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Abstract: Mobile learning (M-learning) has become an important instructional technology compo-
nent in higher education. The goal of this research is to determine how Malaysian university students
use M-learning in higher education. The technology acceptance model (TAM) concept was used
to construct a theoretical model of M-learning acceptability. In theory, five independent criteria
were discovered as contributing to the actual usage of M-learning for educational sustainability by
influencing students’ attitudes towards M-learning and their intention to use it. A questionnaire
survey based on the technology acceptance model (TAM) was used as the primary data collection
technique, with 200 students from UTHM University of Malaysia participating. The data were
analyzed using SPSS and Structural Equation Modeling (SEM-Amos). The results of the students’ at-
titudes towards using M-learning and their behavioral intentions to use M-learning show a beneficial
impact on the actual use of M-learning as well as the long-term sustainability of M-learning in higher
education. In addition, both male and female students were satisfied with perceived usefulness,
perceived ease of use, perceived enjoyment, attitude towards use, task-technology fit, behavioral
intention to use, perceived resources and actual use of mobile learning for educational sustainability.
This study contributes to the validation of the extended TAM for M-learning by demonstrating that
the predicted model predicts students’ attitudes towards using M-learning and their behavioral
intentions in Malaysian higher education.

Keywords: M-learning; PR; sustainability; TAM model

1. Introduction

The term “sustainability” can be interpreted from many different viewpoints. Sus-
tainability is defined by [1] as “the ability to continue an activity or a certain condition
indefinitely”. Sustainability of education focuses on the implementation of sustainable
forms of “successful” practice through educational development, leadership and innova-
tion [2]. Sustainability is a crucial issue since educational institutions are usually required
to make substantial investments in mobile learning and associated technologies to initiate
mobile learning programs. In light of the literature, there are abilities that define the sus-
tainability of M-learning: the capacity to respond to current educational needs and intent
of M-learning; ability to have a high chance of being accepted by users; ability to adapt to
possible changes; ability to maintain a certain condition indefinitely or make progress [3].
To build these issues into thinking about innovations in mobile learning, we need a more
explicit model of sustainable practices with handheld computers in institutionalized educa-
tion. There are few models of sustainability for mobile learning in higher education. Since
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mobile technology has made it feasible to study on the go, M-learning is a fast-growing
trend in educational settings [4]. Sharma and Kitchens [5] define M-learning as a new
type of learning facilitated by mobile devices that incorporates ubiquitous communication
technology and sophisticated user interfaces. Students may now experience individualized
learning on their mobile devices thanks to the advent of M-learning. Many innovative
mobile services have emerged in recent years that incorporate mobile technologies with
university educational systems as sustainable [6]. Thousands of educational institutions
have been closed due to the COVID-19 pandemic to promote social distancing measures
and thus limit the virus spread [7].

During COVID-19, universities started using mobile learning in education and learn-
ing processes. Given the adoption of creative teaching approaches (e.g., the usage of mobile
learning applications), several researchers have focused on technology adoption in their
research as a result of the COVID-19 pandemic. During the pandemic, it became important
to consider students’ and educators’ thoughts on implementing a mobile learning platform.
Therefore, the need for mobile learning platforms and the issues surrounding the COVID-
19 pandemic need to be addressed [8]. As the usage of mobile learning platforms is a
relatively new practice, there is a lack of research on how mobile learning can affect higher
education [9]. The implementation of mobile learning must provide a relative advantage
over traditional means of learning by utilizing best-in-class ICT tools and resources. The
implementation must be governed under the principles of sustainability, which asserts
that the current utilization of resources should not compromise the capacity for future
generations. Cloud-based ICT infrastructure serves the cause of sustainability and will
provide required on-demand scalability, cost optimization and innovative solutions [10]. It
has been applied in many studies in the area of ICT [11,12] and very extensively in the area
of sustainability. It has also been applied in the area of M-Learning [13]. Contextualized in
a management system and supporting a sustainability gateway in a mobile application,
the impact of M-learning tools to enhance competence in the sustainable education of uni-
versity students has also been analyzed [14]. However, it should be noted that while some
studies did not identify significant differences among students’ attitudes toward mobile-
based learning in terms of their academic majors [15,16], other investigations showed that
students’ attitude towards the sustainable use of mobile technology in the learning process
is impacted by the academic major [17].

Ahmad et al. (2018) specified some managerial success factors such as security, access
control and privileges and commitment to enhancing sustainability in M-learning [18].
Previous literature has investigated education sustainability from different perspectives
such as education, technology, employment, teachers and curricula [19]. Viewing mobile
devices as cultural resources, we address here the concept of sustainability from an eco-
logical perspective. The term “sustainability” is traditionally associated with a debate of
the utilization of M-learning in the classroom. Studies related to the use of M-learning in
educational institutions examine students’ attitudes towards the use and implementation
of M-learning techniques for the sustainability of learning, with special emphasis on the
importance of M-learning design [20]. Students’ attitude towards the sustainability of
learning demonstrates that it is necessary to understand the use of ICT-based learning,
because the student’s attitude is crucial in contributing to sustainable learning [21]. There
are studies that show that even students who have positive attitudes require a teacher
for various reasons, some related to the sustainability of M-learning and the requirement
of motivation [22,23]. M-learning can perhaps offer more possibilities in the teaching
field in order to implement the sustainability of continuous learning [24]. As a result, the
major conclusion is that the teacher’s function as an instructor for independent online
learning in a process of sustainable distant education must be addressed to plan M-learning
technologies. In this context, the teacher has a key role in self-directed learning, because
self-directed learning is seen to be necessary for the sustainability of learning throughout
life [25]. Previous research predicted that M-learning, along with other forms of ed-tech
solutions such as e-learning, contribute in both quality and finance aspects to the sustain-
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ability of education [26]. In general, understanding various dimensions of sustainability
has shown to be a challenge for students [27]. Mobile learning is a consequence of increas-
ing information and communication technology development, which affect the learning
environment. New pedagogical models are needed to guide the development of learning
systems [28,29]. M-learning provides an opportunity for students to stay involved in their
learning environments that cannot be obtained through static technology devices such as
desktop computers. Now, a change in the philosophy of teaching and learning has been
moving from teacher-centered learning to a student-centered approach.

2. Research Background

Several studies [30–32] have been carried out to investigate the elements that impact
consumers’ adoption of M-learning. According to [33], academics did not take a thorough
enough strategy while examining the attitudes of the pupils in a high school instructional
situation. Several M-learning studies [34,35] focused on teachers and students. Despite
the fact that mobile devices are now some of the most important tools for learning, enter-
tainment and educational activities [36], with the field of mobile learning field is still in its
infancy, there are few guidelines available to ensure the sustainability and transferability
of mobile learning initiatives [37]. Furthermore, this model supports the sustainability
of mobile learning by understanding the factors affecting students’ intention to use M-
learning before applying this type of education to ensure its success and continuity. It is
used to increase the learning motivation among students, enhance students’ engagement
and increase the sustainability of learning in an effectively way [38].

Scholars have investigated sustainability in higher education from different perspec-
tives such as focusing on educational systems, employment, curricula, teachers and tech-
nology [39]. Nevertheless, learners’ achievements, knowledge and skills are still discussed
under the term education sustainability [40]. Sustainable M-learning requires that both
the teachers and the students have unhindered access to the internet anywhere and at
any time in the country [41]. Thus, for effective and sustainable M-learning in higher
education in Malaysia, it is imperative to investigate the perceptions of students and aca-
demics regarding the possibility of a pedagogical shift. TAM and M-learning have also
been studied separately in the past to understand e-learning system use. However, no
research has attempted to potentially combine these three models for shaping students’
academic performance in the context of educational sustainability. The investigation of the
integration of TTF, TAM and M-learning usage as a sustainable way to influence students’
academic performance is one of the research’s main contributions.

The results can help managers and academics better understand how M-learning
system use affects students’ academic performance as well as educational sustainability
in higher education by bridging the gap between acceptance and continuation streams
of M-learning system use. In addition, this paper suggests a research paradigm for inte-
grating the technology acceptance model (TAM) for M-learning system use in educational
sustainability. M-learning is not fully utilized in Malaysian higher education, which is the
reason why higher education teachers/student ATT learning through practical knowledge
is at the lowest level. Therefore, the key purpose of this research is to explore the ATT using
M-learning and BIM M-learning and their impact on students’ beliefs in higher education,
such as their perception of MLS (M-learning as sustainable). In addition, the study aims
to identify the major influencing factors in M-learning with student learning settings as a
means of improving M-learning for educational sustainability. To achieve these goals, an
expanded Technology Adoption Model (TAM) model has been developed, which draws
on literature related to M-learning usage in Malaysian higher education.

3. Research Model and Hypotheses Development

In this study, we created a model (Figure 1) that depicts the effects of M-learning on
perceived technology fit, PR and ATT use at UTHM in Malaysian higher education. Figure 1
shows the relationship between task-technology fit (TTF) and ATT, PR and BIM M-learning,
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PE and PEU, and PU of M-learning for BIM M-learning among students. This study
created 13 hypotheses on how M-learning might affect the actual usage of M-learning for
sustainability in Malaysian higher education, based on prior studies connected to the TAM
model [42,43]. Furthermore, frameworks that indicate M-learning adoption are based on a
temporary feature, and there is no evidence of its impact on higher education sustainability
difficulties. As a result, the goal of this research is to combine essential characteristics
of constructivism and TAM with educational sustainability. The scenario is depicted in
Figure 1.
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3.1. PU

According to Davis (1989), perceived usefulness refers to the degree to which a person
believes that using a particular system would enhance his/her job performance [44]. In
this study, perceived usefulness was defined as the student’s belief that adapting mobile
learning methods will improve their performance. In this study, perceived utility was
defined as the belief that M-learning improves learners’ performance in technology-related
areas [42,44]. When the PU of M-learning is strong, it promotes a good ATT and, as a result,
increases the intention of rural technology students and instructors to use it [42,45]. In
the original TAM by Davis et al., PU influenced both perceived attitude and intention to
use the information system (1989). PU is also an excellent predictor of both behavioral
intention and ATT, according to recent studies [46,47] on the M-learning scenario.

3.2. PEU

Perceived ease of use is defined as “the degree to which a person believes that using a
particular system would be free of physical and mental effort” [44]. In this study, perceived
ease of use referred to how students experience less difficult or complex situations in an
academic setting when using the M-learning system on their mobile device for educational
purposes. In the context of M-learning, Mutambara and Bayaga [48] defined PEU as the
degree to which consumers believe that adopting M-learning will be easy. When teachers
use M-learning, their workload rises [34], and this increase is worsened if the M-learning
platform is not user-friendly. According to Davis (1998), the idea that an information system
is difficult to use can be a barrier that affects users’ attitudes, perceptions of usefulness and
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their behavioral intentions in the early stages of system adoption [31,49]. Rural high school
technology students, professors and parents are all familiar with the use of mobile devices
in daily activities. However, because they are inexperienced with the use of mobile devices
for technology learning, the adoption of M-learning is still in its early stages. When rural
high school tech students, instructors and parents believe that it is easy to use M-learning
for technology learning, they will have a positive ATT, realize its usefulness and accept it.

3.3. PE

Perceived enjoyment is defined as “the degree to which individual enjoy the activities
of using technology, while anticipating the performance consequences” (Davis et al., 1992).
Individual learning and performance behavior are positively influenced by perceived
enjoyment [50,51]. According to Heijden (2003) and HsuL and Lin (2008), perceived
enjoyment has a significant impact on behavioral intention to use M-learning that improves
user learning [52,53]. People engage in activities because they find them enjoyable [54].
Huang (2014) defined PE as the degree to which using technology is regarded to be
enjoyable in and of itself, independently of any predicted performance effects [55]. PE
in this study relates to how enjoyable or engaging M-learning is to a rural high school
student or instructor [56]. Perceived enjoyment is an example of intrinsic motivation,
and it has a significant influence on use intention [57]. Making learning activities more
pleasurable can help rural high school technology students and instructors adopt and
employ M-learning [58]. The reasoning for this is because teachers and students who love
using M-learning are more psychologically prepared to utilize it widely than those who do
not [59,60].

3.4. TTF

According to Goodhue and Thompson (1995), in terms of task-technology fit (TTF), the
characteristics of technology are fitted with their task features just when people will accept
a technology. Although people may observe that a technology is valuable, they cannot
increase their performance if it is not properly matched with the task at hand [60]. Mobile
learning technologies are often developed to enable users to conduct various learning-
related tasks in an efficient manner. Therefore, task-technology fit is significant to explore
M-learning acceptance from combining different views to the fit based on technology. The
task technology fit may be assessed considering the individual’s satisfaction level with the
extent to which a system’s operational activities meet his/her task needs [61–63]. The task-
technology fit entails the association between task requirements, individual abilities and
the functionality of the mobile technology system [64]. Furthermore, task-technology fit has
been linked to the criterion of personal performance, which can be used in the larger context
of considering the impact of information technology on individual performance [61,65].

3.5. PR

A perceived resource is defined as the extent to which an individual believes that
“he or she has the personal and organizational resources needed to use an information
system” [66]. The usage of mobile learning refers to the delivery of learning to students
anytime from any location via the use of mobile devices (e.g., personal digital assistants,
cellular phones or portable computers). When they are away from their normal place of
learning, students can interact with educational resources by using mobile learning [67].
Mobile learning users can better design and justify their activities by utilizing a well-
validated instrument, especially if they commit a significant portion of their resources
to these activities [68]. The effect of a perceived resource on ATT was discovered to be
favorable [69,70]. Researchers examined the impacts of resource availability on teachers’
adoption of ICT in the classroom in the studies [44,71]. They discovered that a scarcity of
laptops and peer computer technical help hampered the adoption of ICT in the classroom.
Mboweni [72] discovered that the majority of rural parents are financially disadvantaged
and rely on social assistance. Money is needed to purchase equipment and data for M-
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learning. According to the findings of [73,74], rural parents’ PR has an impact on their
willingness to utilize M-learning and actual BIM [75].

3.6. ATT Using M-Learning

In the context of technology adoption research, attitude is defined as an individual’s
whole emotional reaction to the use of a new technology. According to the TAM paradigm,
attitude is described as an individual’s positive or negative sentiments about performing the
target behavior. Personal attitudes have a significant factor in determining how individuals
use information technology [76]. The term “attitude” in this study refers to how eager
students are to use mobile devices for language learning [77]. This was a departure from
previous information technology acceptance theories and models including TRA, TPB,
DTPB and TAM [78,79]. Empirical evidence from later studies also revealed that attitude
has a significant impact on technology adoption. Attitude has been shown to have a
direct effect on behavioral intention [80], as well as moderating the effects of performance
expectations, effort expectation, social influence and behavior use [81,82]. In this study,
we explore attitude towards M-learning to determine the actual use of M-learning for
educational sustainability.

3.7. BIM M-Learning

The cognitive picture of a person’s preparedness to carry out a certain act was de-
scribed is behavioral intention [82,83]. System adoption and consequently actual utilization
are predicted by behavioral intention [81]. The behavioral intention of teachers or learners
to use M-learning has been demonstrated to be substantially correlated with system ac-
ceptability and consequently utilization [84]. This study focused on forecasting M-learning
acceptability in rural regions where it was not yet in use, resulting in no real M-learning us-
age [85]. As a result, the actual utilization of the notion was not incorporated in the study’s
model. Seyal et al. [86], in their study to examine students’ attitude toward M-learning,
found that there is a positive effect from the perceived ease of use and ease of use on the
students’ intention to use mobile learning. On the other hand, behavioral intention is re-
garded to be the best single predictor of information system use [42,87]. According to Davis
and Venkatesh [42,87], knowing the characteristics that predict the BIM M-learning of rural
high school technology learners, their instructors and their parents leads to understanding
the elements that predict M-learning acceptability and MLS.

3.8. MLS—Mobile Leanring as Sustainability

Due to a lack of clarity on how to evaluate the construct, M-learning was seldom
included in prior TAM research [31,88]. Objective and subjective metrics can be used in
general [89]. The former requires maintaining track of real-time technology/system usage,
such as data from system logs, logins and system engagements [90]. On the other hand,
the latter relates to customers’ self-reported technology usage, which might be influenced
by response bias. Because students’ self-reported usage of mobile devices for M-learning
might occur both in the classroom and in their own learning contexts where access to
real-time data is limited, the current study focused on their usage behavior [91]. As a
result, the present study will look at the nature and scope of the link between M-learning’s
long-term sustainability and students’ academic performance.

4. Research Methodology

The analysis was divided into two phases to meet all of the research objectives. The
first step, data collection, included a questionnaire survey of students at UTHM University
of Malaysia. This research looked at how M-learning can impact using M-learning in
higher education as a representative area of study at university, both in terms of ATT
M-learning and BIM M-learning. Students were chosen because of the rising importance
and relevance of M-learning in this discipline. The prepared questionnaire consisted of
two main parts. The first part of the questionnaire consisted of a set of questions related to
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the respondent’s demographic information, such as gender, age group, major and usage
of mobile applications on mobile devices. The second part contained statements related
to the factors that influence M-learning acceptance and adoption. These statements were
carefully chosen with the aim of testing the students’ acceptance and adoption of M-
learning technology. All obtained data, including TAM components and demographic data,
were evaluated using a 5-point Likert scale, with Strongly Agree (5), Agree (4), Undecided
(3), Disagree (2) and Strongly Disagree (1) being used to measure the items in this part.
All of these statements had been selected from the literature from previous studies in the
same field (M-learning). Appendix A shows all constructs, items and their sources (see
Appendix A for more information). The data were analyzed using IBM SPSS and Structural
Equation Modeling (SEM-Amos). The main statistical techniques used were IBM SPSS
and SEM-Amos. Constructing the validity of the measures, the convergent validity of the
measurements and the discriminant validity of the calculations were all examined in the
structural model that is recommended for this method [92].

4.1. Sample Characteristics and Data Collection

A total of 215 questionnaires were circulated, of which 200 were sent back by re-
spondents, demonstrating a 93% return rate. In this study, a quantitative approach was
employed using a questionnaire survey. The data collection was performed during March–
April 2021 by distributing self-administrated questionnaires among students at Universiti
Tun Hussein Onn Malaysia (UTHM) in Malaysia. According to Krejcie and Morgan [93],
the table of sampling respondents should include 2021 academic students and 420 from
four specializations: social science, engineering, science and technology, management and
others. Because 2021 is very close to 420, the researcher approximated the statistics to give
a sample of 200. Since the sample consists of students with different ethnicities, cultures
and religions from different parts in Malaysia, this study represented the different religions
and ethnicities of Malaysia’s population. Thus, the Malaysian context can be generalized
from this finding. When compared to other students in higher education, the convenience
sample representatives have higher probability to be the first group of students to adapt
to M-learning. By collecting data from them, it can help to ensure the validity of sample
selection in this study. With the approval of the participating university, the survey was
distributed to various classes in one of the public universities in Malaysia. To test the
theoretically developed model, data were collected from currently enrolled students of
UTHM using a structured physically survey. The sample size was determined by using the
following formula.

ss =
x2(p)(q)

e2

where SS = sample size; Z = 1.40 (95% confidence level); P = prevalence level (0.5 used for
sample size needed); Q = (1 − p); E = error term (0.05). By inserting values into the formula,
the sample size would be:

ss =
1.402 (0.50)(0.50)

0.052

ss =
1.96 (0.25)

0.0025

ss =
0.49

0.0025
ss = 196

Sample size plays an important role in the estimation and interpretation of SEM
results [94]. In general, the literature suggests that sample sizes for structural equation
models commonly run in the 200 to 400 range for models with 10 to 15 indicators. At
least 100 cases are required for SEM, preferably 200 [95]. With more than 10 variables,
sample sizes under 200 generally cause parameter estimates to be unstable and the tests of
statistical significance to lack power.
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The questionnaires were evaluated and 15 were not returned and thus excluded. The
respondents’ demographic details are as follows. A total of 200 completed questionnaires
were obtained from students, of whom 138 (69.0%) were male and 62 (31.0%) were female.
From the respondents, 11 (5.5%) were in the age range of 18–22, 51 (25.5%) were in the
age range of 23–29, 79 (39.5%) were in the age range of 30–35, 37 (18.5%) were in the age
range of 36–40, and 22 (11.0%) were over 41 years of age. The distribution of respondents
based on specialization was as follows: 23 respondents were from engineering (11.5%),
91 respondents were from management (45.5%), 45 respondents were from science and
technology (22.5%), 32 respondents were from social science (16.0%) and 9 respondents
were from other specializations (4.5%). Regarding the frequency of mobile learning used,
159 (79.5%) of the participants indicated that they use mobile learning several times a day,
19 (9.5%) of the participants indicated that they use mobile learning once a day, 17 (8.5%)
of the participants indicated that they use mobile learning several times in a month and
5 (2.5%) of the respondents indicated that they use mobile learning once in a month. The
demographic profile, which includes gender, age, specialization and usage of mobile
applications, is shown in Table 1.

Table 1. Demographic profile.

Items Description N % Cumulative %

Gender
Male 138 69 62.7

Female 62 31 100

Age

18–22 11 5.5 5.5

23–29 51 25.5 31

30–35 79 39.5 70.5

36–40 37 18.5 89

41–Above 22 11 100

Specialization

Social Science 32 16 73

Engineering 23 11.5 11.5

Science and Technology 45 22.5 95.5

Management 91 45.5 57

Other 9 4.5 100

Use _MA

Several times a day 159 79.5 79.5

Once in a day 19 9.5 89

Several times in a month 17 8.5 97.5

Once in a month 5 2.5 100

4.2. Measurement Instruments

As previously mentioned, 215 sample questionnaires were distributed to university
students, with 200 of them proving to be useful. The construction elements used in
previous studies verified the validity of the material of the measuring scales. The study’s
questionnaire items were calculated as follows: PU (PU) adapted 5 items from [96,97],
PEU adapted 5 items from [96,97], PE adapted 5 items from [98,99], task-technology fit
adapted 5 items from [61,100], PR was a 5-item adaptation from [74,89,101], ATT M-
learning was a 5-item adaptation from [102,103], BIM M-learning (BIM) was a 5-item
adaptation from [69,102,104] and finally, MLS (M-learning as sustainability) adapted 6 items
from [102,104].
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4.3. Normality Testing

The normality of the distribution was validated based on skewness and kurtosis as
well as histogram, normal P–P plots and Kolmogorov–Smirnov test, whereas the linearity
and homoscedasticity were verified based on R2 of the matrix scatter plot and scatter plot of
standardized residual and predicted values, respectively. Finally, normality was based on
the values of Variance Inflation Factor (VIF < 10) and Tolerance (>0.1) as well as Pearson’s
product-moment correlation coefficients of less than 0.90 (see Tables 2 and 3).

Table 2. Correlation analysis by SPSS.

Coefficients a

Model
Collinearity Statistics

Tolerance VIF

1

PE 0.500 2.001

PR 0.351 2.851

TTF 0.432 2.316

PU 0.290 3.452

PEOU 0.316 3.167

BIM 0.202 4.941

ATT 0.188 5.328
a Dependent variable: MLS.

Table 3. Correlation analysis by AMOS.

Variable Min Max Skew c.r. Kurtosis c.r.2

PU 1 5 0.592 3.419 −0.284 −0.819
PR 1 5 0.507 2.925 −0.07 −0.202

TTF 1.4 5 0.466 2.692 −0.298 −0.86
PE 1 5 0.197 1.139 −0.439 −0.998

PEOU 1 5 0.496 2.862 0.118 0.342
ATT 1 5 0.789 4.553 0.504 0.811
BI 1 5 0.632 3.65 0.235 0.678

UML 1 5 0.548 3.163 0.319 0.922

Multivariate 15.819 1.843

5. Result and Analysis

The associated factors influenced ATT M-learning and BIM for M-learning considering
use behavior. As a result, all the variables meet the criteria of the Cronbach alpha coefficient
ranging between 0.70 and 0.90. Cronbach’s reliability coefficient of 0.971 is discussed in
the reliability analysis. The study also tested the discriminant validity according to three
criteria: the index value of the variable is below 0.80 [92], the average variance extracted
rate is assumed to be equal to or greater than 0.5 and the AVE square is greater than the
factors related to inter-construct correlations (IC) [105,106]. In addition, confirmatory factor
loadings were equal to 0.7 and greater. The Cronbach’s alpha and composite reliability
rating equal to or greater than 0.70 were accepted [92].

Cronbach’s reliability
After recalculating the item-to-total correlation for all 41 items, the item-to-total

correlation values for all the items were found to have a high value above the acceptable
limit of 0.3 and the correlation ranged from 0.389 to 0.792. Afterward, Cronbach’s alpha was
recalculated, and it was discovered that not only all the research measures had a coefficient
alpha value that was significantly higher than the acceptable level of 0.70, ranging from
0.790 to 0.936, but that the coefficient alpha values also showed improved reliability, and
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the factor loadings of the 41 items were improved. Table 4 illustrates the results of the
item-to-total correlation and coefficient alpha (Cronbach alpha) analysis. These findings
confirm that the research instruments and scales used in this study possess a high level
of reliability and are satisfactory acceptable for conducting further data analysis through
inferential statistics to test the research hypothesis.

Table 4. Reliability analysis for the research variables.

Cod Item Item-Total
Correlation Analysis

Cronbach’s Alpha If
Item Deleted Factor Loadings Cronbach’s Alpha

Analysis

PU

Perceived usefulness 0.936

PU1 0.792 0.969 0.88

PU2 0.741 0.970 0.85

PU3 0.754 0.969 0.88

PU4 0.758 0.969 0.88

PU5 0.734 0.970 0.83

PEOU

Perceived ease of use 0.790

PEOU1 0.654 0.970 0.77

PEOU2 0.791 0.972 0.73

PEOU3 0.720 0.970 0.85

PEOU4 0.677 0.970 0.85

PEOU5 0.665 0.970 0.82

PE

Perceived enjoyment 0.894

PE1 0.663 0.970 0.77

PE2 0.627 0.970 0.82

PE3 0.613 0.970 0.83

PE4 0.626 0.970 0.85

PE5 0.595 0.970 0.71

TTF

Task-technology fit 0.795

TTF1 0.712 0.970 0.90

TTF2 0.715 0.970 0.83

TTF3 0.674 0.970 0.85

TTF4 0.389 0.971 0.36

TTF5 0.268 0.971 0.46

PR

Perceived resource 0.835

PR1 0.641 0.970 0.69

PR2 0.745 0.970 0.79

PR3 0.539 0.970 0.62

PR4 0.609 0.970 0.70

PR5 0.686 0.970 0.75

ATT

Attitude toward using M-learning 0.864

ATT1 0.732 0.970 0.69

ATT2 0.688 0.970 0.72

ATT3 0.724 0.970 0.80

ATT4 0.734 0.970 0.76

ATT5 0.772 0.969 0.78
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Table 4. Cont.

Cod Item Item-Total
Correlation Analysis

Cronbach’s Alpha If
Item Deleted Factor Loadings Cronbach’s Alpha

Analysis

BI

Behavioral intention to use M-learning 0.829

BI1 0.691 0.970 0.68

BI2 0.703 0.970 0.67

BI3 0.697 0.970 0.78

BI4 0.629 0.970 0.72

BI5 0.675 0.970 0.68

UML

Actual use of M-learning as sustainability 0.884

UML1 0.748 0.970 0.71

UML2 0.702 0.970 0.79

UML3 0.727 0.970 0.83

UML4 0.645 0.970 0.71

UML5 0.745 0.970 0.77

UML6 0.669 0.970 0.71

5.1. Measurement Model Analysis

In this research, SEM was used as a key statistical tool in AMOS 23 to evaluate the
outcomes based on confirmatory factor analysis (CFA). Discriminating validity, consistency
and uni-dimensionality, this model analyzed over convergent [107]. Furthermore, Hair
et al. [92,108] suggested that the score model be measured using “goodness-of-fit” strategies,
such as chi-square, standard chi-square, the IFI (Incremental-Fit Index), the relative fit index
(RFI) and the Tucker-Lewis coefficient (TLI). The model fits well when the comparative fit
index (CFI) is equal to or greater than 0.90. In addition, the root mean square approximation
error (RMSEA) that satisfies the proposed criterion as suggested by [92,109] is less than
or equal to 0.08 to support the required suit, and the residual root mean quarter residual
(RMR) is accepted, as shown in Table 5. The suitability indexes that confirm the model,
specifically CR and CA, meet all requirements and AVE are accepted. In addition, the AVE
values ranged from 0.501 to 0.748, above the estimated value of 0.50, while Cronbach’s
alpha values varied from 0.790 to 0.936, all over 0.70. The TAM measurement theory is
seen in Figure 2. Furthermore, as indicated in Table 6, for the dependent variables and
assessment of the mediator described in Figure 3, constructs, items and confirmatory factor
analysis yields factor loading of 0.5 or above is acceptable [92,105,107].

Table 5. Goodness of fit indices for the measurement model.

Type of Measure Acceptable Level of Fit Values

“Root-Mean Residual” (RMR) Near to 0 (perfect fit) 0.042
“Normed Fit Index” (NFI) >0.90 0.913
“Relative Fit Index” (RFI) >0.90 0.919

“Incremental Fit Index” (IFI) >0.90 0.933
“Tucker Lewis Index” (TLI) >0.90 0.912

“Comparative Fit Index” (CFI) >0.90 0.904
“Root-Mean Square Error of
Approximation” (RMSEA) <0.05 indicates a good fit 0.041
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Table 6. Overall validity and reliability for students (male and female).

PU PEOU PE TTF PR ATT BIM MLS AVE CR CA

PU 0.972 0.748 0.937 0.936
PEOU 0.547 0.577 0.518 0.821 0.790

PE 0.537 0.400 0.825 0.636 0.897 0.894
TTF 0.387 0.255 0.326 0.545 0.511 0.825 0.795
PR 0.554 0.343 0.454 0.386 0.656 0.503 0.834 0.835

ATT 0.656 0.471 0.505 0.443 0.514 0.709 0.566 0.866 0.864
BIM 0.612 0.475 0.476 0.376 0.463 0.553 0.628 0.501 0.833 0.829
MLS 0.567 0.355 0.452 0.512 0.530 0.569 0.483 0.652 0.573 0.889 0.884

5.2. Structural Equation Model Analysis

A path modeling study was used to investigate the impact of task-technology fit and
PR variables on use behavior, as well as the impact of TAM model variables on M-learning
usage for ATT M-learning and BIM M-learning. In accordance with the hypothesis testing
results, the results are presented and explained. The authors used CFA to evaluate the
structural equation model in the following phase of the process. As a result, Figure 4
depicts the structural model and indicates that all thirteen assumptions between the
thirteen key constructs were accepted. The structural model is depicted in Table 7 it is clear
from the table that the model’s major statistics are excellent, indicating that it is a feasible
model and suitability for testing the hypotheses. The results of this study show that M-
learning has a positive influence on real use of M-learning as a long-term adoption model
in education, and that all of the assumptions were correct. Furthermore, the data support
hypotheses concerning the directional relationship between the model’s variables as well
as the structural model. Table 7 and Figure 4 displays the parameters of the unstandardized
coefficients as well as the standard errors of the structural model.
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5.3. Results of Hypothesis Testing

Table 7 and Figure 4 demonstrate that PU is positively and substantially associated to
attitudes toward M-learning (β = 0.232, t = 5.058, p < 0.001). As a result, Hypothesis 1 is
validated, demonstrating that the usage of M-learning has an influence on PU and attitudes
toward using M-learning for education. Furthermore, PU was shown to be positively
and substantially associated with BIM M-learning (β = 0.136, t = 2.908, p < 0.001). As a
result, Hypothesis 2 holds true, demonstrating that M-learning has an influence on PU
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and BIM. In addition, the findings revealed that PEU was positively and substantially
connected to ATT M-learning (β = 0.274, t = 5.215, p < 0.001). As a result, Hypothesis 3 is
validated, demonstrating that M-learning has an influence on PEU and attitudes toward
using M-learning in the classroom. Furthermore, the findings revealed that PEU was
positively and substantially associated with BIM M-learning (β = 0.349, t = 6.485, p < 0.001).
As a result, Hypothesis 4 is validated, demonstrating that the PEU of M-learning has
an influence on BIM it. Moving on to the fifth hypothesis, the findings reveal that PE is
positively and substantially associated to ATT M-learning (β = 0.096, t = 2.411, p < 0.001).
As a result, Hypothesis 5 is validated, demonstrating that the convenience of using M-
learning influences students’ attitudes toward using M-learning for education. Similarly,
the results demonstrate that BIM M-learning is positively and substantially associated with
PE (B = 0.083, t = 2.120, p < 0.001). As a result, Hypothesis 6 is confirmed. The seventh
hypothesis indicated that task-technology fit was positively and substantially associated
with attitudes toward M-learning (β = 0.336, t = 7.049, p < 0.001). As a result, Hypothesis 7
is validated, suggesting the simplicity with which M-learning may be used for educational
purposes. Hypothesis 8 validated that task-technology fit was positively and substantially
associated with BIM M-learning (β = 0.145, t = 2.840, p < 0.001). As a result, Hypothesis 8 is
validated, implying that BIM M-learning is beneficial for task-technology fit adoption in
education. The findings also reveal that PR are favorably and substantially associated with
attitudes toward M-learning (β = 0.180, t = 3.409, p < 0.001). As a result, Hypothesis 9 is
accepted. Similarly, Hypothesis 10 found a positive and significant relationship between
PR and BIM M-learning (β = 0.119, t = 2.291, p < 0.001). As a result, Hypothesis 10
is confirmed, demonstrating that BIM M-learning is beneficial to perceived educational
resources. Moving on to the model’s mediator components, the findings demonstrate
that BIM M-learning is positively and substantially associated to ATT using M-learning
(B = 0.187, t = 2.751, p < 0.001). As a result, Hypothesis 11 is validated, demonstrating that
BIM M-learning has an impact on student attitudes towards M-learning. Furthermore,
the findings demonstrate that students’ attitudes towards M-learning are favorably and
substantially connected to their MLS of M-learning as a source of sustainability (B = 0.647,
t = 9.936, p < 0.001). As a result, Hypothesis 12 is validated, demonstrating that behavioral
intention to use M-learning has an impact on student attitudes toward M-learning. Finally,
Hypothesis 13 stated that BIM M-learning for sustainability is positively and substantially
connected to MLS (β = 0.199, t = 2.869, p < 0.001). As a result, Hypothesis 14 is validated,
suggesting that the relationship between BIM M-learning and MLS favorably influences
the adoption of MLS for educational sustainability (see Table 7).

Table 7. Structural model for hypothesis testing results.

H Independent Relationship Dependent Estimate S.E. C.R. P Result

H1 PU
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6. Discussion and Implementation

All hypotheses had a significant positive influence on MLS, according to the study’s
findings, via ATT using M-learning and BIM M-learning. Similar findings have been
observed in previous studies on technology adoption [110] and in the context of mobile
services [6]. In addition, the traits demonstrated a strong direct relationship with M-
learning attitudes and BIM M-learning. This might be due to the fact that students rely
more on the M-learning version that is already installed on their computers, and therefore
their perceptions of use are both accurate and skewed. Intentions to use M-learning are
also boosted by these factors. Increased PU leads to more M-learning use because of the
nature of the link. A lot of researchers have looked at the significance of PU in the context of
M-learning. The findings of this investigation corroborate those of other studies [111–116].
In the context of education, the findings also provide two key contributions to the TAM
model [117]. As a result, they recommend boosting M-learning adoption for education,
as well as PU, ease of use, enjoyment, task-technology fit and PR, in order to improve
students’ use of M-learning for education. Managers should also assist students in adopting
M-learning for educational purposes. When compared to face-to-face courses, previous
researchers found evidence of a positive impact on MLS, noting that the majority of students
reported positive perceptions in their courses, including increased ATT using M-learning,
BIM M-learning and information exchange. This study makes theoretical, implementation
and empirical contributions in a variety of fields. In the context of Malaysia’s usage of
M-learning for education, it is worth mentioning that theories originate from and are
positioned inside practice, which acts as a foundation for the development of new ideas
and practices. It should be noted that this might be the first time the TAM theory has been
used in Malaysian higher education, primarily to explore the impact of students’ attitudes
and behavioral intentions towards M-learning for educational sustainability.

Previous research [111,113,114,116,118–120] has looked into the use of a mobile phone
for learning and found that PU, PEU, attitude, social influence and facilitating conditions
are the most important constructs and explanatory variables for M-learning system adop-
tion. The current study finds that just six elements (PU, PEU, task-technology fit, PR,
ATT using M-learning and BIM) are the most relevant elements in M-learning adoption.
As a result, the research model identifies TTF and TAM variables as having the largest
impact on student academic performance by using M-learning as sustainability for an
educational strategy. Among the constructs examined in the modified TAM model, attitude
toward actual use of mobile learning for education sustainability was found to be the most
powerful predictor of students’ behavior intention to use mobile learning and to partially
mediate the effects of all the exogenous variables on behavioral intention. Therefore, it
was found in this study that attitude did directly influence learners’ actual use of mobile
learning for education sustainability; its effect on the use behavior was fully mediated by
learners’ behavioral intention to use M-learning. These findings implied that once students
became aware of the effectiveness of mobile devices and the ease with which they could
use them for learning, as well as the availability of the technical and organizational support
and the influence from others, they would form a positive attitude toward M-learning
and subsequently the intention to use it. Moreover, the findings of this research strongly
support the M-learning system as a sustainability variable, indicating that attitudes to-
wards and intention to use an M-learning system for sustainability has a positive impact
on students’ MLS M-learning system for education.

6.1. Limitations of the Research

Regardless of the contribution of this research to the field, its shortcomings must be
addressed. We were conscious of the work’s limits. To begin, we only evaluated the study
methodology and hypotheses with university students in Malaysia. Consequently, the
results’ generalizability to other nations is yet to be determined. Second, due to the small
sample size employed, this study may be constrained.
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6.2. Conclusion and Future Work

A theoretical model for M-learning was developed and practically evaluated with
the help of a thorough literature study. Five constructs were identified as contributing the
most to the use of MLS (M-learning as sustainability) by university students, namely PU,
PEU, task-technology fit, PR, ATT using M-learning, and BIM M-learning, which were
extracted from the technology acceptance model (TAM). So far, no study in Malaysian
higher education has used M-learning to analyze attitudes towards it and usage intentions
by way of the TAM model. Thus, the use of the TAM model in this research could be
considered a major contribution and strongly suggests the use of PU, PEU and PE among
universities to encourage students’ adoption of M-learning for educational sustainability.
Another point to consider from the study is that it is based on students’ views, which do
not necessarily reflect real-world consequences. Future studies should look at planning
recommendations for instructors on PE and task-technology fit with the usage of M-
learning in many sectors, as well as their favorable judgment of its potential educational
application. Future research in this area should consider the views of instructors and
other higher education stakeholders on the usage of M-learning in the classroom. Finally,
comparing and examining perspectives from and with other nations might help to expand
the findings of this study and provide a larger picture of how this issue can be addressed
in higher education.
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Appendix A. Construct Measurements and Sources

Table A1. The questionnaire.

Construct Item Measure

Perceived Usefulness

PU1 Using mobile learning can save me a lot of time to learn the course materials.

PU2 Mobile learning helps me get my work done more quickly.

PU3 Mobile learning is easy to operate.

PU4 Mobile learning would make me understand the course materials better.
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Table A1. Cont.

Construct Item Measure

PU5 Mobile learning would enhance my teamwork with classmates on
group assignments.

Perceived Ease of Use

PEOU1 Mobile learning makes it easy to access course material for my learning.

PEOU2 I would be willing to make use of a mobile learning tool if someone showed me
a thorough tutorial.

PEOU3 Mobile learning would help me study my courses anywhere and anytime.

PEOU4 Using mobile learning is straightforward.

PEOU5 It is easy to become skillful at using M-learning.

Perceived Enjoyment

PE1 I believe that using M-learning will be interesting to me.

PE2 I believe that using M-learning system will not be intimidating.

PE3 I believe that M-learning will stimulate my curiosity.

PE4 I will use the M-learning system for different academic purpose.

PE5 I believe M-learning will make me become skillful at using a mobile
learning system.

Task-Technology Fit

TTF1 I think that using M-learning is well suited for the way to learn.

TTF2 I would like to gain critical thinking skills.

TTF3 I would like to solve academic tasks through active engagement with peer
students and facilitators.

TTF4 M-learning is a good tool to support the way I like to study tasks.

TTF5 I would like to learn anytime and anywhere.

Perceived Resources

PR1 I have the resources I would need to use M-learning in my course.

PR2 There are no barriers to my using M-learning in my course.

PR3 I would be able to use M-learning in my course if I wanted to.

PR4 Others can help me with M-learning.

PR5 I have access to the resources I would need to use M-learning in my course.

Attitude Towards Using
Mobile Learning

ATT1 I believe it is beneficial to use mobile learning to learn technology management.

ATT2 I feel positive about using mobile learning for learning.

ATT3 My experience with mobile learning to learn technology management will
be good.

ATT4 I like my technology-related subjects more when I use mobile learning.

ATT5 Using M-learning to learn technology-related subjects will be a
pleasant experience.

Behavioral Intention to Use
Mobile learning

BIM1 I intend to use the mobile learning system in the future.

BIM2 I predict I will use the mobile learning system in the future.

BIM3 I plan to use the mobile learning system in the future.

BIM4 I will recommend other students to use M-learning technology.

BIM5 I would like to use many different mobile applications for learning in the future.

Actual Use of Mobile Learning

AUML1 I use M-learning daily.

AUML2 I plan to use M-learning in my studies.

AUML3 I recommend M-learning for others’ use.

AUML4 I believe that using M-learning is always a pleasurable experience for me.

AUML5 I spend a lot of time on using mobile learning for academic use.

AUML6 I use the mobile learning quite often for academic use.
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