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ARTICLE INFO ABSTRACT
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Ruangguru, Zenius, and Quipper. A total of 375 questionnaires were distributed, out of which
363 were deemed valid and used for analysis. The research employed structural equation
modeling with partial least squares to analyze the data, aiming to uncover the key determinants
driving the adoption of mobile learning. The findings highlight the significant impact of perceived
usefulness (PU) on students' attitudes toward mobile learning, emphasizing the crucial role of
perceived utility in shaping positive attitudes. However, the study also reveals that the direct
influence of PU on behavioral intention towards mobile learning is minimal, suggesting that
attitude toward mobile learning plays a critical mediating role in this relationship. Additionally,
the study demonstrates that perceived entertainment and facilitating conditions have
substantial effects on shaping attitudes and behavioral intentions, underscoring the importance
of enjoyment and support systems in fostering student engagement. The structural model
developed in this research offers strong explanatory power, providing a comprehensive
understanding of the factors that contribute to the success of mobile learning platforms. The
insights gained from this study offer valuable guidance for educators and developers seeking to
enhance mobile learning experiences and improve educational outcomes through targeted
interventions that address these key determinants.

Keywords: mobile learning platforms, student engagement, behavioral intention, structural
equation modeling, educational technology

INTRODUCTION

The rapid advancement of technology over the past few decades has profoundly impacted various sectors,
including education. One of the most transformative developments in this domain has been the rise of mobile
learning platforms. These platforms have revolutionized the traditional learning environment by leveraging
widespread access to mobile devices such as smartphones and tablets, offering unprecedented flexibility and
accessibility in delivering educational content. Unlike conventional classroom settings, mobile learning allows
students to access learning materials anytime and anywhere, effectively accommodating diverse learning
needs and schedules. This flexibility is particularly advantageous in today’s fast-paced world, where balancing
education with other responsibilities has become increasingly challenging. The significance of mobile learning
platforms has been further highlighted during the COVID-19 pandemic, which necessitated a sudden shift
from traditional face-to-face learning to online modes (Zainuddin et al., 2022). These platforms, underpinned
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by mobile technologies, provide learning environments that transcend physical boundaries, offering
accessible and flexible options for students (Bukharaev & Altaher, 2017). The integration of mobile
technologies in education has the potential to reshape the delivery of higher education fundamentally (Biswas
et al., 2020; Sukmana & Kim, 2024). By harnessing wireless communication, internet connectivity, and mobile
computing technologies, mobile learning delivers educational software services that are not constrained by
time or location, thus motivating learners and enhancing their educational outcomes (Shi et al., 2017). For
example, mobile applications in specific educational contexts, such as Quran education, have demonstrated
their potential to engage students and improve learning experiences (Hakimi, 2024). Mobile learning has
emerged as a vital tool in modern education systems, offering new opportunities for interactive and engaging
learning experiences (Stymne, 2020).

The growing emphasis on personalized learning experiences has significantly influenced integrating
mobile learning into educational practices. Mobile learning platforms offer various interactive tools-quizzes,
videos, and discussion forums-catering to individual learning styles and preferences. This personalized
approach enriches the learning experience and fosters greater student engagement and motivation.
Consequently, educational institutions and instructors have increasingly adopted mobile learning as a
supplementary tool to traditional teaching methods, recognizing its potential to enhance student outcomes
and bridge the gap between formal and informal learning environments. Mobile learning, often referred to
as “M-learning,” involves the use of personal mobile devices like smartphones and tablets to access
educational content through mobile apps, online resources, and social media (Almogren & Aljammaz, 2022).
This method offers unparalleled flexibility, allowing students to engage with learning materials anytime and
anywhere. Such accessibility makes mobile learning a powerful tool for extending educational opportunities
beyond the constraints of the traditional classroom. In formal education settings, the integration of mobile
learning within the curriculum necessitates the development of specific, tailored educational apps that
support teachers in their daily instructional tasks across all academic levels (Paule-Ruiz et al., 2016). The
growing integration of mobile technologies into educational systems has emerged as one of the most
significant advancements in the learning and teaching process (Althunibat et al., 2021).

The increasing popularity of mobile learning platforms, particularly in areas like Android-based mobile
learning for graphic design, presents unique opportunities for student engagement in self-directed learning.
This approach has been shown to enhance learning outcomes and boost student motivation (Department of
Technology and Vocational Education, Universitas Negeri Yogyakarta, Sleman, Indonesia & Hakiki, 2024;
Putawa & Sugianto, 2024). As mobile learning applications continue to grow in demand and popularity, they
have become a common feature in modern educational systems, particularly with the widespread
implementation of mobile learning projects (Almaiah et al., 2019). Furthermore, the use of mobile technology
in universities and higher education institutions offers significant benefits, including flexibility in learning, the
ability to extend learning beyond the physical classroom (a practice that became crucial during the pandemic),
and the support of personalized learning experiences (Nikolopoulou et al., 2023). These benefits underscore
the transformative potential of mobile learning in shaping the future of education. Despite the rapid adoption
of mobile learning platforms, a critical need remains to understand the factors influencing students’ decisions
to engage with these technologies. While mobile learning offered numerous benefits, including flexibility and
personalized learning experiences, the actual usage rates among students varied widely. This discrepancy
underscored the importance of identifying and analyzing the determinants that shaped students’ attitudes
and intentions toward mobile learning. Previous studies had explored individual factors, such as perceived
usefulness (PU) and perceived ease of use (PEU), which were central to the technology acceptance model
(TAM). However, these studies often examined these variables in isolation, without considering the complex
interplay between different factors that collectively influenced behavioral intentions.

Recent studies have increasingly focused on understanding technology adoption frameworks and user
behavior in various digital contexts. For example, the adoption of metaverse platforms has been analyzed
using structural equation modeling, highlighting the mediating effects of switching costs on behavioral
intention (EI Emary, 2024). Similarly, machine learning models have been employed to predict consumer
perceptions of metaverse shopping, providing insights into factors influencing technology acceptance (Lenus,
2024). In the Indonesian context, blockchain adoption in supply chain management has been explored,
emphasizing the significance of localized factors in technology implementation (Pratama & Prastyo, 2024).
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Furthermore, trust has been identified as a critical mediator between electronic word-of-mouth and security
on cryptocurrency purchase decisions, demonstrating its importance in digital decision-making (Irfan, 2024).
Additionally, user satisfaction and continuous usage intentions for digital banking platforms in Indonesia have
been studied using structural equation modeling, revealing parallels with mobile learning adoption (Pratama,
2024). Predictive modeling techniques, such as support vector machines, have also been utilized in digital
marketing to analyze user interactions, offering methodological insights relevant to this study (Sangsawang,
2024). Broader reviews have discussed the role of data science and artificial intelligence in shaping modern
industries within Society 5.0, providing a contextual backdrop for the integration of mobile technologies
(Hartatik et al., 2024). Lastly, sentiment analysis of Indonesian healthcare reviews has demonstrated the
applicability of advanced analytical methods, such as ensemble learning, in evaluating user attitudes and
behaviors (Setiawan et al., 2024).

To comprehensively understand the factors influencing students’ engagement with mobile learning, it is
essential to consider a range of variables. These include the impact of mobile learning technologies on student
engagement and learning outcomes, as well as the specific influence of mobile applications on student
engagement in subjects like information and communication technology and computer science (Anuyahong,
2023; Hegarty & Thompson, 2019; Ibrahim, 2024). Additionally, the role of teachers in fostering student
engagement using smartphones for vocational assessment is critical. Technical factors, such as the availability
and quality of mobile devices, play a significant role in the adoption of mobile learning, as do pedagogical
factors like effective instructional design and social factors such as student motivation and interaction (Alanazi
et al., 2024; Wahyuningsih & Chen, 2024). Understanding students’ perceptions, attitudes, and skills regarding
the use of mobile devices, along with factors like usability, interactivity, and curriculum integration, are also
key to enhancing student engagement with mobile learning (Alshammari et al., 2018; Wirawan, 2024).
Furthermore, emotional engagement and the role of instructors in using mobile learning applications can
significantly influence student engagement and learning development in mobile learning environments (Min,
2024; Tam et al., 2024; Wu et al., 2023).

This study aimed to address this gap by developing a comprehensive model that integrated multiple
variables known to affect mobile learning adoption. In addition to PU and PEU, the study included perceived
entertainment (ENT) as a significant factor, acknowledging that the enjoyment derived from using mobile
learning platforms could also drive student engagement. Furthermore, the study incorporated attitude
toward mobile learning (ATML) as a mediating variable, which linked students' perceptions to their behavioral
intentions. Self-efficacy (SE) and facilitating conditions (FC) were also examined to understand their roles in
shaping students' ease of use and overall intention to adopt mobile learning. This integrated approach
provided a more holistic understanding of the factors that influenced mobile learning adoption, offering
valuable insights for educators, policymakers, and developers seeking to enhance the effectiveness and reach
of mobile learning platforms. The body of research on mobile learning adoption had largely focused on
examining individual factors, such as PU and PEU, as determinants of students’ acceptance and continued
use of mobile learning platforms. While these studies provided valuable insights into the role of these
variables, they often approached them in isolation, without considering the complex interrelationships that
might exist among multiple factors. This approach resulted in a fragmented understanding of how different
influences combined to shape students’ attitudes and behavioral intentions toward mobile learning.
Moreover, the existing literature primarily relied on traditional models, such as the TAM, which, although
useful, did not capture the full range of variables that could affect mobile learning adoption in contemporary
educational contexts. In addition to this gap in the integration of variables, more empirical evidence needs to
be explored to explore how these factors interacted to influence behavioral intention toward mobile learning
(BITML). Specifically, few studies have investigated the mediating role of ATML in this process or how variables
like ENT, SE, and FC might interplay with PU and PEU to affect students’ behavioral intentions. This limited
understanding posed challenges for educators and policymakers seeking to enhance mobile learning
adoption, as the strategies informed by existing research might not fully address the factors that drive
students’ intentions. Thus, there was a clear need for a more comprehensive, integrated model to provide a
deeper understanding of the factors influencing BITML, incorporating a broader set of variables and exploring
their interrelationships in greater detail.
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The primary objective of this research was to develop and validate an integrated model that provided a
comprehensive understanding of the factors influencing BITML. Recognizing the limitations of previous
studies that focused on individual variables in isolation, this study examined how multiple key factors shaped
students’ intentions to adopt and use mobile learning platforms. The research aimed to bridge the gap in the
existing literature by integrating various constructs from established models, such as the TAM, with additional
variables that were increasingly relevant in the context of mobile learning. Specifically, the study examined
the relationships between PU, PEU, and ENT with ATML as a mediating factor. The research also explored SE
and FC's influence on PEU and BITML. By constructing this integrated model, the study intended to offer a
more nuanced understanding of the determinants of mobile learning adoption, providing insights that could
inform the development of more effective educational technologies and strategies to enhance student
engagement and learning outcomes. Using structural equation modeling (SEM) as the analytical method
allowed for a robust examination of the complex relationships among these variables, ensuring that the
model was empirically validated and theoretically grounded. The study was designed to address research
questions exploring the complex relationships among key variables influencing students’ BITML. The first
research question focused on understanding the effects of SE and FC on PEU. These variables were selected
based on their established significance in technology adoption models. The hypotheses associated with this
research question were, as follows:

H1: It was hypothesized that SE would positively influence PEU, implying that students who were
confident in their abilities to use mobile learning platforms would find these platforms easier to use
(Kumar et al., 2020).

H2: It was hypothesized that FC would positively affect PEU, indicating that better access to resources
and support would make mobile learning platforms easier to use (Ebadi & Raygan, 2023).

The second research question examined the direct impact of FC on BITML. Given the importance of FC in
technology adoption, this study sought to confirm whether access to resources and support directly led to an
increased intention to use mobile learning platforms. The corresponding hypothesis for this question was:

H3: It was hypothesized that FC would positively influence BITML, suggesting that when students had
sufficient resources and support, they would be more inclined to use mobile learning platforms
(Hunde et al., 2023).

The third research question focused on the role of ENT in influencing ATML. The study aimed to determine
how the entertainment value of mobile learning platforms shaped students’ attitudes, recognizing that a
positive attitude is a critical precursor to behavioral intention. The hypothesis associated with this research
question was:

H4: The study posited that ENT would have a positive effect on ATML, reflecting the idea that the
enjoyment derived from using mobile learning platforms would enhance students’ attitudes
(Hameed et al., 2024).

The fourth research question explored the impact of PEU on ATML and BITML. The study aimed to analyze
how the ease of use of mobile learning platforms influenced both students’ attitudes toward these platforms
and their intention to use them. The hypotheses related to this question were:

H5: It was hypothesized that PEU would positively influence ATML, based on the assumption that
students who found mobile learning platforms easy to use would develop more positive attitudes
toward them (Kampa, 2023).

H6: It was also hypothesized that PEU would positively influence BITML, suggesting that students who
found mobile learning platforms easy to use would be more likely to intend to use them (Kampa,
2023).

The fifth research question examined the direct and indirect effects of PU on ATML and BITML. The study
aimed to determine whether students’ perceptions of the usefulness of mobile learning platforms influenced
their attitudes and behavioral intentions. The hypotheses associated with this research question were:

H7: It was hypothesized that PU would positively influence ATML, suggesting that students who found
mobile learning beneficial would have a more favorable attitude toward its use (Kampa, 2023).
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H8: It was also hypothesized that PU would directly influence BITML, reflecting the belief that the more
useful students found mobile learning, the more likely they were to intend to use it (Kampa, 2023).

Finally, the study investigated the relationship between ATML and BITML. Given the central role of attitude
in behavioral intention models, this study sought to confirm whether a positive ATML would directly lead to
an increased intention to use such platforms. The corresponding hypothesis for this question was:

H9: It was hypothesized that ATML would positively influence BITML, indicating that students with a
favorable ATML would be more likely to intend to use it in the future (Hameed et al., 2024).

These research questions and hypotheses formed the foundation of the study, guiding the development
of the integrated model and the subsequent analysis of the relationships between these key variables.

LITERATURE REVIEW

Understanding the Value of Mobile Learning

PU has been established as a fundamental construct in the TAM, which refers to the degree to which an
individual believes that using a particular system will enhance their performance. In mobile learning, PU is
defined as the extent to which students perceive that using mobile learning platforms will improve their
academic performance, increase learning efficiency, and contribute positively to their educational experience.
This construct is particularly relevant in educational settings, where the perceived practical benefits of
technology can significantly influence students’ willingness to adopt and continue using new learning tools.
Extensive research has consistently demonstrated the critical role of PU in shaping students’ ATML and their
BITML. For instance, Kampa (2023) found that PU is a significant predictor of ATML, suggesting that the more
students recognize the usefulness of mobile learning, the more favorable their attitudes become. Moreover,
several empirical studies have directly linked PU to BITML, indicating that students who perceive high
usefulness in mobile learning are more likely to express a strong intention to adopt and continue using these
platforms. This relationship highlights the importance of PU in the initial acceptance and the sustained use of
mobile learning technologies.

The influence of PU extends across various contexts within mobile learning. Kumar et al. (2020)
emphasized the impact of mobile learning SE on PU, which, in turn, affects subjective norms, attitudes, and
behavioral intentions. Feng (2023) similarly highlighted that PU significantly impacts the behavioral intention
to use mobile learning platforms, reinforcing the construct's central role in technology adoption. Additionally,
Aljaaidi et al. (2020) found positive associations between PU, PEU, ATML, and BITML, further solidifying the
interconnectedness of these variables. Moreover, Guo et al. (2020) explored how students' perceptions of PU
and PEU influence their BITML, finding that both constructs are pivotal in the decision-making process. Al-
Rahmi et al. (2021) further emphasized that student satisfaction with PU, PEU, ATML, and BITML is essential
for achieving educational sustainability through mobile learning. Xu et al. (2022) demonstrated that PU and
ATML significantly affect medical students' intention to continue using mobile health applications,
underscoring the universal applicability of these constructs across different learning domains. These findings
consistently support the notion that PU is a critical determinant in influencing ATML and BITML.
Understanding and enhancing PU can thus lead to more effective strategies for promoting the adoption and
continued use of mobile learning platforms, ultimately contributing to improved educational outcomes.

The Importance of Usability in Learning Technologies

PEU was a central construct in the TAM and referred to the degree to which a user believed that using a
particular system would be free of effort. In mobile learning, PEU was defined as the extent to which students
found mobile learning platforms easy to use, navigate, and integrate into their daily routines. The significance
of PEU in technology adoption lies in its potential to lower barriers to entry for users, thereby increasing the
likelihood that they would accept and continue to use the technology. A system perceived as easy to use
requires less mental and physical effort, which enhances user satisfaction and reduces resistance to adoption.
Empirical evidence consistently linked PEU with ATML and BITML. Studies demonstrated that when students
found mobile learning platforms easy to use, they were more likely to develop positive attitudes toward these
platforms, which played a crucial role in their overall acceptance and continued use of the technology. For
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example, research conducted by Kampa (2023) showed that PEU was a significant predictor of ATML,
indicating that the ease students could use mobile learning platforms directly influenced their attitudes
toward them. Furthermore, PEU's influence extended beyond attitude formation, directly impacting BITML.
Students who perceived mobile learning platforms as user-friendly were more likely to intend to use these
platforms regularly, as the perceived ease reduced the cognitive and time investment required. This
relationship underscored PEU's critical role in shaping ATML and driving BITML, making it a key variable in
understanding mobile learning technologies’ adoption and sustained use.

Further supporting the significance of PEU, Kumar et al. (2020) emphasized the impact of mobile learning
SE on PEU, PU, subjective norms, ATML, and BITML. This underscores the interconnectedness of PEU with
other important factors in technology adoption. Additionally, Huang and Li (2022) pointed out that PEU
directly affects learners’ interactive attitudes and mediates the relationship between PEU and ATML,
highlighting the broader influence of ease of use on engagement in educational technologies. Aljaaidi et al.
(2020) found positive associations between PEU, PU, attitudes, and behavioral intentions towards using a
university mobile application. Similarly, Zhou et al. (2021) highlighted the significant positive impact of PEU on
PU, usage attitudes, and intentions to use mobile learning technologies. These findings consistently
underscored the importance of PEU as a determinant of users’ attitudes and intentions in mobile learning
contexts. Moreover, Naveed et al. (2020) demonstrated that PEU was significantly associated with mobile
learning acceptance, alongside PU, ATML, and FC. This indicated that PEU was a critical factor influencing
users’ acceptance of mobile learning technologies. Additionally, Wang (2017) explored these relationships
within a mobile learning environment for Japanese language learning, further reinforcing that PEU is a vital
predictor of ATML and BITML. Collectively, these studies highlight the pivotal role of PEU in the context of
mobile learning. Understanding and enhancing PEU can lead to more effective strategies for promoting the
adoption and sustained use of mobile learning platforms, ultimately contributing to better learning outcomes.

The Impact of Enjoyment on Learning Engagement

ENT refers to how users find an activity enjoyable and engaging. In mobile learning, ENT was defined as
the degree to which students perceived mobile learning platforms as fun. This construct was particularly
significant in voluntary learning environments, where learners could choose when and how they engaged
with educational content. Unlike mandatory learning settings, where students might participate out of
necessity rather than interest, voluntary environments require platforms to be effective and enjoyable to
sustain long-term engagement. ENT played a critical role in these settings by enhancing learners’ intrinsic
motivation and encouraging them to invest more time and effort into learning. Several studies demonstrated
the substantial impact of ENT on ATML and BITML. Research indicated that when students found mobile
learning entertaining, they were more likely to develop positive attitudes toward using these platforms. For
instance, Hameed et al. (2024) found that ENT significantly influenced ATML, suggesting that the enjoyment
and pleasure derived from mobile learning platforms contributed to a more favorable evaluation of the
technology. Additionally, ENT directly impacted BITML, as students who perceived mobile learning as
entertaining were more likely to express a strong intention to use these platforms regularly. This relationship
underscored the importance of incorporating entertainment elements into mobile learning platforms to
enhance student attitudes and behavioral intentions, ultimately supporting mobile learning technologies'
sustained adoption and use.

The role of ENT extended beyond just influencing attitudes; it also had a broader impact on various aspects
of technology adoption. For example, Hameed et al. (2024) highlighted that ENT and factors like
informativeness, trust, and value directly impacted ATML, influencing behavioral intentions. Similarly, Ghyas
and Kondo (2016) identified ENT as a key determinant for the intention to use mobile entertainment services,
with a strong direct effect on attitudes and an indirect effect on behavioral intention. These findings were
further supported by Hameed and Qayyum (2018), who demonstrated that ATML mediated the relationship
between entertainment, informativeness, irritation, and behavioral intention, reinforcing the critical role of
entertainment in the adoption of mobile learning. Moreover, research has consistently shown that the
adoption of mobile technologies was influenced by a combination of factors, including PU, ease of use,
entertainment value, and attitudes, all of which contributed to behavioral intentions (Hamid et al., 2016;
Murnawan et al., 2024). Jiang et al. (2015) also found that ENT significantly affected attitudes toward use,
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leading to a stronger behavioral intention to adopt mobile games. Additionally, Kiclk et al. (2020) identified
attitudes as a crucial factor influencing the behavioral intention to use mobile learning technologies, further
highlighting the interconnectedness of these constructs. In related contexts, such as mobile advertising,
Martinez-Ruiz et al. (2017) demonstrated that ENT and information, credibility, and irritation influenced
attitudes toward mobile advertising, which subsequently affected behavioral intentions. This pattern was
similarly observed in mobile learning for sustainability, where factors like PU, ease of use, enjoyment, attitude
toward use, and behavioral intention were found to impact students’ satisfaction and actual use of mobile
learning (Al-Rahmi et al., 2021). Collectively, these studies emphasized the significance of ENT as a critical
determinant in shaping attitudes and behavioral intentions in mobile learning. By enhancing the
entertainment value of mobile learning platforms, educators and developers can increase student
engagement and promote the sustained use of these technologies, leading to improved educational
outcomes.

Attitude Toward Mobile Learning

ATML refers to an individual's overall positive or negative evaluation of using mobile learning platforms.
In technology adoption, attitude was a critical determinant of whether an individual would accept and
continue to use a new technology. ATML encompassed students’ feelings about the usefulness, ease of use,
and enjoyment of mobile learning. This construct was particularly important because it directly influenced
BITML, the primary outcome of interest in many technology acceptance studies. ATML also played a significant
mediating variable, linking key antecedents such as PU, PEU, and ENT to BITML. When students had a positive
ATML, it often served as a bridge between these antecedents and their behavioral intentions. For instance,
even if a student found a mobile learning platform useful and easy, their intention to continue using it largely
depends on their attitude. This mediating role of ATML was well-supported in the literature, as studies
consistently showed that a positive ATML significantly increased the likelihood that students would intend to
use these platforms in the future. Research has extensively documented the connection between ATML and
BITML. Numerous studies confirmed that ATML was one of the strongest predictors of BITML, highlighting its
central role in the technology adoption process. For instance, Hameed et al. (2024, p. 202) demonstrated that
students with a favorable ATML were significantly more likely to intend to use these platforms consistently
strongly. This finding was consistent across various educational contexts and technologies, reinforcing the
importance of fostering positive attitudes toward mobile learning to encourage sustained use. The strong
relationship between ATML and BITML underscored the need for educational institutions to focus not only on
the functional aspects of mobile learning platforms but also on strategies that enhance students’ overall
attitudes toward these technologies.

Attitude was crucial in influencing BITML across various studies. Hameed and Qayyum (2018) found a
positive and significant relationship between ATML and behavioral intention, emphasizing the importance of
attitude in shaping students' intentions to adopt mobile learning technologies. Similarly, Pramana (2018)
identified that students’ attitudes, subjective norms, and behavioral control significantly influenced their
intention to adopt mobile learning. Isaias et al. (2017) further emphasized that a positive ATML led directly to
the intention to use such technologies, highlighting the direct pathway from attitude to behavioral intention.
Moreover, Kumar et al. (2020) underscored the role of mobile learning SE in influencing PEU and PU and
subjective norms, ATML and BITML. This interconnectedness suggested that improving students’ SE could
enhance their attitudes and, consequently, their intention to adopt mobile learning platforms. Al-Rahmi et al.
(2021) also noted a positive effect of PEU on students’ intention to use mobile learning, mediated through
their attitudes. Additionally, Wang (2022) found that individuals’ attitudes toward mobile learning, alongside
perceived behavioral control, subjective norms, and compatibility, significantly influenced their adoption
intention. Collectively, these studies highlighted the centrality of ATML in the adoption process of mobile
learning technologies. A positive attitude directly influenced students’ intentions and mediated the effects of
other key factors, underscoring its pivotal role in the successful implementation and sustained use of mobile
learning platforms.
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Behavioral Intention Toward Mobile Learning

BITML was defined as the degree to which students intended to use mobile learning platforms in the
future. Within the context of TAMs, BITML served as the primary outcome variable, representing the ultimate
behavioral response the model aimed to predict. The significance of BITML lies in its ability to forecast actual
usage behaviors; a strong intention to use mobile learning often translated into sustained engagement with
the technology. Therefore, understanding the factors that influenced BITML was crucial for educators and
developers seeking to enhance the adoption and effective use of mobile learning platforms. Numerous
studies demonstrated how key variables such as PU, PEU, FC, and ATML predicted BITML. PU consistently
showed a strong positive impact on BITML, as students who believed that mobile learning would enhance
their academic performance were more likely to intend to use these platforms regularly. Similarly, PEU played
a significant role in shaping BITML, with research indicating that students who found mobile learning
platforms easy to navigate and use were more inclined to adopt them in the long term.

FC also emerged as a critical predictor of BITML. Studies suggested that when students had access to
necessary resources, such as reliable internet connections and technical support, they were more likely to
intend to use mobile learning strongly. Finally, ATML was identified as one of the strongest predictors of
BITML. Research consistently showed that a positive ATML mediated the effects of PU and PEU on BITML and
directly influenced students’ intentions to continue using these platforms. These findings highlighted the
importance of creating supportive learning environments and fostering positive attitudes toward mobile
learning to encourage widespread adoption and sustained use. BITML was influenced by various factors, as
highlighted in the literature. Studies consistently showed that PU and PEU played crucial roles in shaping
individuals’ attitudes and intentions toward mobile learning (Handayati & Trisnawati, 2023; Huang & Li, 2022;
Viriyasuebphong et al., 2021; Widiar et al., 2023). PU referred to the degree to which a person believed that
using a particular system would enhance their performance, while PEU related to the extent to which a person
believed that using the system would be free of effort (Aggarwal, 2019). These two factors were identified as
significant determinants that could directly or indirectly affect behavioral intention.

Moreover, FC was recognized as a key factor influencing BITML (A¢ikgul & Sad, 2021; Guo et al., 2020;
Yadulla et al., 2024). FC encompassed external factors that might affect a system’s ease of use, such as
technical support, infrastructure, and resources. Studies showed that FC had a direct, significant effect on
behavioral intention, indicating its importance in shaping individuals’ decisions to engage with mobile learning
platforms. Additionally, factors such as attitude towards use, social influence, SE, and personal innovativeness
were identified as influencing behavioral intention in mobile learning (Berlilana & Mu'amar, 2024; Guo et al.,
2020; Poong et al., 2016). Attitude towards use reflected an individual's overall evaluation or favorability
towards using a system, while social influence pertained to the impact of social factors on an individual's
decision-making process. SE refers to an individual's belief in their ability to successfully use a system, while
personal innovativeness is related to the willingness to try out new technologies. These factors collectively
shaped individuals’ intentions to engage with mobile learning. Collectively, these findings reinforced the
importance of understanding the multifaceted factors that influence BITML. By identifying and enhancing
these key determinants, educators and technology developers can more effectively promote the adoption
and sustained use of mobile learning platforms, leading to improved educational outcomes.

The Role of Self-Efficacy in Learning Technology Adoption

SE was defined as an individual's belief in their ability to execute the actions required to achieve specific
goals successfully. From Bandura's social cognitive theory, SE was considered a critical determinant of human
behavior across various domains, including education and technology adoption. Within mobile learning, SE
refers to students' confidence in their ability to use mobile learning platforms effectively. This construct was
particularly relevant in educational settings where technology could pose challenges to students who might
feel uncertain about their technical skills. SE influenced not only the initial decision to engage with mobile
learning but also the extent to which students were willing to persevere in the face of difficulties. Previous
research consistently highlighted the significant effect of SE on PEU. Studies indicated that students with high
levels of SE were more likely to perceive mobile learning platforms as easy to use. This was because students
who believed in their technical abilities were more likely to approach mobile learning with a positive mindset,
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capable of overcoming any challenges. For instance, Kumar et al. (2020) found that SE was a strong predictor
of PEU, demonstrating that students with higher SE were more likely to see mobile learning tools as
straightforward and manageable. This relationship underscored the importance of enhancing students’ SE to
improve their experiences with mobile learning platforms, ultimately leading to greater adoption and
sustained use of these technologies.

The role of SE in influencing PEU has been widely recognized across various technological contexts.
Widayati et al. (2023) emphasized that SE is a fundamental determinant of PEU, anchoring initial perceptions
that can be adjusted based on user experience. This notion was further supported by Ozturk (2016), who
demonstrated that SE significantly influences both PU and PEU. Suryawirawan (2021) also found a positive
significant impact of SE on PEU, reinforcing the close relationship between these constructs. Additional
studies have confirmed the substantial influence of SE on PEU. For example, Islam et al. (2015) reported that
SE has a strong and positive direct influence on PEU, further solidifying the connection between these
variables. Habibi et al. (2022) also noted that SE significantly influences PEU and PU, aligning with the broader
understanding that SE is critical in shaping users’ perceptions of technology. The literature further suggests
that SE is closely linked to PEU in various contexts. Rosman et al. (2022) highlighted a positive and significant
relationship between SE and PU and ease of use. Similarly, Jou et al. (2022) indicated that computer SE directly
influences PEU, affecting PU and attitudes toward technology adoption. Collectively, these findings highlight
the critical role of SE in technology adoption. By enhancing SE, educators and technology developers can help
improve students’ perceptions of ease of use, increasing the likelihood of sustained engagement with mobile
learning platforms.

Facilitating Conditions and Their Role in Learning Adoption

FC refers to the resources, infrastructure, and support systems that enable individuals to use a particular
technology effectively. In mobile learning, FC encompassed the availability of necessary technological tools
(such as smartphones or tablets), reliable internet connectivity, access to technical support, and a conducive
learning environment. These conditions were critical in ensuring students could easily engage with mobile
learning platforms without facing significant barriers. The relevance of FC in supporting technology use was
well-established, as it directly influenced how users perceived the ease of using a given technology,
particularly in educational settings where access to resources could vary widely. Empirical studies consistently
demonstrated the impact of FC on PEU and BITML. Research indicated that when students had access to
robust FC, they were more likely to perceive mobile learning platforms as easy to use. For instance, Ebadi and
Raygan (2023) found that reliable internet and technical support significantly enhanced students’ PEU, as
these conditions reduced the cognitive load and frustration associated with using new technology.
Furthermore, FC also had a direct influence on BITML. Studies showed that students who experienced strong
FC were more likely to develop a positive intention to use mobile learning platforms consistently. Hunde et
al. (2023) highlighted that the availability of necessary resources not only made the technology more
accessible but also increased students’ confidence in their ability to use it effectively, thereby strengthening
their behavioral intention to adopt mobile learning as a regular part of their educational experience. These
findings underscored the importance of investing in and maintaining robust FC to promote the successful
adoption and sustained use of mobile learning technologies.

FC was crucial in influencing attitudes and BITML. Various studies emphasized the significance of FC, along
with factors like social influence, performance expectancy, and effort expectancy, in shaping individuals’
attitudes and intentions to use mobile learning resources (Botero et al., 2022; Handayani, 2023; Kumar et al.,
2020; Pramana, 2018). These FCs, which included technical support, resource availability, and infrastructure,
consistently emerged as key determinants of BITML (Hoang et al., 2021; Julita, 2023; Talan, 2024). Moreover,
FC was shown to positively impact the adoption of various technologies, including mobile learning systems
(Huang, 2015; Rahman et al., 2020; Rudhumbu, 2022). The unified theory of acceptance and use of technology
(UTAUT) is frequently featured in studies to understand the factors influencing BITML. This theory included
constructs such as performance expectancy, effort expectancy, social influence, and FC, all of which played
critical roles in shaping attitudes and intentions toward technology use (Botero et al., 2022; Handayani, 2023;
Kumar et al., 2020; Pramana, 2018). Additionally, some studies extended the UTAUT model to include other
factors such as SE, satisfaction, and hedonic motivation, further illustrating the multifaceted influences on
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BITML (Issaramanoros et al., 2018; Izkair & Lakulu, 2021; Kumar et al., 2020). Furthermore, research suggested
that FC not only directly impacted behavioral intentions but also mediated the relationship between other
factors, such as attitude and intention toward mobile learning (Hameed & Qayyum, 2018; Hameed et al.,
2024). Studies also indicated that FC could enhance the learning environment and promote positive ATML,
ultimately influencing individuals’ intentions to engage with such platforms (Hananto & Srinivasan, 2024;
Hoang et al., 2021; Wu & Ho, 2021).

METHOD

Research Design and Data Collection

This study adopted a quantitative research design, which was particularly well-suited for examining the
relationships between multiple variables within a SEM framework. The quantitative approach was chosen
because it allows for a statistical understanding of the factors influencing BITML. This method enabled the
researchers to quantitatively assess the strength and significance of the hypothesized paths in the proposed
model, providing a robust means to understand the complex interactions between variables such as PU, PEU,
and ATML.

The sampling method employed in this study was purposive sampling, targeting students who were
actively engaged in mobile learning. Initially, 375 questionnaires were distributed, of which 363 were deemed
valid after a validation process. The validation step involved the key question, “Has the user ever used mobile
learning?” Out of the 375 respondents, 363 confirmed that they had experience with mobile learning
platforms, while the remaining respondents did not, and were therefore excluded from the analysis. The final
sample size of 363 respondents was determined based on established guidelines for SEM, ensuring adequate
power to detect significant effects within the model. This sample size was sufficient to accurately estimate the
relationships between variables and ensure the generalizability of the findings, balancing statistical power
with the practical constraints of data collection.

The research focused on users of popular mobile learning platforms widely used in Indonesia, such as
Ruangguru, Zenius, and Quipper. These platforms were selected due to their significant presence and
widespread adoption among students in Indonesia, making them representative of the broader mobile
learning user population in the country. Data was collected from users who actively engaged with these
platforms, providing valuable insights into their experiences and perceptions regarding mobile learning. The
data collection process was conducted through an online survey using Google Forms, distributed between
April and May 2024. The use of an online survey allowed for efficient data collection across a broad geographic
area, ensuring diverse participation. Respondents completed a structured questionnaire that included
demographic questions and items measuring the key constructs of the study. The two-month data collection
period provided sufficient time to gather a representative sample, ensuring that the responses accurately
reflected the target population. Google Forms facilitated the systematic organization and retrieval of data,
which was then prepared for analysis within the SEM framework. This methodological approach provided a
rigorous foundation for examining the factors influencing BITML, leveraging the strengths of quantitative
analysis to draw meaningful conclusions from the data.

Research Model and Hypothesis Development

The research model was grounded in well-established theoretical frameworks, primarily drawing from the
TAM and UTAUT. These models provided a robust foundation for understanding how various factors influence
the acceptance and use of technology, specifically within mobile learning. The constructs such as PU, PEU,
and ATML were integral to these models and had been widely validated in prior research. The current study
extended these theories by integrating additional constructs, including ENT, SE, and FC, to develop a more
comprehensive understanding of the factors that drive BITML. The hypotheses were carefully developed
based on the integrated model, which sought to explore these constructs' direct and indirect effects on BITML.
For instance, H1 hypothesized that SE would positively influence PEU, grounded in the idea that students
confident in their technical abilities would find mobile learning platforms easier to use. H2 and H3 posited
that FC would directly impact PEU and BITML, reflecting the importance of accessible resources and support
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H6.

Figure 1. Research framework diagram (Source: Authors’ own elaboration)

in facilitating the use and adoption of mobile learning technologies. These hypotheses acknowledged the
significant role of external factors in easing the adoption process and promoting sustained usage.

Further, H4 focused on the impact of ENT on ATML, suggesting that the enjoyment derived from mobile
learning platforms would enhance students’ attitudes toward these technologies. H5 and H6 examined PEU's
influence on ATML and BITML, underpinned by the notion that easier-to-use technologies reduce cognitive
load, thereby fostering more positive attitudes and intentions to use the platforms. The study also
hypothesized that PU would directly and indirectly affect BITML. H7 suggested that PU would positively
influence ATML, as students who perceive mobile learning as beneficial to their educational goals will likely
develop favorable attitudes toward its use. H8, on the other hand, posited a direct relationship between PU
and BITML, indicating that the perceived utility of mobile learning could independently drive students’
intentions to adopt these platforms. Finally, H9 hypothesized that ATML would serve as a mediating variable,
bridging the influence of PU, PEU, and ENT on BITML. This hypothesis was rooted in the extensive literature
suggesting that attitudes are critical predictors of behavioral intentions, particularly in the context of
technology adoption. At the conclusion of this section, the research framework diagram, shown in Figure 1,
is presented to visually represent these hypothesized relationships. This diagram serves as a comprehensive
overview of the research model, illustrating the expected pathways between the constructs and highlighting
the integrated nature of the study’s approach to understanding BITML. The framework provided a clear and
structured guide for the subsequent data analysis, ensuring that each hypothesis was systematically tested
within the SEM-PLS framework.

Measurement Instruments

The measurement instruments employed in this study were meticulously developed or adapted from well-
established sources to ensure reliability and validity for each construct. The process began with an extensive
literature review, focusing on identifying existing scales previously validated in similar contexts. Where
necessary, these scales were tailored to fit the specific focus on mobile learning within this research. PU and
PEU were measured using items derived from Davis's (1989) TAM. The PU items assessed the extent to which
students believed that using mobile learning platforms would enhance their academic performance, while
the PEU items evaluated how easy students found it to use these platforms, particularly in terms of navigation
and integration into their learning routines. ENT was measured using a scale adapted from Hameed et al.
(2024). This construct focused on the degree of enjoyment and engagement students experienced while using
mobile learning platforms, particularly in voluntary learning environments where the user's choice and
enjoyment are critical for sustained engagement. SE was assessed using items based on Park et al. (2012).
These items gauged students’ confidence in their ability to effectively navigate and utilize mobile learning
platforms, reflecting their perceived competence in using technology in an educational context. FC, which
included the availability of necessary resources, infrastructure, and support systems, was measured using a
scale adapted from Ebadi and Raygan (2023).
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Table 1. Item questionnaire

Iltem Questionnaire
PU (Davis, 1989)
PU1 Mobile learning helps me to learn more efficiently.
PU2 Mobile learning improves my academic performance.
PU3 Mobile learning makes my learning more effective.
PU4 Overall, mobile learning is beneficial for my learning.
PEU (Davis, 1989)
PEU1 Learning to use mobile learning is easy for me.
PEU2 It is easy to get materials from mobile learning.
PEU3 The process of using mobile learning is clear and understandable.
PEU4 | find mobile learning easy to use.

ENT (Hameed et al., 2024)
ENT1

Mobile learning is entertaining to me.

ENT2 Mobile learning is fun to use.
ENT3 | feel excited while using mobile learning.
ENT4 | enjoy using mobile learning.
SE (Park et al., 2012)
SE1 I have the necessary skills for mobile learning.
SE2 I am a skillful user of mobile learning on mobile devices.
SE3 I have confidence in using computers and mobile devices for mobile learning.
SE4 | understand computer and mobile device terms well for mobile learning.

FC (Ebadi & Raygan, 2023)
FC1

| can easily access mobile-based technological devices (e.g., smartphones or tablets).

FC2 | can have an internet connection on a smartphone or tablet regularly and easily.

FC3 I have access to useful apps for mobile learning on smartphones or tablets.

FC4 I am provided with enough support if | face issues with a smartphone or tablet.
ATML (Hameed et al., 2024)

ATMLA1 Using mobile learning is a good idea.

ATML2 Using mobile learning for learning purposes is a wise idea.

ATML3 Using mobile learning is a pleasant experience.

ATML4 It is desirable to use mobile learning.
BITML (Hameed et al., 2024)

BITML1 | am likely to use mobile learning in the future.

BITML2 I intend to use mobile learning for learning purposes.

BITML3 | intend to use mobile learning frequently for learning purposes.

BITML4 | would consider using mobile learning for learning purposes.

ATML and BITML were measured using scales adapted from Hameed et al. (2024). ATML assessed
students’ overall positive or negative evaluation of mobile learning platforms, encompassing cognitive and
affective components. BITML, on the other hand, measured the degree to which students intended to
continue using mobile learning platforms in the future. These measurement instruments underwent rigorous
testing for internal consistency and reliability through pilot studies before being employed in the main data
collection process. The specific items used for each of these constructs are presented in Table 1:
Questionnaire items, which provides a comprehensive overview of the survey items organized by construct.
This careful selection and adaptation of measurement instruments ensured that the data collected was robust
and suitable for subsequent SEM-PLS analysis, providing a strong foundation for the study's findings.

Data Analysis

The data analysis in this study was conducted using SmartPLS, a powerful tool for partial least squares
SEM. The process began with data preparation, where the collected survey responses were cleaned and
screened for any missing or inconsistent entries. Once the dataset was finalized, it was imported into
SmartPLS for further analysis. The analysis proceeded in two main stages: evaluation of the measurement
model and evaluation of the structural model. The first stage involved assessing the measurement model to
ensure that the constructs were reliably and validly measured. This was done by evaluating both reliability
and validity metrics. Reliability was assessed using Cronbach'’s alpha and composite reliability, with thresholds
of 0.70 or higher indicating acceptable internal consistency. Validity was examined through two main types:
convergent validity and discriminant validity. Convergent validity was evaluated by checking the average
variance extracted (AVE) for each construct, with values above 0.50 indicating that the construct explained
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Table 2. Demographic data

Demographic characteristic Category Frequency Percentage (%)
Gender Male 182 50.14
Female 181 49.86
Education High school 85 23.42
Bachelor 130 35.81
Master 148 40.77
Age 18-24 111 30.58
25-34 147 40.50
35-44 62 17.08
45+ 43 11.85
Smartphone usage for learning purposes (daily) 1-2 hours 109 30.03
2-4 hours 110 30.30
Less than 1 hour 80 22.04
More than 4 hours 64 17.63
Smartphone usage for learning purposes (weekly) 1 day 60 16.53
2-3 days 109 30.03
4-5 days 116 31.96
6-7 days 78 21.49

more than half of the variance of its indicators. Discriminant validity was assessed using the Fornell-Larcker
criterion and the Heterotrait-Monotrait ratio, ensuring that each construct was distinct from the others in the
model.

Following the validation of the measurement model, the analysis moved to the structural model
evaluation. This stage involved assessing the relationships between the constructs as hypothesized in the
research model. Path coefficients (8s) were calculated to determine the strength and direction of these
relationships. Hypothesis testing was then conducted by examining the significance of the B, with
bootstrapping procedures employed to generate t-statistics and p-values. A path was considered significant
if the p-value was less than 0.05. Additionally, the model's overall fit was assessed using the standardized root
mean square residual, with values below 0.08 indicating a good fit. The structural model’s evaluation also
included assessing the model's predictive accuracy through R-squared (R?) values for each endogenous
construct. These values indicated the proportion of variance in the dependent variables that the independent
variables could explain. In this study, R? values were used to gauge the model’s explanatory power, with higher
values indicating greater predictive accuracy. The combined assessment of S, hypothesis testing results, and
model fit indices provided a comprehensive evaluation of the structural model, ensuring that the relationships
between the variables were robust and meaningful. This rigorous approach to data analysis ensured that the
study's findings were based on a solid empirical foundation, providing valuable insights into the factors
influencing BITML.

RESULT & DISCUSSION

Descriptive Statistics

The sample’'s demographic characteristics provided a comprehensive overview of the participants involved
in the study, as shown in Table 2. Table 2 provides a detailed breakdown of the demographic characteristics
of the respondents, including gender, education level, age, hours spent on smartphones for learning, and the
frequency of mobile learning platform usage. Table 2 is a foundational reference for understanding the
context in which the study’s findings were derived, ensuring that the analysis was grounded in a well-
characterized sample.

The sample consisted of 363 respondents, with a nearly even gender distribution. Specifically, 181 (49.86%)
were female, while 182 (50.14%) were male. This balanced representation ensured that the study’s findings
were not biased toward one gender, allowing for more generalizable conclusions regarding the factors
influencing BITML. Most respondents held advanced degrees in education. A total of 148 (40.77%) had
obtained a master's degree, while 130 respondents (35.81%) held a bachelor's degree. The remaining 85
respondents (23.42%) had completed high school as their highest level of education. The distribution of
education levels suggested that the sample was relatively well-educated, which could affect their familiarity
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Table 3. Inner VIF results

Path VIF value
SE — PEU 2.326
FC - PEU 2.326
FC — BITML 3.105
ENT — ATML 3.367
PEU — ATML 2.618
PEU — BITML 4,027
PU — ATML 4.003
PU — BITML 7.173
ATML — BITML 7.900

and comfort with mobile learning technologies. The age distribution of the respondents indicated a
concentration in the younger and middle-aged demographics. The largest age group was 25-34 years old,
comprising 147 respondents (40.50%), followed by the 18-24 age group, with 111 respondents (30.58%). The
35-44 age group accounted for 62 respondents (17.08%), while those aged 45 and above were the smallest
group, with 43 respondents (11.85%). This age distribution highlighted that most respondents were likely to
be in their careers’ early or mid-stages, potentially influencing their engagement with mobile learning as a
means of professional development or continued education.

Regarding smartphone usage for learning purposes, respondents varied in the amount of time they spent
daily on mobile learning. A significant portion of the sample, 110 respondents (30.30%), reported spending 2-
4 hours daily on their smartphones for learning. A similar percentage, 109 respondents (30.03%), used their
smartphones for 1-2 hours daily. Meanwhile, 80 respondents (22.04%) spent less than 1 hour per day, and
64 respondents (17.63%) reported spending more than 4 hours on smartphone-based learning activities.
These figures suggested that a considerable portion of the respondents were actively using mobile learning
platforms, with a significant number dedicating multiple hours each day to these activities. Finally, the
frequency of mobile learning platform usage varied among the respondents. A total of 116 respondents
(31.96%) used mobile learning platforms 4-5 days per week, indicating a regular and consistent engagement
with these technologies. Another 109 respondents (30.03%) reported using mobile learning platforms 2-3
days per week, while 78 respondents (21.49%) used them 6-7 days per week, reflecting a high commitment
to mobile learning. The remaining 60 respondents (16.53%) engaged with mobile learning platforms only 1
day per week. This variation in usage frequency provided insights into the different levels of engagement and
dependence on mobile learning across the sample.

The variance inflation factor (VIF) analysis was conducted as part of the preliminary evaluation of the
measurement model to assess the presence of multicollinearity among the independent variables.
Multicollinearity occurs when independent variables in a regression model are highly correlated, which can
distort the regression coefficients' estimates and affect the results’ reliability. VIF values greater than 10
typically indicate significant multicollinearity issues, while values below this threshold suggest that
multicollinearity is not a concern.

The results of the VIF analysis, as presented in Table 3, indicated that all the VIF values were below the
critical threshold of 10, suggesting that multicollinearity was not an issue in this study. The highest VIF value
was observed for the path from ATML to BITML, with a VIF of 7.900, which, although substantial, was still
within acceptable limits. This finding suggested that ATML, while highly correlated with BITML, did not
excessively inflate the variance of the regression coefficients in the model. Other notable VIF values included
7.173 for the path from PU to BITML and 4.027 for the path from PEU to BITML, indicating moderate
correlations between these variables and BITML. The VIF values for the paths from FC to BITML (3.105) and
from ENT to ATML (3.367) further supported the absence of severe multicollinearity in the model. The
remaining VIF values for the paths from FC to PEU (2.326), SE to PEU (2.326), PEU to ATML (2.618), and PU to
ATML (4.003) were all well below the threshold, reinforcing the robustness of the model’s estimates.

Measurement Model Evaluation

The measurement model was evaluated to ensure the reliability and validity of the constructs used in this
study. Reliability was assessed through Cronbach'’s alpha and composite reliability, shown in Table 4. While
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Table 4. Reliability analysis and convergent validity

Construct Item Factor loading Cronbach’s alpha  Composite reliability AVE

ATML ATML1 0.651 0.645 0.789 0.484
ATML2 0.69
ATML3 0.686
ATML4 0.751

BITML BITML1 0.492 0.331 0.663 0.336
BITML2 0.494
BITML3 0.57
BITML4 0.729

ENT ENT1 0.699 0.643 0.788 0.482
ENT2 0.712
ENT3 0.645
ENT4 0.718

FC FC1 0.767 0.651 0.791 0.487
FC2 0.689
FC3 0.621
FC4 0.707

PEU PEU1 0.579 0.382 0.68 0.349
PEU2 0.521
PEU3 0.573
PEU4 0.678

PU PU1 0.739 0.721 0.826 0.544
PU2 0.707
PU3 0.729
PU4 0.773

SE SE1 0.721 0.637 0.785 0.478
SE2 0.642
SE3 0.632
SE4 0.763

Table 5. Discriminant validity

ATML BITML ENT FC PEU PU SE
ATML 0.695
BITML 0.826 0.579
ENT 0.897 0.725 0.694
FC 0.719 0.738 0.635 0.698
PEU 0.841 0.778 0.722 0.742 0.59
PU 0.904 0.786 0.829 0.788 0.773 0.737
SE 0.814 0.684 0.742 0.755 0.732 0.834 0.692

most constructs demonstrated acceptable internal consistency, with Cronbach’s alpha values within
reasonable ranges, a few constructs, such as BITML and PEU, exhibited lower Cronbach’s alpha values. These
findings suggest a degree of variation within the items of these constructs, which, while slightly below
conventional thresholds, still provided meaningful insights into the constructs measured. Composite
reliability values, on the other hand, ranged from 0.663 to 0.826, indicating that most of the constructs were
measured with a good level of reliability.

Convergent validity was evaluated using each construct's AVE. The results showed that PU exceeded the
commonly accepted AVE threshold of 0.50, reflecting strong convergent validity for this construct. Although a
few other constructs, such as ATML and ENT, had AVE values slightly below the 0.50 threshold, they were
nonetheless close to this benchmark, suggesting that these constructs captured a substantial portion of the
variance of their indicators. The overall trend indicated that the constructs were generally well-defined and
provided a reliable basis for further analysis.

Discriminant validity, shown in Table 5, was assessed using the Fornell-Larcker criterion, which confirmed
that the constructs were distinct in most cases. The square root of the AVE for each construct generally
exceeded the correlations with other constructs, affirming their discriminant validity. However, while some
correlations were relatively high, the distinctiveness of each construct was maintained overall.
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Table 6. Inner model results (summary)

Hypothesis Path Coefficient t-statistics p-values Supported
H1 SE — PEU 0.400 7.245 0.000 Yes
H2 FC —- PEU 0.440 7.601 0.000 Yes
H3 FC —» BITML 0.245 4.082 0.000 Yes
H4 ENT —» ATML 0.401 13.075 0.000 Yes
H5 PEU —» ATML 0.272 9.120 0.000 Yes
H6 PEU — BITML 0.172 2.500 0.013 Yes
H7 PU - ATML 0.362 10.859 0.000 Yes
H8 PU — BITML 0.020 0.241 0.810 No
H9 ATML — BITML 0.486 5.461 0.000 Yes

Structural Model Evaluation

The evaluation of the structural model focused on examining the Bs and their significance levels for each
of the hypothesized relationships within the proposed framework. These s provided insights into the
strength and direction of the relationships between the variables. The analysis revealed that several paths
were statistically significant, indicating meaningful relationships between the constructs. The relationship
between ATML and BITML was particularly strong, with a B of 0.486. This suggests that a positive attitude
towards mobile learning significantly increased students’ intention to use mobile learning platforms. Similarly,
the path from ENT to ATML had a coefficient of 0.401, indicating that students who found mobile learning
enjoyable were more likely to develop a favorable attitude towards it. Additionally, FC showed a moderate
positive effect on both BITML (0.245) and PEU (0.440), highlighting the importance of supportive environments
and resources in enhancing both the ease of use and the intention to use mobile learning.

Other notable paths included the influence of PEU on ATML (0.272) and BITML (0.172), as well as the impact
of PU on ATML (0.362). Interestingly, the direct effect of PU on BITML was minimal (0.020), suggesting that
while PU contributed to shaping attitudes towards mobile learning, its direct impact on behavioral intention
was less pronounced. The relationship between SE and PEU was also significant, with a § of 0.400, indicating
that students’ confidence in their ability to use mobile learning platforms positively influenced their PEU. The
R2 values provided further insights into the model's explanatory power. The R? value for ATML was 0.916,
indicating that the independent variables in the model explained approximately 91.6% of the variance in
students’ ATML. For BITML, the R? value was 0.732, suggesting that the model accounted for 73.2% of the
variance in behavioral intention. The R? value for PEU was 0.619, demonstrating that the model explained
61.9% of the variance in PEU. These high R? values indicated the model had strong explanatory power,
effectively capturing the key factors influencing ATML and BITML. These findings supported the structural
model's overall fit, as the Bs and R? values suggested that the model was both statistically significant and
practically meaningful.

Hypothesis Testing Results

The hypothesis testing results provided critical insights into the relationships between the variables within
the structural model. These results were evaluated based on the 3, t-statistics, and p-values, all of which are
summarized in Table 6.

H1 examined the impact of SE on PEU and was strongly supported with a 8 of 0.400, a t-statistic of 7.245,
and a p-value of 0.000. This confirmed that students' confidence in their ability to use mobile learning
platforms positively influenced their perception of ease of use. H2 and H3 explored the role of FC, showing
significant effects on both PEU (B = 0.440, t-statistic = 7.601, p-value = 0.000) and BITML (8 = 0.245, t-statistic
= 4.082, p-value = 0.000). These results suggested that the availability of supportive resources and
infrastructure significantly enhanced students' perception of the ease of use of these platforms and their
intention to use mobile learning. H4 focused on the influence of ENT on ATML, which was strongly supported
with a 8 of 0.401, a t-statistic of 13.075, and a p-value of 0.000. This demonstrated that students who found
mobile learning enjoyable were more inclined to develop positive attitudes toward it.

H5 and H6 examined the impact of PEU on ATML and BITML, respectively. The relationship between PEU
and ATML was significant (8 = 0.272, t-statistic = 9.120, p-value = 0.000), reinforcing the importance of user-
friendly platforms in shaping positive attitudes. However, the direct impact of PEU on BITML, while significant,
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Figure 2. Inner model result framework (Source: Authors’ own elaboration)

Table 7. Mediation testing results

Construct Construct relationship t-value of path coefficient Sobel test

PU - ATML — BITML PU - ATML 0.362 4.25
ATML — BITML 0.486

ENT - ATML — BITML ENT - ATML 0.401 4.66
ATML — BITML 0.486

PEU —» ATML — BITML PEU — ATML 0.272 3.27
ATML — BITML 0.486

was less pronounced (8 = 0.172, t-statistic = 2.500, p-value = 0.013), suggesting that ease of use plays a role in
shaping behavioral intentions, albeit to a lesser extent. H7 and H8 explored the influence of PU on ATML and
BITML. PU had a significant effect on ATML (8 = 0.362, t-statistic = 10.859, p-value = 0.000), indicating that
students who found mobile learning useful were more likely to develop positive attitudes toward it. However,
the direct path from PU to BITML was not significant (8 = 0.020, t-statistic = 0.241, p-value = 0.810), suggesting
that while PU contributed to shaping attitudes, its direct impact on BITML was minimal. Finally, H9 evaluated
the impact of ATML on BITML, which was strongly supported with a 8 of 0.486, a t-statistic of 5.461, and a p-
value of 0.000. This indicated a highly significant positive effect, confirming that students with a favorable
ATML were more likely to intend to use these platforms. The inner model results highlighted the key drivers
of BITML, emphasizing the significant roles of attitude, entertainment, FC, and ease of use. The final structural
model, including all significant paths, is visually represented in the inner model results framework figure,
which illustrates the strength and direction of each relationship within the model, shown in Figure 2.

Testing for Mediating Effects

The mediating effects of ATML between the independent variables (PU, ENT, and PEU) and BITML were
tested using the Sobel test, shown in Table 7. This test was conducted to assess the significance of the indirect
effects of these independent variables on BITML through ATML.

The Sobel test results indicated that ATML significantly mediated the relationships between the
independent variables and BITML. Specifically, the mediation effect in the path from PU through ATML to
BITML yielded a significant Sobel Z-value of 4.25, suggesting that the indirect effect of PU on BITML via ATML
was significant. Similarly, the mediation effect from ENT through ATML to BITML was also significant, with a
Sobel Z-value of 4.66, highlighting the important role of ENT in shaping students’ BITML through their ATML.
Finally, the path from PEU through ATML to BITML showed a significant Sobel Z-value of 3.27, further
reinforcing the mediating role of ATML in this relationship. These findings underscored the critical function of
ATML as a mediator that channels the effects of key independent variables on BITML, emphasizing the
importance of fostering positive ATML to enhance students’ BITML.
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Interpretation of Findings

The results of this study indicated that PU had a strong impact on ATML, reaffirming the critical role that
perceived utility plays in the adoption of mobile learning platforms. This finding aligns with the TAM, which
posits that the more users perceive technology as useful, the more likely they are to develop a positive attitude
toward its use. The positive relationship between PU and ATML in this study corroborates existing research,
particularly the work of Kampa (2023), which emphasized the importance of PU in shaping users’ attitudes in
educational technology adoption. Furthermore, the analysis revealed that while PU had a significant direct
effect on ATML, its direct impact on BITML was relatively weaker. Instead, the effect of PU on BITML was more
pronounced when mediated by ATML. This suggests that students’ behavioral intentions to use mobile
learning platforms were not only influenced by the perceived benefits of the technology but were more
strongly driven by their overall attitude toward using it. The stronger mediated effect highlights the
importance of fostering positive attitudes to fully translate PU into sustained behavioral intentions. This
finding is consistent with prior studies in technology acceptance, including the work of Davis (1989) on PU in
TAM, Venkatesh and Davis (2000) on technology adoption in various contexts, and Venkatesh et al. (2003),
who examined the impact of perceived utility across different technological environments.

The study found that PEU significantly impacted ATML, underscoring the importance of ease of use in
shaping students’ attitudes toward mobile learning platforms. This finding is consistent with the TAM, which
posits that technologies perceived as easy to use are more likely to be embraced by users. The positive
relationship between PEU and ATML suggests that when students find mobile learning platforms easy to
navigate and integrate into their learning routines, they are more likely to develop favorable attitudes toward
these platforms. However, the impact of PEU on BITML was found to be less pronounced than anticipated.
While PEU did have a direct effect on BITML, its influence was weaker compared to other factors, such as PU
and ATML. This outcome may be attributed to the growing familiarity of students with mobile applications,
which has diminished the relative importance of ease of use as a determining factor in their intention to adopt
and continue using mobile learning platforms. As students become more accustomed to using various digital
tools, they may prioritize other aspects, such as content quality and engagement, over ease of use, leading to
a lower-than-expected impact of PEU on their behavioral intentions.

The study highlighted ENT's significant role in influencing ATML and BITML. The findings indicated that
when students found mobile learning platforms entertaining, they were more likely to develop positive
attitudes toward these platforms, which in turn strengthened their intention to use them regularly. The
entertainment value of mobile learning platforms played a crucial role in enhancing student engagement,
making the learning process more enjoyable and intrinsically motivating. This relationship underscores the
importance of designing educational technologies that are functional and enjoyable to use, as this can
significantly drive adoption and sustained use. These results align with the findings of Hameed et al. (2024),
who emphasized that entertainment value is a key factor in promoting user engagement and fostering
positive behavioral intentions in voluntary learning environments. The study's results also resonate with other
research highlighting the role of engagement and intrinsic motivation in educational settings. In environments
where learning is not mandatory, a platform’s ability to capture and retain students’ interest through
entertainment can be a decisive factor in its success. This underscores the need for educators and developers
to prioritize entertainment elements in mobile learning platforms to maximize their impact on student
learning outcomes and behavioral intentions.

The findings of this study underscored the strong impact of FC on PEU and BITML. The presence of robust
FC, such as reliable internet access, availability of mobile devices, and adequate technical support, significantly
enhanced students’ perception of the ease of using mobile learning platforms. This, in turn, positively
influenced their intention to adopt and consistently use these platforms. The study's results suggest that when
students have access to necessary resources and a supportive infrastructure, their overall experience with
mobile learning technologies becomes more seamless, reducing barriers to adoption and increasing their
likelihood of sustained use. These findings align with the broader literature emphasizing the importance of
infrastructure, resources, and support systems in technology adoption, as evidenced by studies like Ebadi and
Raygan (2023) and Hunde et al. (2023). Previous studies have highlighted that strong FC are essential in
lowering the cognitive and logistical barriers associated with using new technologies. This study’s results
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further support the notion that educational institutions must invest in and enhance their supporting
infrastructure to ensure that students can fully benefit from mobile learning platforms. By providing the
necessary resources and support, institutions can improve the ease of use of these technologies and foster a
more favorable environment for students’ continued engagement and learning.

This study made significant contributions to the theoretical understanding of mobile learning adoption by
confirming the roles of several key constructs within the context of SEM. One of the primary contributions
was validating the mediating role of ATML between independent variables such as PU, PEU, and ENT and the
dependent variable, BITML. The findings reinforced that students’ attitudes play a crucial intermediary role in
translating perceptions of usefulness, ease of use, and entertainment into actionable intentions to use mobile
learning platforms. This underscores the importance of focusing on the technical attributes of mobile learning
technologies and strategies that positively influence students’ attitudes. Additionally, the study’'s results
suggested a potential need to re-evaluate the role of PEU, especially in contexts where users are already
familiar with technology. While PEU significantly influenced ATML, its direct impact on BITML was less
pronounced than anticipated. This might indicate that in environments where students are already
accustomed to digital platforms, the PEU may be less critical in determining their BITML. This finding
encourages a re-examination of existing theoretical models to account for the evolving technological
proficiency of users, suggesting that other factors, such as engagement or perceived value, might become
more relevant in predicting technology adoption as user familiarity increases.

The findings of this study offered valuable insights for educators and developers seeking to enhance the
effectiveness of mobile learning platforms. Based on the strong influence of PU and ENT on ATML and BITML,
it was recommended that mobile learning platforms prioritize integrating features that maximize utility and
entertainment. Educators and developers could achieve this by incorporating interactive and engaging
content that meets educational objectives and sustains students’ interest and enjoyment. Additionally, the
platform should be designed to demonstrate the tangible benefits of its use, such as improving academic
performance and learning efficiency, which could enhance students’ perceptions of its usefulness. Moreover,
FC's significant role highlighted the importance of ensuring that the necessary infrastructure and support
systems are in place to facilitate the seamless adoption of mobile learning. Educational institutions and
platform developers should focus on providing reliable access to technological resources, such as
smartphones, tablets, and stable internet connections, as well as offering technical support to resolve any
issues that students may encounter. This could reduce potential barriers to technology adoption and improve
students’ overall experience with mobile learning platforms.

Creating positive attitudes toward mobile learning emerged as a crucial driver of its adoption. Therefore,
it was essential for educators and developers to focus on strategies that foster favorable attitudes among
students. This could involve providing training sessions that build confidence in using mobile learning tools,
promoting success stories that showcase the benefits of mobile learning, and actively seeking and responding
to student feedback to improve the platform’s design and functionality continuously. By emphasizing the
development of positive attitudes, educators, and developers could significantly boost students’ willingness
to engage with and adopt mobile learning technologies in the long term. The findings of this study were largely
consistent with existing research in technology adoption and mobile learning. For example, the significant
impact of PU on ATML aligned with previous studies, such as those by Kampa (2023), which also emphasized
the role of perceived utility in shaping user attitudes. Similarly, the influence of ENT on ATML and BITML
echoed the findings of Hameed et al. (2024), who highlighted the importance of entertainment value in
engaging users and driving their behavioral intentions. However, this study also observed some nuances that
differed slightly from earlier research. The relatively weaker direct effect of PEU on BITML, compared to its
impact on ATML, suggested that in contexts where users are already familiar with mobile technologies, ease
of use might be less critical in determining their intention to continue using the platforms. This finding
suggested a potential shift in the importance of PEU in more technologically literate populations, a factor that
may warrant further investigation in future studies.

Limitations of the Study
Despite the valuable insights gained from this research, several limitations should be acknowledged. One

significant area for improvement was the reliance on self-reported data, which could introduce bias due to
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social desirability or inaccurate self-assessment. Using a cross-sectional survey design also limited the ability
to establish causality between the variables, as the data only provided a snapshot of respondents’ perceptions
at a single point in time. Additionally, while adequate for SEM-PLS analysis, the sample size was relatively
modest and may only partially represent the broader population of mobile learning users. The study was also
conducted within a specific geographical and cultural context, which could affect the generalizability of the
findings to other regions or educational systems. These constraints should be considered when interpreting
the results, and future research should address these limitations by employing longitudinal designs, larger
sample sizes, and more diverse populations to validate and extend the findings of this study.

CONCLUSION

This study provided significant insights into the factors influencing BITML through developing and testing
an integrated model using SEM. The findings revealed that PU, PEU, ENT, and FC were critical determinants of
ATML, which played a pivotal role in shaping BITML. While PU and ENT exhibited strong direct effects on ATML,
PEU’s influence was more nuanced, showing a stronger impact through ATML than directly on BITML. FC
enhanced PEU and directly influenced BITML, underscoring the importance of supportive infrastructure in
mobile learning adoption. This research contributed to the theoretical understanding of mobile learning
adoption by confirming the mediating role of ATML between key independent variables (PU, PEU, ENT, and
FC) and BITML. The study extended existing models by integrating multiple constructs, offering a more
comprehensive view of how different factors influence mobile learning adoption. The findings highlighted the
critical role of entertainment value and FC in enhancing user attitudes and behavioral intentions, providing
new insights into the motivational aspects of mobile learning.

The practical implications of this study were significant for educators, policymakers, and developers of
mobile learning platforms. For educators, the findings suggested that enhancing mobile learning tools' PU
and entertainment value could lead to more positive attitudes and higher adoption rates among students.
Policymakers were encouraged to invest in and promote the necessary infrastructure, such as reliable
internet access and technical support, to reduce barriers to mobile learning adoption. Developers should
focus on creating engaging, easy-to-use platforms that meet educational needs and offer an enjoyable user
experience, thereby fostering sustained usage. Despite the contributions of this study, several limitations
were noted. The reliance on self-reported data could introduce bias, and the cross-sectional design limited
the ability to infer causality. While adequate for SEM analysis, the sample size was relatively modest and may
only partially represent the broader population of mobile learners. Additionally, the study’s focus on a specific
geographical region may limit the generalizability of the findings. Future research should address these
limitations by employing longitudinal designs, expanding the sample size, and including more diverse
populations to validate and extend the current findings. Investigating additional variables, such as social
influence or personal innovation, could also provide a richer understanding of mobile learning adoption.
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