic self-handicapping (ASH),
which expects failure [57, 58]. ASH aims to protect the
self-esteem and perception of others through narratives about
failure by blaming a variety of other factors [56]. The
selection of positive strategies in learning leads to an increase
in academic self-efficacy [35].

The integration of AR in computer network systems
learning supports the development of cognitive aspects,
particularly in learning and assessment based on
Higher-Order Thinking Skills (HOTS). A personal cognitive
approach for each student supports the development of these
cognitive aspects. AR enables students to analyze, evaluate,
and create computer network solutions through interactive
visualization, real-time simulations, and direct feedback. In
the learning process, AR is designed to assist students in
analyzing network structures and configurations, evaluating
various network scenarios through simulations, and creating
innovative solutions in designing network systems. In terms
of assessment, AR supports performance-based evaluations,
such as project assessments and real-task simulations, which
enhance students’ critical thinking skills and self-confidence.
Thus, the integration of AR aims to support the development
of a personal cognitive approach in the learning process
within computer network systems.

D. Task Value (TV)

Task value refers to the extent to which students perceive
the assigned assignment or material to have value or
relevance to their learning objectives [51]. Research indicates
that learning that involves assignments will encourage more
effort from students in learning and achieving [59]. The
research also proposes the benefits of assignments in building
knowledge, insight, motivation, student involvement in using
technology and intention in learning [60-62]. ASE can be
improved by giving students the freedom to learn new
abilities through assignments, thus encouraging students to
be competent in achieving the best results from the
assignment [52]. In education, to support the completion of
assignments, students tend to involve digital technology to
encourage critical thinking skills and the ability to process
information [63].

E. Tech Features (TF)

Each technology used in learning has a different TF
according to the purpose of its use. TF relates to the
appearance, usability, and specifications of the technology.
AR can produce various forms of learning for students, such
as narrative, quantitative, aesthetic, logical, and experimental
learning for students in the learning process [37, 64]. AR, as a
3D object visualization technology, has a general
characteristic in the form of the incorporation of virtual
objects present in the real environment, utilizing the camera
as a medium to bring out objects. AR can be presented with
cameras in various digital devices, such as smartphones.
Each AR developed has a feature specification that is
presented. AR can be developed to present zoom, rotation,
and movement features. In presenting AR in the environment,
there are several forms of presentation, including utilizing
markers, utilizing real objects, utilizing flat planes, and
appearing directly in the air. Research informs that
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technology’s various features and conveniences encourage
user intent to use it [65].

In computer network systems, AR is designed with various
features that enhance students’ self-efficacy in learning. 3D
interactive visualization allows students to understand
abstract concepts more clearly, such as seeing real-time
simulations of computer network topologies. Additionally,
the simulation and self-exploration features allow students to
experiment with various scenarios without real risks, for
instance, virtual configuring electronic devices on computer
network systems. AR in computer network systems is
designed to provide real-time feedback by presenting
explanatory information about the observed objects, enabling
students to immediately identify the mistakes they make and
correct them quickly, thereby boosting their confidence in
completing tasks.

Gesture-based interaction or virtual control also assists
students in becoming more engaged in the learning process,
such as disassembling or assembling devices in AR
simulations. Gamification in AR, such as challenges, levels,
and virtual rewards, can enhance student motivation and
confidence in completing tasks effectively. Moreover,
collaborative features in AR enable students to work together
in a virtual environment, share ideas, and solve problems
collectively, which can strengthen their self-efficacy through
social learning.

AR also supports personalized learning, where the
materials can be tailored to the students’ levels of
understanding, allowing them to learn at their own pace
without pressure. With these various features, AR creates a
more supportive, interactive, and responsive learning
environment, ultimately enhancing students’ confidence in
understanding and mastering the learning material.

F. Usage Intention (Ul).

Ajzen (1980) proposed the concept of Ul by using a
technology known as reasoned action theory (TRA) [66].
TRA has evolved to create tangible results that support the
relationship of wuser intent in utilizing technology in
education [67, 68]. AR technology has the ability to support
students in achieving optimal academic ability. The
determination of goal achievement in accordance with
individual abilities provides evidence of an increase in
academic self-efficacy [69].

The use of AR integrated into computer network system
learning is still limited. Learning innovations by adopting this
technology aims to enhance students’ self-efficacy through
various AR features developed in educational products. In
computer network systems, the application of AR presents
interactive 3D visualization features, real-time simulations,
instant feedback, and gesture-based interactions, which play
a role in helping students develop exploration, visualization,
and simulation skills regarding network concepts. The
advantages of these features are designed to support the
improvement of students’ self-efficacy in learning, enabling
them to learn in a more interactive, independent, and
confident manner in understanding computer network
systems.

III. METHODS

This study was quantitative research using a controlled
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experimental method aimed at developing and testing a
conceptual model consisting of six hypotheses, focusing on
the impact of AR on students’ academic self-efficacy. The
analysis in this study was conducted using Structural
Equation Modelling-Partial Least Square (SEM-PLS) to
investigate the relationships between variables, processed
using the SMART-PLS 4.0 application. This application was
used to test the relationships between variables in the
conceptual model. The results of this analysis were used to
conclude the impact of AR on students’ academic
self-efficacy.

A. Participants

The total sample in this study consists of 340 students, and
each student has completed the survey. The sample
distribution in this study is categorized based on gender, age,
and year of study. This distribution serves as a representation
of the respondents’ characteristics in the research.
Information regarding the sample distribution can assist in
understanding the participants’ profiles in more depth. The
results of the sample distribution in this study are presented in
Table 1.

Table 1. Distribution of sample

Category Information Percentage (%) Count
Gender Male 74% 250
Female 26% 90
18 years 18% 60
Age 19 years 30% 102
20 years 29% 99
21 years 23% 79
First Year 28% 93
Second Year 26% 90
Year of Study Third Year 27% 92
Fourth Year 19% 65

B. Instrument and Procedures

The instrument used in this study was a questionnaire that
covered personal cognitive approach, task wvalue, tech
features, academic self-efficacy, and usage intention. The
questionnaire instrument consisted of 16 items with a Likert
scale answer choices, ranging from 1 (strongly disagree) to 5
(strongly agree). Data collection was conducted using
Google Forms after the learning process in the controlled
experiment. The stages of the research implementation
process are presented in Fig. 2.

Fig. 2 presents a diagram of the research process stages.
The research process was carried out through a controlled
experiment. A total of 240 students were prepared for this
study. The controlled conditions in this study involved
preparing students who participated in the experiment,
specifically those who had smartphones, to access AR media
and were engaged in direct classroom learning. During the
controlled experiment, the learning process was guided by a
lecturer to facilitate its implementation. The lecturer
distributed the AR product used in the learning process. The
students then installed the distributed product. To ensure
controlled outcomes, information related to learning and
research was kept confidential from students to obtain
genuine results. The learning session lasted 50 minutes using
AR technology on computer network material. After the
learning session, students were given an instrument in a
Google Form to collect information on the personal cognitive
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approach, task value, tech features, academic self-efficacy,
and usage intention. Information related to the features and
access of the AR product used in the learning process is
presented as follows.

Preparation study for 240 Students

Distribution of Application AR to student

Installation of Application AR by Student

Leaning Using AR

Collect Response Student Using Google Form
5 personal cognitive approach, task value, tech features,
academic self-efficacy, and usage intention)

Fig. 2. Diagram of research stages.

HARDWARE

Arithmetic Logic
Unit

Motherboard

Storage

Fig. 3. AR computer network.

1) The AR application is available on the App Store and
can be accessed through the following link:
[https://bit.ly/4kGGBSs] or by scanning the QR Code.

[=]

2) The application is installed on smartphones to present
computer network materials. This application displays
AR objects implemented in learning, as seen in Fig. 3.

approach was chosen because it can simultaneously analyze
the measurement and structural models. Statistical analysis
was conducted using SMART-PLS 4.0 software, which
supports path modelling with latent variables through the
SEM-PLS method. In evaluating measurement models, it is
important to test the reliability and validity to ensure the
accuracy of the results obtained. The reliability of a construct
can be measured through several methods, such as
Cronbach’s alpha, composite reliability, AVE, and
VIF [70, 71]. Meanwhile, the analysis of the relationships
between variables is based on t-test results or p-values.

IV. RESULT

The conceptual framework was tested to examine the
relationships between variables in the conceptual model. The
conceptual framework aims to identify factors related to
enhancing academic self-efficacy. Therefore, this conceptual
model was tested to determine the validity and accuracy of
the construct variables [72, 73]. The results of this model
testing were analyzed using SEM-PLS, considering the
outcomes of Cronbach’s alpha (o), Composite Reliability
(CR), loading factor, Average Variance Extracted (AVE),
and variance inflation factor (VIF) tests [70]. The conceptual
model’s presentation and the model analysis results are
shown in Fig. 4 and Table 2.

Table 3 presents the results of the conceptual model testing
analysis. In the multicollinearity test, the model developed
through the relationships of each indicator is accepted if no
multicollinearity occurs, which is indicated by a VIF value <
5 (J. F. Hair, Risher, Sarstedt, & Ringle, 2019). The analysis
results show that the VIF values for each indicator are below
this threshold, indicating no multicollinearity exists. The
AVE value is used to investigate the convergent validity of
each variable. Convergent validity is met when the AVE
value is > 0.5. The analysis results indicate that all variables
meet this threshold, with the following AVE values: personal
cognitive approach (0.775), task value (0.696), tech features
(0.719), academic self-efficacy (0.826), and usage intention
(0.759). Additionally, the results of the loading factor and CR
tests show that all indicators have values above 0.7,
indicating that these indicators are valid and reliable. A
Fornell-Larcker analysis was also conducted to ensure
discriminant validity and strengthen the model’s validity.
The results of the discriminant validity test are presented in
Table 4.

Table 2. Discriminant validity

. . . . Variable ASE PCA TV TF Ul
3) AR is presented with zoom, rotation, and direct Academic
interaction features with AR objects. self-efficacy (ASE) 0-909
. Personal Cognitive
C. Data Analysis Approach (PCA) 0.070  0.880
The Structural Equation Modeling — Partial Least Square Task Value (TV) 0.008  0.056 0834
(SEM-PLS) approach, which is based on component Tech Features (TF) _ 0.016 _ 0.071  0.043  0.848
=V PP ) : ed @ poner Usage Intention (U) __ 0.593 __0.024 __0.005 __0.063__0.871
estimation to analyze data, is used in this study. This
Table 3. Results of model analysis
Latent Code s Loading
Variables Ttem Description Item VIF Factor a CR AVE
Persgqal PCA1 I apply the knowledge from lectures and textbooks to new 2113 0854
Cognitive assignments. 0858 0.907 0.775
Approach PCA 2 I tried to understand the tutor’s explanation even though it 2.093 0.910

(PCA) was difficult.
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Latent Code o Loading
Variables Ttem Description Item VIF Factor a CR AVE
PCA 3 When programming, I connect reading with existing 2282 0877
knowledge.
TV1 I enjoyed the material taught in this lab session. 2.081 0.748
Task Value TV2 The material of this lab session felt useful to me. 2.292 0.789
(TV) TV3 I found this lab session material interesting. 2.329 0.949 0.879 1.308 0.696
TV4 This lab session learmr}g helged me with network 2112 0.839
installation projects.
TF1 AR applications for computer network system materials are 2154 0.895
Tech Features casy o use.
(TF) TF2 The various functions in the AR app are well integrated. 2.119 0.792 0.875 0.944 0.719
TF3 I feel confident using AR applications for this material. 2.324 0.858
TF4 AR applications are interactive and interesting. 2.053 0.844
ASE1 I am confident as a student in this class. 2.157 0.892
Academic Self ASE2 I believe that I can complete this task well. 4.665 0.944
Efficacy (ASE) I am confident that I can master the material taught in this 0.897 0.926 0.826
ASE3 - 4.307 0.890
lab session.
un I feel that understanding the material of this lab session is 1.955 0836
Usage : very important.
Tntention (UT) R I prefer lab sessions that ucsiz r?:{ applications to those that 1.996 0.855 0.845 0.919 0.759
UI3 1 hope to use AR applications often to learn this material.  2.150 0.920
™ V2 ™v3 V4
» ks
0.789 0.949
0.748 N/ 0.839
Task Value (TV)
H1 H4
(P=0.000)
PCA1 Academic self-efficacy (ASE) Usage Intention (UD un
Fogsa__ _os6™Y
PCA2  #0910— H3 < HS —o0g55» U2
- =0. P=0.000 G
& 0877 (P=0.000) / ( ) 0920,
e Personal Cognitive 0.892 0.890 =
Approach (PCA) , 0'144 ’
ASE1 ASE2 ase2 H6
H2 (P0.000)
(P=0.00
Tech Features (T)
0.895 2?92 O'si 0.344\
T TF2 TF3 TF4
Fig. 4. Result of conceptual model.
Table 4. Discriminant validity constructs (off-diagonal values). The AVE values for each
Xar(;ab'_e ASEPCA TV TF Ul construct show good results, with ASE (0.909), PCA (0.880),
cademic .
self-efficacy (ASE) 0.909 TV (0.834), TF (0.848),' and UI (0.871), all of which are
Personal Cognitive 0070 0880 above 0.50. The correlations between constructs show that
Approach (PCA) i i the relationship between ASE and UI (0.593), PCA and TV
Task Value (TV) 0.008  0.056  0.834
Tech Features (TF) 0016 0071 0043 0848 (0.056), and TF and UI‘ (0.063) are smallleI t.han. the square
Usage Intention (Ul) __ 0.593 __0.024 __0.005 ___0.063 _ 0.871 root of the corresponding AVE values, indicating that all

Table 4 presents the results of the Fornell-Larcker criterion
validity analysis. A conceptual model is considered valid if it
meets the requirement that the square root of the AVE
(diagonal values) is greater than the correlations between
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relationships in the model have good discriminant validity.
Based on the testing results, the developed conceptual model
is valid and reliable and shows no multicollinearity.
Therefore, the model was analyzed significantly to determine
its effect on each variable. The results of the inter-variable
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relationship testing are presented in Table 5.

Table 5. Hypothesis testing results

Variable T-test  P-values Result
H1: Personal cognitive approach
affects improving task value 36512 0.000 Supported
H2: Personal cognitive approach
affects improving tech features 9.705 0.000 Supported
H3: Personal cognitive approach
affects improving academic 4.970 0.000 Supported
self-efficacy
H4: Task value .affect.s improving 8.494 0.000 Supported
usage intention
HS5: Tech features affect 40.624 0000  Supported
1mproving usage intention
H6: Usage intention affects 14.557 0.000 Supported

improving academic self-efficacy

Table 5 displays the results of hypothesis testing for the
conceptual model. The hypothesis testing results showed that
all relationships in the conceptual model had significant
effects. Based on the T-test results and p-values, hypothesis
HI1, which tested the effect of the personal cognitive
approach on improving task value, showed a significant
result (T-test = 36.512, p = 0.000), indicating that the
personal cognitive approach significantly influenced task
value. The same was true for hypothesis H2, which tested the
effect of a personal cognitive approach on improving tech
features, with a significant result (T-test = 9.705, p = 0.000),
showing that personal cognitive approach influenced tech
features. Hypothesis H3, which tested the effect of the
personal cognitive approach on improving academic
self-efficacy, also showed a significant result (T-test = 4.970,
p = 0.000), meaning that the personal cognitive approach
significantly influenced academic self-efficacy. Next,
hypothesis H4, which tested the effect of task value on
improving usage intention, showed a significant result (T-test
=8.494, p = 0.000), meaning that task value influenced usage
intention. Hypothesis H5, which tested the effect of tech
features on usage intention, also showed a significant result
(T-test = 40.624, p = 0.000), indicating that tech features
significantly influenced usage intention. Lastly, hypothesis
H6, which tested the effect of usage intention on improving
academic self-efficacy, showed a highly significant result
(T-test = 14.557, p = 0.000), meaning that usage intention
significantly affected academic self-efficacy. Overall, all
hypotheses in this model showed significant effects.

V. DISCUSSION

This study revealed the results of a conceptual model test
that identified the influence of personal cognitive approach
and usage intention on using technology to improve students’
academic self-efficacy. These findings support previous
research that states that implementing positive learning
strategies can support the success of academic
self-efficacy [74]. In particular, the personal cognitive
approach has significantly improved academic self-efficacy
in the learning process [46, 75]. Wang & Wu [76] stated that
students with high academic self-efficacy levels tend to apply
a personal cognitive approach more effectively in learning
because they can choose the right approach in dealing with
difficulties or failures. In contrast, students with low
academic self-efficacy often put in less effort and choose
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ineffective strategies. Our research offers a different view by
showing the possibility of a reciprocal relationship between
personal cognitive approach and academic self-efficacy,
which shows the dynamic interaction between the two.

This research also revealed the positive relationship
between wusage intention technology and academic
self-efficacy. These findings are reinforced by the study
results, which show that modern technology improves
students’ academic self-efficacy and abilities [77]. Other
research reveals that the availability of technology in learning
plays an important role in increasing student engagement,
motivation, and satisfaction in the learning process [78, 79].
In particular, technology supports increased student
motivation and a more in-depth understanding of learning
structures and concepts [33].

In addition, these findings highlight the importance of
usage intention in AR technology in supporting the
improvement of academic self-efficacy. This strong intention
to use technology acts as a driving factor that increases
student engagement in learning. When students are motivated
to utilize AR, they are more likely to be active in learning and
feel more confident in completing tasks. This is in line with
Bandura’s (1997) theory, which states that an individual’s
belief in their ability to control the situation they face affects
their actions [46]. Thus, an effective personal cognitive
approach and a robust intention to use technology contribute
to academic achievement and increase students’ confidence
in overcoming the learning challenges they face.

Task value and tech features play an important role in
influencing students’ cognitive approach in the context of
learning. Based on previous research, students’ perception of
task value is closely related to applying effective cognitive
strategies in achieving learning goals. Lawanto et al. (2014).
A positive perception of task value can increase students’
motivation to try harder in learning [80]. In this case, students
who value the value and relevance of assignments will tend to
use more targeted and efficient learning strategies, thereby
increasing their chances of academic success.

This study also revealed a relationship between the
personal cognitive approach applied by students and their
perception of task value. Students who use a better personal
cognitive approach tend to better understand the importance
of the tasks they are working on, which in turn can improve
their learning effectiveness. This corroborates the finding
that a positive personal cognitive approach contributes to
better academic achievement and increases students’
understanding of the task value provided.

However, this study’s results show that task value’s
influence on usage intention to use technology, especially in
the context of AR, is not as strong as expected. This is in
contrast to other research findings that suggest that task value
plays a significant role in motivating students to use
technology [81, 82]. To further understand these differences,
qualitative studies can provide more in-depth insights into the
factors that influence task value in the context of AR
technology [83]. More research is needed to unearth the
reasons behind these different findings and provide a more
comprehensive explanation of the relationship between task
value, personal cognitive approach, and usage intention.

In the context of this study, usage intention shows
significant relevance to previous studies’ findings that
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identify a positive relationship between good learning
attitudes and the application of AR technology in the learning
process. Research by Cai et al. (2014) suggests that AR
technology can affect students’ attitudes and learning
interests, which in turn increases learning effectiveness [84].
Furthermore, research by Asoodar et al. (2016) found that
tech features in learning can influence cognitive strategies
used by students [85]. This confirms that technology is a tool
and an important factor in shaping how students think and
solve problems.

It is important to further investigate the relationship
between personal cognitive approach and tech features to
understand how technology can serve as a clue or aid in
improving students’ problem-solving, self-motivation, and
academic  self-efficacy in learning. Research by
Kao & ruan (2022) shows a strong relationship between using
AR technology and increasing students’ motivation to
learn [86]. Learning that utilizes AR can create a more
engaging and immersive experience, encouraging higher
student engagement than traditional methods. In addition,
Zumbach et al. (2020) also supported these findings by
showing that the interactive learning environment provided
by technology can strengthen students’ cognitive drive [87].
Therefore, the characteristics of good technology not only
affect how the material is delivered but can also stimulate
active engagement and improve the results.

The relationship between personal cognitive approach and
tech features was strengthened by findings that showed a
relationship between tech features and usage intention when
using ar (H5). Previous research has also revealed that tech
features have a positive relationship with usage intention to
use technology in learning [68, 88]. Simple features with
systematic and easy-to-understand instructions increase
students’ intention to use technology in learning. Conversely,
complex features and misinformation in AR technology can
reduce student and learning engagement.

Identifying tech features, including features and student
needs, is critical in optimizing the use of media in learning.
The realistic display of AR images can increase students’
usage intent because it fosters curiosity in the learning
process. In addition, the interactivity and feedback provided
by AR technology improve learning outcomes, resulting
from students’ higher intentions of using technology. The AR
technology interface’s unique, engaging, and innovative
features also spark students’ interest in using it in the learning
process.

VI. CONCLUSION

This conceptual model shows that personal cognitive
approach has an important role in influencing various AR
learning aspects. The personal cognitive approach applied by
students can improve their understanding of the material and
tasks given, increasing the task value achieved. In addition, a
good personal cognitive approach also helps students better
understand and utilize AR technology, which strengthens

their view of the tech features and the usage intention to use it.

A strong usage intention to use AR plays an important role in
improving students’ academic self-efficacy, as the use of AR
can improve students’ confidence in completing academic
tasks. Overall, the implementation of a personal cognitive
approach, tech features, and usage intention is proven to
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improve students’ academic self-efficacy, strengthen their
engagement in learning, and support better academic
achievement.

The innovation in this study develops a conceptual model
that examines the relationship between AR technology and
its impact on students’ academic self-efficacy. AR
technology affects students’ usage intention, which
encourages active engagement in learning and increases their
confidence in their ability to achieve academic outcomes.
The use of AR also increases motivation and creates a more
engaging and effective learning experience. In the context of
computer network learning, the relevance of the material to
the assignment grade motivates students to use AR, while the
personal cognitive approach applied during learning
increases their academic self-efficacy. Tech Features AR,
such as realistic 3D visualization, high interactivity,
immediate feedback, and exercise-based simulations,
significantly ~ enhance students’  self-efficacy. The
interactivity and realistic visualization features allow for a
deeper exploration of computer networking material, while
immediate feedback aids in Dbetter understanding.
Additionally, simulation-based exercises  provide
opportunities for students to practice without risk, increasing
their confidence in mastering skills. Based on existing data,
the application of AR can strengthen students’ self-efficacy,
so it is highly recommended that educators integrate AR to
improve the quality of education and academic achievement
of students.

This study successfully addresses the main objective of
investigating the relationship between the variables of
personal cognitive approach, task value, usage intention, and
tech features on academic self-efficacy in the implementation
of AR in computer network learning. However, there are
several limitations that need to be considered. The study does
not cover important aspects such as individual learning styles,
independent learning time, and different students’ cognitive
strategies, even though these factors can affect how students
understand computer network materials through AR. In
addition, environmental variables such as parental guidance
and student learning behaviour, which have the potential to
affect the effectiveness of AR use, are not discussed in depth.
From a demographic standpoint, this study has not
investigated the differences that may arise regarding gender,
age, and the level of immersion in AR technology, which
could provide a deeper understanding of the effectiveness of
AR in different groups of students. In terms of infrastructure
readiness and the initial capabilities of students, this research
has not comprehensively addressed these two aspects in the
usage and representation of AR, which includes the
availability of compatible devices, accessibility of AR
platforms, internet connection stability, data storage capacity,
device power requirements, available technical support, and
the institutional network’s readiness to handle AR
technology playing a crucial role in the success of AR-based
learning. Additionally, the level of students’ familiarity with
AR, their skills in operating this technology, the institution’s
preparedness to provide supporting facilities, and university
policies regarding integrating AR into the curriculum may
also affect learning outcomes and their level of engagement.

Future research is suggested to explore these factors in
more detail. An analysis of learning styles and self-study time,
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for example, can provide a more accurate picture of how AR
can be optimally utilized for different types of learners in the
context of computer networks. Comparative studies between
genders and age differences can also provide insights into
how these factors affect students’ acceptance and
understanding of the concept of computer networks through
AR. In addition, testing various levels of AR immersion,
from basic to advanced, as well as the readiness of
infrastructure and the initial capabilities of students, is
important for understanding how these factors affect student
engagement and their ability to comprehend complex
computer network material. With a broader scope of these
aspects, future research is expected to strengthen the
understanding of the role of AR in improving the
effectiveness of computer network learning as well as
creating a more adaptive approach for different types of
students.
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