
 

 

 

 

Indonesian Journal of Educational Development (IJED), 6(3), pp. 971-984 971 

 

Article Info 
 

Article history: 
Received May 16, 2025 
Revised July 18, 2025 

Accepted August 27, 2025 
Available online November 17, 2025 

 

 

 
Keywords: Higher Education, Mobile 
Learning, Structural Equation Modeling, 
Technology Acceptance Model 3. 

 

 
Copyright ©2025 by Author. Published by Lembaga 
Penelitian dan Pengabdian kepada Masyarakat 
(LPPM) 
Universitas PGRI Mahadewa Indonesia 

 Indonesian Journal of Educational Development  

(IJED) 
Volume 6, Issue 3, 2025, pp. 971-984 

ISSN: 2722-1059 (Online); ISSN: 2722-3671 (Print) 
DOI: https://doi.org/10.59672/ijed.v6i3.4807 

 

 

Modelling user acceptance of personalised learning apps in high schools 
using the SEM approach 

 
 

Heni*)1, Sumarlin2, Remerta Noni Naatonis3, Menhya Snae4, Yosep Jacob Latuan5, Dewi 
Anggraini6 
 
1STIKOM Uyelindo, Kupang, Indonesia; heni@uyelindo.ac.id 
2STIKOM Uyelindo, Kupang, Indonesia; sumarlin@uyelindo.ac.id 
3STIKOM Uyelindo, Kupang, Indonesia; remerta@uyelindo.ac.id 
4STIKOM Uyelindo, Kupang, Indonesia; menhyasnae@uyelindo.ac.id 
5STIKOM Uyelindo, Kupang, Indonesia; naikoten13@uyelindo.ac.id 
6STIKOM Uyelindo, Kupang, Indonesia; dewianggraini@uyelindo.ac.id 
*)Corresponding author: Heni; E-mail addresses: heni@uyelindo.ac.id 
   

 
Abstract. This research addresses the urgent need to understand 
user acceptance of personalised mobile learning applications in 
higher education, especially as digital learning becomes 
increasingly essential in post-pandemic education. The study 
employs a quantitative research design, utilising the Technology 
Acceptance Model 3 (TAM3) as the theoretical framework and 
Structural Equation Modelling (SEM) for analysis. The 
population comprises undergraduate students from various 
departments at STIKOM Uyelindo Kupang, selected using 
stratified random sampling to ensure representation across 
faculties. Data was collected through a validated questionnaire 
based on TAM3 constructs, and the instrument's validity and 
reliability were confirmed using Cronbach's Alpha, Composite 
Reliability (CR), and Average Variance Extracted (AVE). The 
results show that Perceived Usefulness (PU) and Perceived Ease 
of Use (PEOU) significantly influence Behavioural Intention 
(BI), while Social Influence (SI) and Facilitating Conditions (FC) 

also play important roles. Perceived Enjoyment (PE) enhances engagement, and Computer Anxiety 
negatively affects ease of use. The study concludes that TAM3 effectively models user acceptance in this 
context. Recommendations include improving app usability, providing institutional support, and 
designing engaging learning experiences to enhance the adoption and continued use of mobile learning 
technologies. 

 

INTRODUCTION 

 
The rise of digital technologies has significantly transformed the higher education landscape, 
particularly with the increasing use of mobile learning applications. Personalised learning, which 
customises educational experiences to suit individual learners' preferences, learning pace, and 
needs, is becoming more prominent in higher education institutions (Ambele, Kaijage, Dida, 
Trojer, & M. Kyando, 2022). By leveraging data analytics and artificial intelligence, personalised 
learning applications offer tailored educational content and adaptive learning paths, making 

mailto:heni@uyelindo.ac.id
mailto:sumarlin@uyelindo.ac.id
mailto:remerta@uyelindo.ac.id
mailto:menhyasnae@uyelindo.ac.id
mailto:naikoten13@uyelindo.ac.id
mailto:dewianggraini@uyelindo.ac.id
mailto:heni@uyelindo.ac.id


 

 

 

 

Indonesian Journal of Educational Development (IJED), 6(3), pp. 971-984 972 

 

learning more effective and engaging for university students (Ambele et al., 2022). Mobile 
learning (m-learning) applications provide flexibility and accessibility, allowing university students 
to learn at their own pace and according to their schedules (Wang, Dai, Zhu, Yu, & Gu, 2023). 
These applications offer immediate feedback, real-time assessments, and content customisation, 
which are particularly beneficial in supporting the diverse learning styles and academic needs of 
higher education students (Alyoussef, 2021; Widana et al., 2023). Moreover, mobile applications 
facilitate the seamless integration of learning with daily activities, allowing students to access 
learning materials at any time and from anywhere (Blyznyuk, Budnyk, & Kachak, 2021). This 
shift toward mobile-based personalised learning has the potential to reshape how students engage 
with higher education content, offering more autonomy and control over their educational 
journeys (Double et al., 2020; Suhardita et al., 2024).  
 

However, User approval is crucial to the effective integration of personalised learning apps in 
higher education. For these applications to be implemented effectively, it is essential to 
understand the factors that influence university students' acceptance and sustained use of them 
(Zhai, Wibowo, & Li, 2024). The Technology Acceptance Model (TAM) has been widely used to 
explore these factors, emphasising the roles of perceived usefulness (PU) and perceived ease of 
use (PEOU) in shaping students' intentions to adopt new technologies (Davis, 1989; Venkatesh, 
V., & Bala, 2008). Extensions of TAM, such as TAM3, incorporate additional constructs, 
including social influence, self-efficacy, and facilitating conditions, thereby providing a more 
comprehensive understanding of technology acceptance (Al-Emran et al., 2020). TAM3 has been 
widely used to gauge students' approval of mobile learning apps in higher education settings. 
According to research, students' views on technology are significantly influenced by the perceived 
utility and simplicity of use. In contrast, user acceptability is largely determined by external 
variables, including institutional support and social influence (Crompton et al., 2021). Studies in 
higher education settings indicate that students are more likely to adopt mobile learning 
applications when they perceive them as beneficial to their academic performance and easy to use 
(Sánchez, R. A., & Hueros, 2020). 
 

Research on educational technology has extensively utilised structural equation modelling (SEM) 
to examine the relationships between factors such as perceived utility, usability, satisfaction, and 
behavioural intentions (Ketchen, 2013). The COVID-19 pandemic accelerated the adoption of 
mobile learning applications in higher education, although questions remain about their long-
term integration (Hamid et al., 2022; Widana et al., 2023b). Besides technological factors, 
acceptance of these applications is also influenced by university infrastructure, teacher support, 
and peer influence. Limited empirical testing of the TAM model in high school settings, as well as 
external variables like Computer Anxiety and Facilitating Conditions, highlights existing research 
gaps. Additionally, technical support and technology anxiety play a significant role in shaping 
students' perceptions and acceptance of personalised learning applications. 
 
In the field, many high school students still face significant challenges in adopting personalised 
mobile learning applications. These include limited access to adequate digital infrastructure, a lack 
of consistent support from teachers, and low digital confidence among students. Despite the 
growing availability of mobile learning technologies, their actual usage remains low, particularly in 
under-resourced schools. This research is necessary to understand the underlying factors that 
hinder students from fully embracing these tools. By focusing on high school students, this study 
addresses a gap in existing research, which predominantly concentrates on university-level 
learners. The study also introduces an extended model that incorporates psychological, social, 
and environmental variables, offering a more comprehensive view of technology acceptance in 
the context of personalised mobile learning. 
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This study aims to extend the Technology Acceptance Model (TAM) by integrating key external 
variables, namely Computer Anxiety, Facilitating Conditions, and Social Influence, to provide a 
deeper understanding of technology acceptance among high school students using personalised 
mobile learning applications. The study highlights how students' Behavioural Intention (BI) to 
embrace and use these applications is primarily shaped by their perceptions of their usefulness 
(PU) and ease of use (PEOU). To determine which factors have the most significant impact on 
students' acceptance and usage behaviour, this study will use Structural Equation Modelling 
(SEM) to examine the direct and indirect correlations between PU, PEOU, BI, and the external 
variables. This approach aims to not only validate the applicability of TAM in the context of 
personalised mobile learning but also to uncover how psychological, social, and environmental 
factors interplay in shaping students' technology adoption decisions. The findings are expected to 
provide valuable insights for educators, developers, and policymakers seeking to enhance mobile 
learning experiences and increase student engagement through the development of tailored 
technological solutions. 
 

METHOD 

 
To investigate the factors influencing college students' acceptance of mobile applications for 
personalised learning, this study employed two quantitative research techniques: the Technology 
Acceptance Model 3 (TAM3) and Structural Equation Modelling (SEM). Because it incorporates 
social impact, perceived utility (PU), perceived ease of use (PEOU), and facilitating conditions 
into a comprehensive model of user acceptability, the TAM3 paradigm was selected. The use of 
SEM to analyse the interactions between these variables allows for a more complete 
understanding of how they interact to influence students' behavioural intentions. 
 
Sampling Techniques  
The study will focus on undergraduate students enrolled in various courses at STIKOM Uyelindo 
Kupang, a university offering a wide range of academic disciplines. To ensure that the sample 
accurately represents the population across various academic departments and disciplines, 
participants will be selected using a stratified random sampling technique. The study aims to 
achieve balanced representation and minimise sampling bias by stratifying the population 
according to study programs or faculties, and then selecting respondents at random from each 
stratum. 

The rationale for choosing stratified random sampling lies in its ability to capture the variability 
within the student population and provide more accurate and generalizable results, especially 
when exploring behavioural and attitudinal constructs related to online learning. The target 
sample size is set at a minimum of 200 respondents, which is determined by dividing the 
population into strata based on study programs and then calculating the sample size for each 
stratum proportionally using the formula: 

Nh    = 
Nh

N
x  n        1 

where nhn_hnh is the sample size for the h-th stratum, Nh  is the population size of the h-th 
stratum, N is the total population size, and n is the total sample size. This method ensures that 
each stratum is proportionally represented in the sample, leading to more valid and reliable 
research results. This is considered statistically adequate for conducting Structural Equation 
Modelling (SEM) using the PLS approach. According to methodological guidelines, SEM 
requires a sufficient number of cases to ensure a reliable estimation of model parameters. A 
sample size of 200 or more is typically sufficient to support robust analysis, particularly when the 
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model includes multiple constructs and pathways. This sample size will also enhance the validity 
of the findings and provide a solid foundation for the generalisation of results within the context 
of higher education students in Indonesia. 

Table 1. Participant Data 

Participant 
ID 

Age Gender Department Year of 
Study 

Mobile App Usage 
(hrs/week) 

1 21 F Engineering 2 10 
2 22 M Engineering 3 8 
3 23 F Engineering 1 12 
4 21 M Engineering 4 6 
5 24 F Engineering 2 14 
6 25 M Engineering 3 7 
7 22 F Engineering 1 9 
8 23 M Engineering 4 11 
9 24 F Engineering 2 10 
10 25 M Engineering 3 8 
11 21 F Information System 2 10 
12 22 M Information System 3 8 
13 23 F Information System 1 12 
14 21 M Information System 4 6 
15 24 F Information System 2 14 
16 25 M Information System 3 7 
17 22 F Information System 1 9 
18 23 M Information System 4 11 
19 24 F Information System 2 10 
20 25 M Information System 3 8 

 

Data Collection 

An online survey based on validated TAM3 constructs will be used to gather data. The survey 
will ask students to rate their level of agreement on a Likert scale (1–5) for each item that 
measures their perceptions of the mobile learning applications' usefulness and ease of use, as well 
as external factors such as social influence and facilitating conditions. 
 

Table 2. Questionnaire questions based on TAM3 

No Construct Survey Question 

1 Perceived Usefulness The mobile learning application helps me complete tasks 
faster. 

2 Perceived Usefulness This application increases my productivity in learning. 
3 Perceived Usefulness Using this application improves my academic performance. 
4 Perceived Usefulness This application is beneficial for my learning. 

5 Perceived Ease of Use This application is easy to use. 
6 Perceived Ease of Use I feel comfortable using this application. 
7 Perceived Ease of Use Using this application requires little effort. 
8 Perceived Ease of Use I find it easy to become skilled at using this application. 

9 Social Influence Important people around me suggest that I use this 
application. 

10 Social Influence My friends use this learning application. 
11 Social Influence I use this application because many people around me use it. 
12 Social Influence Recommendations from others influence my decision to use 

this application. 

13 Facilitating Conditions I have access to the resources required to use this application. 
14 Facilitating Conditions I have enough knowledge to use this application effectively. 
15 Facilitating Conditions Technical support for this application is readily available. 
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No Construct Survey Question 

16 Facilitating Conditions My university offers sufficient support for utilising mobile 
learning applications. 

17 Perceived Enjoyment I enjoy using this application. 
18 Perceived Enjoyment Using this application is a pleasant experience. 
19 Perceived Enjoyment I find this application interesting. 
20 Perceived Enjoyment I feel happy when learning through this application. 

21 Behavioral Intention I plan to continue using this application for my learning. 
22 Behavioral Intention I will recommend this application to others. 
23 Behavioral Intention I will frequently use this application in the future. 
24 Behavioral Intention I expect this application to become an essential part of my 

learning process. 

25 Self-Efficacy I feel confident in using this learning application. 
26 Self-Efficacy I can operate this application without assistance. 
27 Self-Efficacy I am confident that I can complete tasks using this application. 
28 Self-Efficacy I have the necessary skills to use this application effectively. 

29 Perceived risk I am concerned about my data privacy when using this 
application. 

30 Perceived risk I fear that my personal information may be misused through 
this application. 

31 Perceived risk I believe there is a risk associated with using this application. 
32 Perceived risk I am uncertain about the security of using this application. 

33 Output Quality This application produces quality results in my learning 
process. 

34 Output Quality The quality of the materials provided by this application is 
excellent. 

35 Output Quality The information provided by this application is accurate and 
reliable. 

36 Output Quality I am satisfied with the quality of output generated by this 
application. 

37 Computer Anxiety I feel anxious when I have to use this application. 
38 Computer Anxiety I feel nervous when using technology like this application. 
39 Computer Anxiety I feel uncomfortable learning to use this application. 
40 Computer Anxiety I often worry about making mistakes when using this 

application. 

 
Data Analysis 

The data obtained in this study will be analysed using Structural Equation Modelling (SEM) with 
the assistance of SmartPLS software, which utilises the Partial Least Squares (PLS) method. SEM 
is selected due to its strength in assessing intricate causal relationships among latent variables (or 
constructs), as well as its ability to integrate factor analysis and regression analysis into a single, 
unified analytical framework. There will be two main stages to the SEM procedure. The 
measurement model is evaluated in the first step in order to confirm the validity and reliability of 
the constructs used in the study. Cronbach's Alpha and Composite Reliability (CR) will both be 
used to assess reliability. The Fornell-Larcker Criterion and cross-loading values will be used to 
determine discriminant validity, while the Average Variance Extracted (AVE) will be used to 
examine convergent validity. 
 
Once the measurement model is confirmed to be reliable and valid, the analysis proceeds to the 
second stage, which involves evaluating the structural model. In this stage, the hypothesised 
relationships between constructs will be tested to determine the extent to which one variable 
influences another. This entails evaluating the statistical significance of the suggested associations 
by examining path coefficients, t-statistics, and p-values. Other model fit metrics are considered 
to supplement the interpretation of results, even though SmartPLS does not employ the 
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conventional goodness-of-fit indices commonly used in covariance-based SEM tools (such as 
AMOS or LISREL). These include Chi-square/df ratio, Comparative Fit Index (CFI), Tucker-
Lewis Index (TLI), and Root Mean Square Error of Approximation (RMSEA). These indices 
provide a general overview of how well the proposed model fits the observed data. However, in 
the context of PLS-SEM, the primary focus remains on model predictiveness, assessed through 
R², Q², and f² effect size. Through this approach, SEM is expected to offer a comprehensive 
understanding of the relationships among variables within the conceptual framework developed 
for this research. 

 
 

Image 1. Research Procedures 
 
Image 1 illustrates a research flow that begins with problem identification regarding the 
acceptance of personalised learning applications in higher education, followed by the adoption of 
the TAM3 model as a theoretical framework to analyse factors such as Perceived Usefulness 
(PU), Perceived Ease of Use (PEOU), social influence, and facilitating conditions. Based on this 
model, a survey instrument is designed using validated TAM3 constructs for data collection. 
Then the data is analysed using Structural Equation Modelling (SEM) to evaluate relationships 
between variables and test research hypotheses. 

 
RESULTS AND DISCUSSION 

 
The following sections provide a summary of the research findings from the TAM3 (Technology 
Acceptability Model 3) study of user acceptability of personalised learning mobile applications in 
higher education. Perceived Utility (PU), Perceived Ease of Use (PEOU), Social Influence (SI), 
Facilitating Conditions (FC), and their impact on Self-Efficacy (SE) and Behavioural Intention 
(BI) are the primary constructs examined. A total of 200 students from various departments at 
STIKOM Uyelindo Kupang participated in the survey. Demographics of participants: The gender 
distribution is 50% female and 50% male, with an average age of 22. Use of Mobile Apps: 9.5 
hours a week on average for schoolwork. 

 
Image 2. Relationship between PU, PEOU variables and BI 
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Perceived Usefulness (PU) significantly influences Behavioural Intention (BI) with a path 
coefficient of 0.336 (p < 0.01), indicating that the more users perceive mobile-based learning 
applications as beneficial, the greater their intention to continue using them. This suggests that 
when learners believe the technology enhances their academic performance or supports their 
learning objectives, they are more motivated to adopt and integrate it into their daily study 
routines. The perception of usefulness plays a central role in shaping user behaviour, especially in 
educational contexts where efficiency and learning outcomes are key. Therefore, developers and 
educators must focus on demonstrating clear benefits and practical value to encourage ongoing 
engagement with mobile learning platforms. 

Perceived Ease of Use also shows a strong and significant association with Behavioural Intention, 
with a path coefficient of 0.623 (p < 0.01), underscoring the significance of program ease of 
participation in determining user acceptability. Additionally, the relationship between PEOU and 
PU is notably significant, with a path coefficient of 0.920 (p < 0.01), suggesting that users are 
more likely to consider a mobile learning application advantageous when they find it easy to use. 
This aligns with the Technology Acceptance Model (TAM) framework, which posits that ease of 
use enhances perceived utility and, consequently, intention to use. Consequently, the adoption 
rate and perceived value of educational technology can be significantly raised by creating designs 
that are user-centred, accessible, and intuitive. 
 

Table 3. Reliability and Validity PU, PEOU and BI 
Construct Cronbach's 

Alpha 
Composite 
Reliability (CR) 

Average Variance 
Extracted (AVE) 

Perceived Usefulness 0.919 0.943 0.804 
Perceived Ease of Use 0.927 0.927 0.820 
Behavioral Intention 0.920 0.920 0.806 

 
Since all Cronbach's Alpha values are higher than 0.7, the PU, PEOU, and BI items demonstrate 
good internal consistency. The questionnaire's items measure the construct with reliability and 
have good correlations with one another. Good reliability in measuring the construct is indicated 
by a CR value greater than 0.7. Every construct is reliable for measuring the corresponding latent 
variable. A construct is said to have excellent convergent validity if its AVE value is greater than 
0.5, which means it can account for more than 50% of the variance of its indicators. 

 
Image 4. TAM3 model variable relations 
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The image depicts a visual representation of the research framework developed using Structural 
Equation Modelling (SEM) with the Partial Least Squares (PLS) technique, generated through 
SmartPLS software. The framework is divided into two core elements: the measurement model 
(outer model) and the structural model (inner model). The measurement model outlines how 
each latent variable (indicated by blue circles) is linked to its respective observed indicators 
(represented by yellow rectangles). In contrast, the structural model illustrates the causal pathways 
and interrelationships among the latent constructs within the theoretical model. 
 
In this model, several key constructs are included, such as Self-Efficacy (SE), Social Influence (SI), 
Facilitating Conditions (FC), Perceived risk (PR), Performance Expectancy (PE), Perceived Learning (PL), 
Output Quality (OQ), and Content Attractiveness (CA)—each measured by multiple questionnaire 
items. These constructs serve as predictors for Perception of Online Learning (PRON). Subsequently, 
PRON directly influences Perceived Usefulness (PU), which in turn affects Behavioural Intention (BI)—
the user's intention to continue using the online learning platform. 
 
The model's overall goal is to examine the variables that affect users' opinions about online 
learning and how those opinions affect their behavioural intentions and perceptions of the 
system's usefulness. By assessing the validity and reliability of constructs through the 
measurement model and investigating the causal relationships between latent variables through 
the structural model, the SEM-PLS approach will be used to test the model. In quantitative 
model-based research, this type of visualisation is crucial because it offers a thorough grasp of the 
theoretical framework and the connections between the variables under investigation. 

 
Image 5. Path Coefficient 

 
The analysis results indicate that Computer Anxiety (CA) influences Perceived Ease of Use 
(PEOU) with a path coefficient of 0.214, suggesting that lower student anxiety towards 
technology is associated with higher perceived ease of use. Facilitating Conditions (FC) have a 
positive effect on PEOU with a coefficient of 0.23, indicating that good technical support 
enhances ease of use. Organisational Quality (OQ) has a negligible impact on PEOU (coefficient 
of 0.09), while Perceived Enjoyment (PE) also shows a weak effect with a coefficient of 0.089. 
PEOU has a strong influence on Perceived Usefulness (PU), with a path coefficient of 0.92, 
indicating that the easier an application is to use, the more useful it is perceived to be. Perceived 
risk has a moderate influence on PEOU (coefficient of 0.165), with lower risk perceptions being 
associated with increased ease of use. PU significantly impacts Behavioural Intention (BI) with a 
coefficient of 0.909, showing that perceived usefulness is a key determinant of students' intention 
to use the app. Self-efficacy (SE) has a moderate effect on PEOU with a coefficient of 0.184. At 
the same time, Social Influence (SI) shows almost no impact on PEOU (coefficient of 0.007), 
indicating that social factors play a minimal role in enhancing perceived ease of use. 
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Image 6. Outer Loading 

The outer loading values for Behavioural Intention items 1 (0.902), 2 (0.904), 3 (0.901), and 4 
(0.883) demonstrate excellent indicator reliability, confirming that these items strongly represent 
the Behavioural Intention construct. Since all values exceed the 0.7 threshold, they indicate 
robust measurement properties. Similarly, the indicators for Computer Anxiety (0.904), item 2 
(0.911), item 3 (0.915), and (0.904) also show high outer loadings, suggesting that they are highly 
effective in capturing users' anxiety related to computer usage. The Facilitating Conditions 
indicators (0.910), (0.912), item 3 (0.901), and (0.890) all surpass 0.7, indicating reliable 
measurement of the support structures available to users. 

In addition, the indicators for Organisational Quality (0.894), (0.883), (0.904), and (0.898) display 
strong outer loading values, validating their effectiveness in representing organisational support. 
The construct Perceived Enjoyment is also well-measured, as shown by (0.911), (0.929), (0.910), 
and (0.902). The ease of use of the application, represented by Perceived Ease of Use (0.894), 
(0.902), (0.901), and (0.925), is clearly and reliably measured. For Perceived risk, indicators 
(0.896), (0.917), item 3 (0.891), and (0.891) also show high reliability. Meanwhile, Perceived 
Usefulness (0.901), item 2 (0.900), (0.906), and (0.880) affirm the strong representation of the 
perceived benefit of using the system. Self-efficacy is effectively measured through (0.892), item 2 
(0.877), (0.932), and (0.906). Lastly, the Social Influence indicators (0.905), item 2 (0.896), (0.903), 
and (0.910) also demonstrate excellent outer loadings, indicating that these items accurately 
capture the influence of others. 

Table 4. R-squared and R-squared adjusted  
R-square R-square adjusted 

BI 0.826 0.825 

PEOU 0.910 0.907 

PU 0.846 0.845 

 
The R-squared value for Behaviour Intention (BI) is 0.826, and the adjusted R-squared value is 
0.825, indicating that 82.6% of the variability in BI is explained by the model's factors, such as 
Perceived Usefulness (PU). This high value indicates the model's strong explanatory power, with 
minimal complexity added by the inclusion of extra variables. For Perceived Ease of Use 
(PEOU), the R-squared value is 0.910, and the adjusted R-squared value is 0.907, indicating that 
91% of the variability is explained by factors such as Computer Anxiety (CA) and Facilitating 
Conditions (FC), confirming the model's robustness in explaining ease of use. 
 
The small difference between R-square and adjusted R-square (0.910 and 0.907) indicates that the 
model is very efficient, with only a small influence from the number of variables included. 
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Perceived Usefulness has an R-square value: 0.846, adjusted R-square: 0.845. A total of 84.6% of 
the variability in perceived usefulness is explained by independent variables in the model, such as 
PEOU. This is an excellent score, indicating that the model powerfully explains the factors that 
influence how students perceive the usability of an application. The difference between R-square 
and adjusted R-square (0.846 and 0.845) is also minimal, indicating the stability of the model. The 
high R-square value for the three variables (BI, PEOU, PU) shows that the model as a whole is 
very good at explaining the variability of the dependent variable. An adjusted R-square that is 
very close to the R-square indicates that the model is efficient and does not experience 
overfitting, which means the model remains valid even though there are several independent 
variables at play. 

Table 5. Construct reliability and validity  
Cronbach's alpha Composite 

reliability (rho a) 
Composite reliability 
(rho c) 

Average variance 
extracted (AVE) 

BI 0.920 0.920 0.943 0.806 
CA 0.930 0.930 0.950 0.826 
FC 0.925 0.925 0.947 0.816 
OQ 0.917 0.917 0.941 0.801 
PE 0.933 0.934 0.952 0.833 
PEOU 0.927 0.927 0.948 0.820 
PR 0.921 0.921 0.944 0.808 
PU 0.919 0.919 0.943 0.804 
SE 0.924 0.926 0.946 0.814 
SI 0.925 0.925 0.947 0.816 

 
Cronbach's Alpha evaluates the internal consistency of indicators for each construct, with values 
above 0.7 considered good and above 0.9 excellent. In this study, all constructs have Cronbach's 
Alpha above 0.9, indicating very high consistency. Composite Reliability (rho_a and rho_c) also 
measures indicator reliability, with values above 0.7 considered good and above 0.9 indicating 
strong reliability. Here, all rho_c values exceed 0.9, confirming excellent reliability. Average 
Variance Extracted (AVE) reflects the variance explained by the construct, with values above 0.5 
deemed good. All AVE values in the study are above 0.8, demonstrating strong validity. Overall, 
these metrics show that the model has excellent reliability and validity, effectively measuring the 
latent constructs. 
 
The findings of this study offer valuable insights into the factors influencing the acceptance of 
mobile learning applications in higher education, as informed by the TAM3 framework. Key 
variables like Perceived Usefulness (PU), Perceived Ease of Use (PEOU), Social Influence (SI), 
and Facilitating Conditions (FC) were analysed for their impact on Behavioural Intention (BI). 
The strong positive relationship between PU and BI confirms that students are more inclined to 
adopt mobile learning apps if they perceive them as enhancing academic performance (Sathye et 
al., 2022; Purnadewi & Widana, 2023), consistent with research in educational technology 
(ARAIN, HUSSAIN, VIGHIO, & RIZVI, 2018). The utility of personalised features in 
improving PU aligns with findings by  Dwivedi et al. (2020), indicating that tailored learning 
experiences boost app adoption. 
 
The significant effect of PEOU on PU and BI supports the view that ease of use is a 
fundamental factor in technology acceptance  (Venkatesh et al, 2012). The study's results align 
with those of Motia & Maruf (2024), emphasising the importance of user-friendly interfaces for 
sustained app usage. Furthermore, it extends the findings of Gusti, Yoga, Karisma, & Gui (2023), 
which demonstrate that ease of use remains crucial even among tech-savvy students. Social 
Influence (SI) also played a notable role, reinforcing theories like the Theory of Planned 
Behaviour (Ajzen, 1991), where endorsements from peers and instructors positively influence 
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students' BI (Ameen et al., 2019; Tarhini et al., 2017). However, the minimal impact of SI on 
PEOU suggests that social factors do not drive ease of use perceptions. 
 
Facilitating Conditions (FC), such as technical support and resources, were found to significantly 
influence PEOU and BI, echoing the importance of institutional support in technology adoption 
(Naveed, Choudhary, Ahmad, Alqahtani, & Qahmash, 2023). This finding aligns with Maisha & 
Shetu (2023) and  Ifinedo (2018), indicating that infrastructure and training are key to reducing 
barriers and enhancing technology use. Additionally, the positive effect of Perceived Enjoyment 
on BI supports previous research by Van der Heijden (2004), suggesting that an enjoyable user 
experience is vital for voluntary technology use, as also observed in studies by Masrek & Samadi 
(2017); Citrawan et al. (2024). 
 
This research enhances the traditional Technology Acceptance Model (TAM) by incorporating 
additional external variables, including Social Influence (SI), Facilitating Conditions (FC), and 
Perceived Enjoyment, thereby supporting the application of the TAM3 framework within the 
context of mobile learning in higher education. By integrating these constructs, the study 
provides a deeper and more comprehensive understanding of the multifaceted factors that 
influence students' acceptance of technology. Social Influence emphasises the impact of peers 
and instructors in shaping users' attitudes toward adopting the technology, while Facilitating 
Conditions refer to the presence of technical and institutional support that promotes practical 
usage. Meanwhile, Perceived Enjoyment reflects users' intrinsic motivation and the pleasure they 
derive from interacting with the application—an increasingly significant factor in educational 
technologies where sustained engagement is vital for learning success. Collectively, these variables 
enhance the explanatory capacity of TAM, illustrating that students' willingness to use mobile 
learning tools is influenced not only by their perceived usefulness and ease of use, but also by 
social, contextual, and emotional factors. 

From a practical standpoint, this study suggests that developers should prioritise enhancing app 
usability and crafting engaging, enjoyable user experiences to encourage adoption and continuous 
use. Educational institutions also play a critical role by ensuring robust technical support and 
creating environments where positive social endorsements from peers, instructors, and 
institutional leaders reinforce the value and credibility of the technology. Providing 
comprehensive training sessions and designing user-friendly interfaces can help overcome 
technological barriers, such as computer anxiety or a lack of experience, which may otherwise 
hinder acceptance. These combined efforts promote sustained usage and improve overall student 
satisfaction, ultimately supporting more effective and personalised learning experiences in higher 
education settings. 

 

CONCLUSION 

This study supports and enhances the classic Technology Acceptance Model (TAM) by 
confirming that Perceived Usefulness (PU) and Perceived Ease of Use (PEOU) are critical 
predictors of Behavioural Intention (BI) to use technology. Among these, PU stands out as the 
most significant factor influencing students' intention to use mobile learning applications. With 
an R-square value of 0.846, the findings emphasise the importance of the app's perceived benefits 
in improving students' learning performance. Additionally, PEOU has a substantial impact on 
PU, as reflected by a high R-square of 0.910, which aligns with TAM theory, which states that 
ease of use enhances perceived usefulness. Moreover, PU mediates the relationship between 
PEOU and BI, indicating that while ease of use matters, students' intentions are ultimately driven 
by the app's perceived contribution to their learning outcomes. The study further extends TAM 
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by integrating external variables such as Computer Anxiety, Facilitating Conditions, and Social 
Influence. Both Computer Anxiety and Facilitating Conditions significantly influence PEOU, 
highlighting the critical roles of technical support and users' comfort levels in shaping 
perceptions of ease of use. This suggests that reducing anxiety and ensuring adequate facilitating 
conditions can improve students' views on how easy the technology is to use. In contrast, Social 
Influence shows minimal impact on PEOU, implying that recommendations from peers or 
teachers have a limited effect on perceptions of ease of use in this context. Overall, the strong 
predictive power of PU for BI aligns with the Expectancy-Value theory, reinforcing that students' 
intention to use a mobile learning application is closely linked to their belief in its effectiveness in 
supporting their academic success. These findings underscore the need for developers and 
educators to prioritise enhancing the perceived usefulness of educational technologies, alongside 
addressing factors that influence ease of use, to encourage greater acceptance and sustained 
utilisation among students. 

  

BIBLIOGRAPHY 

 
Ajzen, I. (1991). The theory of planned behavior. Organizational Behavior and Human Decision 

Processes, 50(2), 179–211. 
Al-Emran, M., Mezhuyev, V., & Kamaludin, A. (2020). Technology Acceptance Model in M-

learning context: A systematic review. Computers & Education, 144, 103705. 
Alyoussef, I. Y. (2021). Factors influencing students’ acceptance of m-learning in higher 

education: An application and extension of the UTAUT model. Electronics (Switzerland), 
10(24). https://doi.org/10.3390/electronics10243171 

Ambele, R. M., Kaijage, S. F., Dida, M. A., Trojer, L., & M. Kyando, N. (2022). A review of the 
Development Trend of Personalized learning Technologies and its Applications. International 
Journal of Advances in Scientific Research and Engineering, 08(11), 75–91. 
https://doi.org/10.31695/ijasre.2022.8.11.9 

Ameen, N., Willis, R., & Shah, M. H. (2019). An examination of the gender gap in smartphone 
adoption and use in Arab countries: A cross-country comparison. Information Systems 
Frontiers, 21(3), 455–469. 

ARAIN, A. A., HUSSAIN, Z., VIGHIO, M. S., & RIZVI, W. H. (2018). Factors Influencing 
Acceptance of Mobile Learning by Higher Education Students in Pakistan. Sindh University 
Research Journal -Science Series, 50(001), 141–146. https://doi.org/10.26692/surj/2018.01.0025 

Blyznyuk, T., Budnyk, O., & Kachak, T. (2021). Boom in Distance Learning During the 
Coronavirus Pandemic: Challenges and Possibilities. Journal of Vasyl Stefanyk Precarpathian 
National University, 8(1), 90–98. https://doi.org/10.15330/jpnu.8.1.90-98 

Citrawan, I. W., Widana, I. W., Sumandya, I. W., Widana, I. N. S., Mukminin, A., Arief, H., 
Razak, R. A., Hadiana, D., & Meter, W. (2024). Special education teachers’ ability in literacy 
and numeracy assessments based on local wisdom. Jurnal Ilmiah Ilmu Terapan Universitas 
Jambi, 8(1), 145-157. https://doi.org/10.22437/jiituj.v8i1.32608 

Crompton, H., Burke, D., Gregory, K., & Gräbe, C. (2021). The use of mobile learning in 
science: A systematic review. Journal of Science Education and Technology, 30(5), 648–663. 

Davis, F. D. (1989). Perceived usefulness, perceived ease of use, and user acceptance of information technology. 
Double, K. S., McGrane, J. A., & Hopfenbeck, T. N. (2020). The Impact of Peer Assessment on 

Academic Performance: A Meta-analysis of Control Group Studies. Educational Psychology 
Review, 32(2), 481–509. https://doi.org/10.1007/s10648-019-09510-3 

Dwivedi, Y. K., Rana, N. P., Jeyaraj, A., Clement, M., & Williams, M. D. (2020). Re-examining 
the unified theory of acceptance and use of technology (UTAUT): Towards a revised 
theoretical model. Information Systems Frontiers, 22(4), 953–975. 

Gusti, I., Yoga, P., Karisma, A., & Gui, A. (2023). Understanding E-Learning System 

https://doi.org/10.22437/jiituj.v8i1.32608


 

 

 

 

Indonesian Journal of Educational Development (IJED), 6(3), pp. 971-984 983 

 

Acceptance: an Empirical Analysis of Key Factors Among Elementary School Students 
Using TAM Model. Technology Acceptance Model) Jurnal TAM, 14(2), 213–220. Retrieved from 
https://jurnal.ftikomibn.ac.id/index.php/JurnalTam/index 

Hamid, S. A., Muhisn, Z. A. A., Noori, A. S., & ... (2022). Mobile Learning in Higher Education 
through the COVID-19 Epidemic. Recent Trends in …, 5(June), 1–5. 
https://doi.org/10.5281/zenodo.6476912 

Ifinedo, P. (2018). Determinants of students’ continuance intention to use blogs to enhance 
learning: An empirical investigation. Behaviour & Information Technology, 37(4), 376–389. 

Ketchen, D. J. (2013). A Primer on Partial Least Squares Structural Equation Modeling. Long 
Range Planning, 46(1–2), 184–185. https://doi.org/10.1016/j.lrp.2013.01.002 

Kim, S. H., & Lee, K. Y. (2020). Exploring determinants of mobile learning adoption in higher 
education. Interactive Learning Environments, 28(3), 347–362. 

Maisha, K., & Shetu, S. N. (2023). Influencing factors of e-learning adoption amongst students in 
a developing country: the post-pandemic scenario in Bangladesh. Future Business Journal, 9(1), 
1–16. https://doi.org/10.1186/s43093-023-00214-3 

Masrek, M. N., & Samadi, I. (2017). Determinants of mobile learning adoption in higher 
education setting. Asian Journal of Scientific Research, 10(2), 60–69. 
https://doi.org/10.3923/ajsr.2017.60.69 

Motia, M., & Maruf, T. I. (2024). Perceived Usefulness and Perceived Ease of Use in the Worth 
of Online Education System in Bangladesh. Second International Conference on Innovations in 
Management , Science , Technology and Automation in Sports ( ICIMSTAS-2023 ), 14–31. 
https://doi.org/10.5281/zenodo.13763573 

Naveed, Q. N., Choudhary, H., Ahmad, N., Alqahtani, J., & Qahmash, A. I. (2023). Mobile 
Learning in Higher Education: A Systematic Literature Review. Sustainability (Switzerland), 
15(18). https://doi.org/10.3390/su151813566 

Purnadewi, G. A. A., & Widana, I. W. (2023). Improving students’ science numeration capability 
through the implementation of the PBL model based on local wisdom. Indonesian Journal of 
Educational Development (IJED), 4(3), 307-317. https://doi.org/10.59672/ijed.v4i3.3252 

Sánchez, R. A., & Hueros, A. D. (2020). Motivational factors that influence the acceptance of 
Moodle using TAM3. Computers in Human Behavior, 102, 56–64. 

Sathye, M., Goundar, S., & Bhardwaj, A. (2022). Determinants of Mobile Cloud Computing 
Adoption by Financial Services Firms. Journal of Information Technology Research, 15(1), 1–17. 
https://doi.org/10.4018/jitr.299921 

Suhardita, K., Widana, I. W., Degeng, I. N. S., Muslihati, M., & Indreswari, H. (2024). Sharing 
behavior in the context of altruism is a form of strategy for building empathy and 
solidarity. Indonesian Journal of Educational Development (IJED), 5(3), 316-324. 
https://doi.org/10.59672/ijed.v5i3.4145 

Tarhini, A., Hone, K., & Liu, X. (2017). Measuring the moderating effect of gender on e-learning 
acceptance in the Arab world: A structural equation modeling approach. Computers & 
Education, 105, 1–22. 

Van der Heijden, H. (2004). User acceptance of hedonic information systems. MIS Quarterly, 
28(4), 695–704. 

Venkatesh, V., & Bala, H. (2008). Technology Acceptance Model 3 and a research agenda on 
interventions. Decision Sciences, 39(2), 273–280. 

Venkatesh, V., Thong, J. Y. L., & Xu, X. (2012). Consumer acceptance and use of information 
technology: Extending the unified theory of acceptance and use of technology. MIS 
Quarterly, 36(1), 157–178. 

Wang, C., Dai, J., Zhu, K., Yu, T., & Gu, X. (2023). Understanding the Continuance Intention of 
College Students toward New E-Learning Spaces Based on an Integrated Model of the 
TAM and TTF. International Journal of Human-Computer Interaction, 0(0), 1–14. 
https://doi.org/10.1080/10447318.2023.2291609 

https://doi.org/10.59672/ijed.v4i3.3252
https://doi.org/10.59672/ijed.v5i3.4145


 

 

 

 

Indonesian Journal of Educational Development (IJED), 6(3), pp. 971-984 984 

 

Widana, I. W., Sumandya, I. W., Citrawan, I. W., Widana, I. N. S., Ibarra, F. P., Quicho, R. F., 
Delos Santos, M. R. H. M., Velasquez-Fajanela, J. V., & Mukminin, A. (2023a). The effect of 
teachers’ responsibility and understanding of the local wisdom concept on teachers’ 
autonomy in developing evaluation of learning based on local wisdom in a special needs 
school. Journal of Higher Education Theory and Practice, 23(10), 152-167. 
https://doi.org/10.33423/jhetp.v23i10.6189 

Widana, I. W., Sumandya, I. W., Citrawan, I. W. (2023b). The special education teachers’ ability 
to develop an integrated learning evaluation of Pancasila student profiles based on local 
wisdom for special needs students in Indonesia. Kasetsart Journal of Social Sciences, 44(2), 527–
536. https://doi.org/10.34044/j.kjss.2023.44.2.23 

Zhai, C., Wibowo, S., & Li, L. D. (2024). The effects of over-reliance on AI dialogue systems on 
students’ cognitive abilities: a systematic review. Smart Learning Environments, 11(1). 
https://doi.org/10.1186/s40561-024-00316-7 

 
 
 

https://doi.org/10.33423/jhetp.v23i10.6189
https://doi.org/10.34044/j.kjss.2023.44.2.23

