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Abstract: The most current highly infectious disease, which has become a global health challenge
permeating entire sectors of society, is COVID-19. In the education sector, the transmission of COVID-19
has been curbed through the closure of institutions and the facilitation of online learning. The main
objective of this study was to propose an integrated model of the unified theory of acceptance and
use of technology combined with the DeLone and McLean model, to examine the influence of quality
features, namely, performance expectancy (PE), effort expectancy (EE), facilitating conditions (FC),
and social influence (SI), on the intentions and satisfaction of users toward mobile learning (m-
learning) use in the context of Saudi learning institutions. The study obtained m-learning user data
using an online questionnaire, after which the data were exposed to partial least squares structural
equation modeling to test the proposed research model. The findings supported the influence of
PE, EE, and FC on intention toward m-learning use but did not support the significant influence
of SI. Moreover, system, intention, and user satisfaction were found to positively and significantly
influence m-learning-system usage, with system, information, and service quality being top drivers
of such user intention and satisfaction. The results reflect the required information concerning the
strategies of higher institutions to enhance m-learning-system acceptance among students, with
general implications for learning acceptance and usage.

Keywords: m-learning; COVID-19; D&M model; UTAUT; Saudi Arabia; universities

1. Introduction

Technological developments all over the world have wrought dynamic changes in
different societal fields, including education. In the context of Saudi Arabia in the 21st
century, such changes are brought about in the education sector from time to time through
curriculum changes, eventually leading to digital learning [1]. Data reported by the
General Authority for Statistics in the country also revealed that, as of 10 March 2021,
Internet usage among the citizens of Saudi Arabia increased to 92.5%, indicating that
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the society is a technology-consumptive one and needs digital services and devices to
achieve fulfillment. Digital media usage in the 21st-century-learning process is likely to be
enhanced for students’ advantages. According to Butler, Camilleri, Creed, and Zutshi [2],
younger participants are more inclined to embrace mobile learning (m-learning) technology
compared to older ones, and the use of laptops, hybrids, smartphones, and tablets in
m-learning applications will increase on the home front and on the go.

The current pandemic of the 21st century is COVID-19, stemming from the novel
coronavirus referred to as severe acute respiratory syndrome 2 (SARS-CoV-2), which was
officially declared as such by the World Health Organization (WHO). The majority of global
institutions were taken aback by the COVID-19 pandemic, with education, as well as other
sectors, being inevitably affected [3]. Consequently, governments of countries all over the
world strove to contain the effects of the virus by implementing measures such as social
distancing, restrictions on face-to-face interactions, closure of universities and educational
institutions, and travel bans [4,5]. The adoption of these non-pharmaceutical strategies
impacted universities at all levels. It was reported that as of 4 April 2020, the pandemic had
prevented more than 1.5 billion students all over the globe from attending classes in schools
and universities [6]. It is clear that in uncertain times, the teaching and learning techniques
used should match the changing societal demands [7]. In the transformational process of
education, active teaching methods and technology incorporation into learning surround-
ings become inevitable, if not necessary [1–3]. Thus, amid the COVID-19 pandemic, the
use of online learning and m-learning technologies for teaching and training processes has
become essential [8,9]. In particular, m-learning technologies and tools such as smartphones
and tablets have various features that work toward enhancing mobile student learning (e.g.,
timely information access, customized interfaces, context sensitivity, rapid and real-time
communication, feedback opportunities, etc.) [10]. Device-skilled students are adept at
using technologies for applying digital m-learning at home or on the go. Thus, there is
a need to develop digital device usage during the COVID-19 pandemic through suitable
methods in education. According to Alyoussef [11], technology must be integrated in all
curriculum levels (input process and procedures) in order to leverage its use in trying times.

Generally speaking, m-learning refers to education through the Internet/networks
using personal mobile devices (m-devices), such as tablets and smartphones, to receive
learning materials [12]. It is in fact one of the top useful tools for students’ learning. Educa-
tional institutions in the time of COVID-19 have been promoting online student learning,
with learning maintained between teachers and students. The closure of educational in-
stitutions because of the pandemic turned these institutions toward using online learning
as a recourse [13], as it can be conducted using m-learning. According to a UNESCO
report [6], after the pandemic outbreak, students can continue studying and learning
through remote means, and m-learning has become useful for this purpose (i.e., learning
and teaching activities).

Despite the considerable investments by higher-learning institutions in m-learning
projects, the majority of these projects still fail to meet the expected system benefits [14–16].
Dedicated studies have shown that m-learning technology should be completely accepted
among students to be successful; otherwise, the result will be failure [17,18]. In a related
study, students’ acceptance of m-learning technology was found to be an important step
to ensure m-learning technology success in the learning environment [19,20]. This type of
study has implications for designers and developers, when it comes to the optimization
of m-learning systems, enabling students to leverage the full potential from this type of
learning technology [21].

Moreover, m-learning applications present several benefits to university students,
where the use and acceptance of m-learning systems differ from one institution to the
next [22–24]. The literature findings revealed that the level of acceptance among university
students has remained low [5,25]. Other studies [3,26] maintained that the low level of
m-learning-system use and acceptance among students stems from the low quality of
m-learning systems and services; others mentioned the inability of such systems to meet
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the needs and requirements of students, while some additional studies overlooked quality
factors as having a key role in successful m-learning systems and their evaluation [26,27].
Hence, such factors should be examined for their influence on m-learning quality. The
present study examines the relationships between unified theory of acceptance and use of
technology (UTAUT) factors (performance expectancy [PE], effort expectancy [EE], social
influence [SI], and facilitating conditions [FC]) as well as factors of the DeLone and McLean
(D&M) model (service quality, information quality, and system quality) on the usage and
acceptance of m-learning applications.

Accordingly, this paper is organized in the following way. Section 2 presents the study
background and a literature review regarding m-learning. Section 3 presents the theoretical
framework and the development of the research hypotheses. Section 4 enumerates the
details of the employed methodology, sampling procedure, and data-collection procedure.
Section 5 contains the summarized version of the findings and results. Lastly, Section 6
presents the discussion, recommendations, and conclusion.

2. Literature Review
2.1. M-Learning in Saudi Arabia

On a global level, the use of smartphones is increasing, and this holds true in the
Middle East. Alsenaidy and Ahmad [28] reported that Saudi Arabia is the top leading 4G
market in the region, with a considerable number of youth accepting and using modern
technology enthusiastically. Mobile Internet technology developments and extensive smart-
phone usage are the main drivers of development in the country. The Saudi government has
also invested in technological infrastructure development by supporting Internet-enabled
services and developing mobility networks [29]. Hence, the proliferation of smartphones
in the country has resulted in the successful and dominating nature of m-learning in learn-
ing practices [30]. m-learning, which is the delivery of learning to students at any time
and place through m-devices, has been exploited by higher educational institutions using
mobile learning-management-system (LMS) services [11].

However, despite the developed level of telecommunications, m-learning remains
in the implementation stage, particularly in the context of developing nations [5]. While
m-learning has met adoption success in developed nations, their developing counterparts
are still struggling to succeed in achieving complete and extensive usage of the same [12]. In
the case of Saudi Arabia, m-learning has been adopted and implemented by many students,
but engagement and satisfaction levels remain low among them. Alghazi et al.’s [10]
recent study contended that certain factors (organizational and technological) are the core
challenges in these countries. Althunibat et al. [14] highlighted the differences in the
challenges faced by different countries, contexts, and institutions. Successful m-learning
implementation, for instance, has been evidenced to be a critical challenge among students.

2.2. Related Works on m-Learning

The system adoption of users is crucial to ensuring system achievement in information
systems (IS). Thus, the factors that drive the adoption of students toward using m-learning
systems should be identified, recognized, and assessed. With the adoption of m-learning
systems in current times, researchers and providers of m-services are striving to understand
the adoption requirements comprehensively [31–35], as new-technology adoption is the
initial phase to its application success [36–40]. This issue has been addressed by researchers
by examining and determining the top critical factors of m-learning-system acceptance
using traditional acceptance models (e.g., TAM, D&M, UTAUT and TRA), among others. To
begin with, Almaiah [21] used UTAUT to examine the major factors influencing m-learning
acceptance among students, and their findings showed that technology infrastructure and
quality factors are the top significant factors that motivate students’ acceptance and use of
e-learning platforms. Additionally, Almaiah et al. [1] found system quality, service quality,
content quality, technology infrastructure, awareness, university-management support,
security concerns, and training to be drivers of the increased use of the Madrasati platform
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in the Saudi context. In the Jordanian case, Almaiah et al. [19] used and evaluated an
extended TAM with an additional eight external factors, namely, learning-content quality,
content-design quality, interactivity, functionality, user–interface design, accessibility, per-
sonalization, and responsiveness, to examine m-learning-acceptance among students in
Jordan. Their findings indicated that quality factors influenced the m-learning-application
acceptance of students. Meanwhile, a comprehensive technical-quality-requirements frame-
work was proposed by Almaiah et al. [33] for m-learning apps, which adopted the Delphi
method for data collection, evaluation, and analysis. The study results showed 19 technical
quality requirements, categorized into 6 quality dimensions for developing the applications.
In a similar study, Almaiah [38] brought forward a model for m-learning applications
among students in Jordan using TAM with the addition of quality factors (quality of con-
tent design and learning content, functionality, interface design, and interactivity). The
author found quality factors to have the highest impact on m-learning-application adoption
among the examined students.

Other models were adopted by other studies. For example, Alyoussef [41] conducted
an empirical evaluation of an integrated model of UTAUT–TAM and found perceived
FC, PE, EE, SI, and enjoyment to have a significant impact on the perceived ease of use
and usefulness of the system. They also found PE to have a negative significant effect on
perceived ease of use, and both perceived ease of use and perceived usefulness to have
a positive impact on attitudes toward m-learning-use, perception, and actual use. TAM,
along with the updated D&M model, was adopted by Almaiah and Alismaiel [12] to test
the effect of three quality factors on the acceptance of m-learning applications. The authors
showed that system quality, content, and services were top motivators of students’ adoption
and use of m-learning applications.

In addition to the above studies, Almaiah and Alamri [23] brought forward an m-
learning-acknowledgement structure based on TAM- and D&M-model integration, to study
the effects of value components and individual variables on m-learning-network use and
learning fulfillment among students. The findings showed that quality components, frame-
work quality, data quality, and administration quality ensured satisfaction among students
and their use of the m-learning framework. Cheng [42], likewise, adopted TAM integrated
with innovation-diffusion theory (IDT) to predict the major m-learning-acceptance factors
in the case of Taiwan and found that compatibility, convenience, and navigation (technolog-
ical factors) enhance m-application acceptance and use among students. In the same line of
study, Al-Shihi et al. [43] brought forward a model using TAM and UTAUT to examine the
major determinants of m-learning in Oman. The results of their data analysis supported
the significant effects of enjoyment, efficient learning, suitability learning, social learning,
and excitability learning on m-learning acceptance.

Several studies have evidently been carried out to identify m-learning-acceptance
and m-learning-adoption factors, but the main factors motivating m-learning acceptance
from the perception of students need further investigation, as no universal model has been
proposed to examine the effects of such factors on m-learning-system acceptance among
university students.

3. Theoretical Framework and Hypothesis Development
3.1. Unified Theory of Acceptance and Use of Technology

UTAUT was proposed as an influential model to shed light on the technology use
behavior of users [44–46]. It posits that the behavioral usage of technology (behavioral
intention toward technology acceptance) can be gauged by using the individual’s attitude
toward such use. Distinctly, in comparison to its predecessors, UTAUT reflects an overall
picture of technology acceptance, and being an extension of theory of planned behavior
(TPB) [18], it is a prediction tool of behavioral intention [39]. Behavioral-intention prediction
using technology and its actual use in UTAUT involve the identification of four main direct
determinants, namely, PE, EE, SI, and FC, with four moderating factors, namely, age, gender,
experience, and voluntariness [47]. Notably, PE and EE conceptually represent relative
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performance and complexity, respectively, in IDT, while in TAM, they are represented by
perceived usefulness and perceived ease of use, respectively. Similarly, SI and FC represent
subjective norms and perceived behavioral control, respectively, in the case of TPB [34].
UTAUT applications have generally been limited to the main effects, with only a few
studies examining the moderating effects. Based on [18,34], UTAUT’s weaknesses lie in its
missing factors.

Importantly, UTAUT models have managed to explain the differences between technol-
ogy use and behavior throughout several contexts, but, despite the extensive examination
of m-learning technologies and their validity in IS, as evidenced by academicians, students’
acceptance of these technologies has rarely been the focus of such research [17]. This
finding is significant given that the systems’ acceptance of students differ from that of
professionals, as the former may not possess sufficient self-efficiency and experience to use
such systems, making them more likely than professionals to be challenged in m-learning
application [34,39]. Hence, focus on this demographic is crucial.

The popularity of UTAUT does not negate its weaknesses, which include the failure to
include entire factors that have a significant influence over a user’s acceptance of innovative
technology, as these variables can also be determinants of attitudes toward use. In other
words, UTAUT examined internal motivations but not external ones, and it focused on
use outcomes of information technology (IT) and not the use process itself. In relation
to this, Davis [48] noted that UTAUT’s ability to gauge and predict determinants of new-
system and technology acceptance could be enhanced by external variables. Thus, it
is recommended to extend UTAUT by adding external factors that would increase the
explanatory power of the model, which is why, in this study, additional external variables
are included and integrated into UTAUT.

3.2. DeLone and McLean Model

The successful adoption of IS and technologies in the education field has been a main
concern among researchers, application developers, and educator circles, and the majority
of authors have dedicated their work to identifying IS success factors. For successful IS,
the D&M model developed by DeLone and McLean [49] seems to be the most extensively
employed model. The authors brought forward three types of quality factors, system
quality, information quality, and service quality, along with user satisfaction, intention to
use, and net benefits, to include in their model. In this regard, a system equipped with
quality characteristics will enable the user to have a positive experience and be satisfied,
contributing more to their level of intention to use [49]. Researchers are of the consensus
that quality-related factors play a key role in IS success [27,37], and, currently, the updated
D&M model is the most extensively adopted for IS/IT success [22]. Thus, the D&M model
is used in the presently proposed research.

3.3. Extended UTAUT and D&M Model

According to Venkatesh et al. [46], UTAUT supports a robust theoretical basis for
the relationships between acceptance antecedents and an individual’s intention to use.
However, the explanatory power of UTAUT needs to be improved through the addition of
external variables within its constructs, to resolve the model’s weaknesses. UTAUT does
not contain all the variables that have the potential to influence technology acceptance [50];
in relation to this, external variables can enhance the model’s ability to measure and
predict new system-/technology-acceptance determinants [48]. Hence, additional external
variables should be added to the main UTAUT construct. Another UTAUT drawback is
its oversight of determinants that could enhance system quality, service quality, design,
and implementation as well as their influence on the system and technology acceptance of
users [48]. UTAUT solely concentrates on presenting information concerning PE and EE, SI,
and FC, without including the effects of system improvement factors that could contribute
to system and technology acceptance.
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Evidently, the D&M model also has some drawbacks, one of which is the incomplete
coverage of IS-success dimensions [51]. To begin with, the model fails to address the
importance of usefulness and ease of use in successful IS [37]. Although the updated D&M
model presents robust theoretical support for the contribution of quality factors (system
quality, information quality, and service quality), along with usefulness and ease of use,
to successful IS, it still fails to provide theoretical support for the relationships among the
quality factors and the beliefs and intention to use of individuals in the m-learning context.
Thus, on the basis of the integrated UTAUT and D&M models, the weaknesses of each
model can be countered. The developed research model to examine intention toward using
m-learning among Saudi students is presented in Figure 1.
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3.4. Performance Expectancy

PE refers to the level to which a user benefits from a specific technology in completing
an activity [46]. The expectation of intention to use information and communication
technology systems often involves the integration of perceived enjoyment in UTAUT [52]. In
the context of South Korea, m-learning was examined by Sung et al. [53] using UTAUT, and,
based on the study outcome, there is a significant relationship between PE and behavioral
intention. This result was similarly found in other prior studies [54,55]. Other researchers
have also made use of UTAUT, including Botero et al. [56] and Nikolopoulou [57], who
revealed that perceived enjoyment, perceived usefulness, and perceived ease of use are
interconnected. Thus, in this study, it is hypothesized that:

Hypothesis 1 (H1). Performance expectancy of m-learning has a positive significant influence on
the user’s intention to use.

3.5. Effort Expectancy

This variable is defined as the level of effort that the user is convinced they have
to exert to complete a task [46], and it has been evidenced to be a crucial variable of
UTAUT in examining the intentions of users toward new-technology adoption [58,59]. For
instance, Sung et al. [53] revealed that m-learning acceptance is affected by EE in the South
Korean context, and Kaliisa et al. [55] supported the variable’s significant relationship with
perceived usefulness and perceived ease of use. Nikolopoulou [57] also used UTAUT in
their study and found significant interrelationships among EE, perceived usefulness, and
perceived ease of use. Therefore, in this study, it is proposed that:
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Hypothesis 2 (H2). Effort expectancy of m-learning has a positive significant influence on the
user’s intention to use.

3.6. Social Influence

According to past studies [34,46,60], SI refers to the level to which an individual is
convinced that important others in their life believe that they should make use of the
new technology/system. Along the same line of study, Lutfi [34] contended that people
important to the individual may influence their final decision, and Arain et al. [22] found
students to be influenced by other people on social networks when it comes to m-learning-
service use. In the case of m-learning, SI was referred to by Alasmari and Zhang [18] as
the level to which the student is convinced that others think they should make use of
corresponding services. This variable was also synonymously considered as a subjective
norm and is included in the theory of reasoned action (TRA) [46]. On the basis of relevant
past studies and UTAUT [22,34], SI is considered to contribute significantly to behavioral
intention toward m-learning usage. Thus, this study proposes the following hypothesis
for testing:

Hypothesis 3 (H3). Social influence has a positive significant influence on the intention to
use m-learning.

3.7. Facilitating Conditions

This variable is described as the required organizational and infrastructural conditions
provided to support system usage [34,46,60]. In the m-learning case, FC is described as
the current sufficient resources facilitating the student’s access to m-learning services [22].
This construct is covered in UTAUT, with the initial proposer of the model revealing the
significance of FC in IS usage [34] and other studies supporting this finding [18,22]. The
present study refers to FC as the level to which individuals perceive that technical and
organizational infrastructures exist to support their system usage, which—in this case—is
FC influencing the use of m-learning systems among students. In a similar line of argument,
individual support, training, accessible materials for skills and knowledge enhancement,
and access to the m-learning system all function toward facilitating system usage. Thus,
this study proposes the following hypothesis for testing:

Hypothesis 4 (H4). Facilitating conditions have a positive and significant influence on the
intention to use m-learning.

3.8. System Quality

According to DeLone and McLean [49], system quality is a desirable element denoting
the quality of the performance and functionality of the IS [61]. In addition, it is a major
factor for IS success [49], representing the degree to which desirable IS characteristics are
present in the system. System quality is generally measured through ease of use, response
time, accessibility, flexibility, usefulness, and reliability of the system [4]. It is a critical
factor in making sure that m-learning applications succeed [8] and has been proven to
significantly and positively influence e-learning satisfaction [12,62] and intention toward
using e-learning [12,63]. Hence, in this study, system quality is considered to positively
influence the satisfaction and intention toward m-learning use among students.

Hypothesis 5 (H5). System quality has a positive and significant influence on students’ satisfaction
with m-learning.

Hypothesis 6 (H6). System quality has a positive and significant influence on students’ use of
m-learning.



Sustainability 2022, 14, 7323 8 of 18

3.9. Service Quality

In the m-learning context, service quality refers to the level of service quality that the
system presents in light of meeting students’ expectations in terms of reliability, privacy,
security, assurance, and responsiveness [12,49]. According to Arain et al. [22], service
quality is the level of and overall support for the service quality received and expected
by users from the IS (e.g., training or helpdesk), while other researchers mentioned its
importance as an independent variable owing to the dynamic changes in IS over the
years [49].

DeLone and McLean [49] stated that service quality is the main element that drives
IS success, and Almarashdeh et al. [64] supported its critical role as a determinant of the
successful design of an LMS. Similarly, Alshurideh et al. [27] supported the significant
influence of service quality on learners’ satisfaction and intention to use, which lead to
their improved use of the e-learning system. Service quality is often measured through the
system’s ability to deliver a service that meets the expectations of potential users [56]. This
may be exemplified by the following: when users experience issues in system use, they
expect quick service to solve the problem, and if the request for timely service is met with
fairness and reliability, then the satisfaction level of the users will be improved [41,57]. On
the other hand, if the service quality falls short of meeting the users’ expectations, then
they will not be inclined to use the system. Thus, it is predicted that service quality has
a hand in shaping the attitude of users and their satisfaction with the service. This study
proposes that service quality has a positive and significant impact on the satisfaction and
intention of students to use m-learning.

Hypothesis 7 (H7). Service quality has a positive and significant influence on students’ satisfaction
with m-learning.

Hypothesis 8 (H8). Service quality has a positive and significant influence on students’ intention
to use m-learning.

3.10. Information Quality

Information quality is a major determinant of IS and m-learning performance, and it
has a crucial role in achieving learning objectives and addressing the challenges resulting
from low information quality [61]. Quality learning information and materials need to have
precision, accuracy, and timely, suitable, and updated elements. M-learning systems need
to present sufficient, accurate, and useful learning materials enriched with multimedia
content, enabling learners to search for and conduct their learning activities with ease.
Researchers who have dedicated their work to the variable’s influence [12,37] contend
that content quality plays a major role in forming the satisfaction of students with their
m-learning-system usage. Similarly, Almaiah et al. [1] noted that information quality has
a significant relationship with intention toward m-learning usage [63]. Thus, this study
proposes that information quality positively impacts the satisfaction and intention of use
among students when it comes to m-learning.

Hypothesis 9 (H9). Information quality has a positive and significant influence on students’
satisfaction with m-learning.

Hypothesis 10 (H10). Information quality has a positive and significant influence on students’
intention to use m-learning.

3.11. Satisfaction

As opposed to selling, supplying, or serving, businesses aim to meet the needs and
satisfaction of customers [64]. Individuals’ perceptions of the level to which their needs,
goals, and desires have been met are represented by their satisfaction [12] and their complete
IS view [65]. Notably, user satisfaction is the level to which the user’s pleasure is met when
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it comes to using IS and its supporting services [61]. In the updated IS success model, it
is posited that system use comes before satisfaction, and if this leads to satisfaction, then
this will ultimately lead to higher intention toward usage [61]. In prior studies [12,27],
satisfaction has a positive influence on the user’s intention toward e-learning service
use. Specifically, Almarashdeh et al. [64] supported the positive and significant influence
of satisfaction on actual use of the e-learning system. Hence, this study proposes that
satisfaction has a positive and significant influence on the user’s intention to use and actual
use of m-learning.

Hypothesis 11 (H11). Satisfaction has a positive and significant influence on the user’s intention
to use m-learning.

Hypothesis 12 (H12). Satisfaction has a positive and significant influence on the user’s actual use
of m-learning.

3.12. Intention to Use and Actual Use

Intention to use is the primary dependent variable and top determinant of a user’s
acceptance, and TAM refers to it as the inclination of the individual toward using new
technology. Intention may be described as an attitude; as mentioned by DeLone and
McLean [49], it as an emotional and psychological entity that provides a description of the
user’s beliefs and a mind state that is formed by their experience. An individual’s behavior
is mainly a good or a bad one, and this influences their behaviors [66–69]. Behavior is the
socially formed attitude of the users, concerning a value that is an outcome of a sensitive
activity, directed toward a position, issue, person, or event (the attitude object).

According to Davis [48], intention to use new technology has a major role in its actual
usage, and based on TAM, behavioral intention to use is the top determinant of actual
system use. Moreover, the TRA considers it to be the top predictor of the same [70]. In
the m-learning-usage–acceptance domain, researchers have also focused on the intention
and actual use of m-learning. To begin with, Binyamin and Zafar [70] contended that
intention to use has a significant influence on the actual use of m-learning, while Almaiah
and Alismaiel [12] focused on the positive role of the variable on usage. In a similar study
line, Petter et al. [61] found that complexity can be steered clear of by not distinguishing
between intention to use and system use in the IS success model, albeit the former is
generally considered a construct in the individual level. The positive relationship between
intention to use and actual use of technology was supported by Venkatesh et al. [46,71]
as well. Therefore, this study proposes that intention to use positively and significantly
impacts the actual use of m-learning:

Hypothesis 13 (H13). The intention to use m-learning has a positive and significant influence on
its actual use.

4. Methodology
4.1. Study Design

Learning carried out through m-learning involves the use of personal m-devices, such
as tablets and smartphones, to access learning content online. M-learning is characterized
as flexible, enabling the access of students and learners to educational content at any time
and place. In this study, the higher education students’ perceptions of m-learning in light
of PE, EE, SI, FC, and IS success-quality factors are examined with their actual use during
the COVID-19 pandemic. Survey copies were distributed to obtain data regarding the
way King Faisal University students use m-learning. An efficient outcome was ensured
through the division of analyses into two sections. First, data were collected from university
students (undergraduates and postgraduates) using questionnaire copies. The students
were from various faculties (i.e., information system and management, engineering, and
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social science). The study results were obtained to determine the influence of the examined
factors on the students’ level of m-learning acceptance.

4.2. Instrumentation

The research objectives were achieved through a survey instrument, and the data
collected were exposed to an in-depth analysis (Table 1). The questionnaire included
10 constructs, with the measurements adopted from the following studies: PE and EE
measurement items from Thomas, Singh, and Gaffar [72]; SI items from Alghazi, Kamsin,
Almaiah, Won, and Shuib [10] and Thomas et al. [72]; FC items from Alowayr and Al-
Azawei [73]; intention-to-use measurement items from Almaiah and Alismaiel [12]; and
system-service, information-quality, satisfaction measurement items (SAT), and actual-use
items (AU) from DeLone and McLean [49].

Table 1. Research instrument with references.

Constructs Reference

PE Thomas et al. [72]
EE Thomas et al. [72]
SI Alghazi et al. [10] and Thomas et al. [72]

FCs Alowayr and Al-Azawei [73]
IU Lin [11]

SYQ DeLone and McLean [49]
SEQ DeLone and McLean [49]
INQ DeLone and McLean [49]
SAT DeLone and McLean [49]
ACU DeLone and McLean [49]

4.3. Data Collection and Analysis

Data participants comprised 428 individuals. Through Sekaran and Bougie’s [74]
proposed guidelines, the initial targeted minimum sample size was found to be 384, which
was ultimately selected from King Faisal University. The sample size is considered to be
acceptable in exploratory research for its representation of the perspectives of students
concerning m-learning usage. Data obtained from the 435 questionnaire copies were
exposed to SPSS analysis. The participating students were from different faculties. At
the initial stage of data collection, the researcher introduced the study objectives along
with the definition of m-learning. Based on the analysis of the demographic profile, 66.6%
were males and the remaining 33.4% were females, most of whom were under 19 years
old. The majority of the respondents were between 17 years and 22 years (77.5%), were
undergraduate students (92.1%), and had been using m-devices for over 7 years (73.8%).

Data analysis was conducted using partial least squares structural equation modeling
(PLS-SEM) (Smart PLS 3.0 software), which was chosen based on its ability to analyze
simultaneous series of relationships, as opposed to other statistical methods that can only
analyze a single relationship between variables (e.g., multiple regression, multivariate
analysis of variance) [75–78]. SEM is also deemed to be a confirmatory approach, different
from other approaches that are descriptive in nature and, hence, unable to test theoretical
models. Therefore, this study made use of Smart PLS 3.0 to assess the measurement and
structural models. The data analysis results are presented in the next sections.

5. Results
5.1. Assessment of the Measurement Model

In this phase of assessment, tests were conducted to ensure sufficient construct conver-
gence and factor loadings, based on the following criteria: Cronbach’s alpha values (0.7),
composite reliability (0.7), and average variance extracted (AVE) (0.50) [79]. The study
also tested for discriminant validity with the help of the Fornell-Larcker criterion, and
the findings showed sufficient inter-construct correlations without excessiveness (refer
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to the AVE results in Table 2), indicating a good discriminant validity level among the
constructs [79]. All the squared roots of AVE proved to be higher on the diagonal line than
the correlation coefficients between constructs, thus depicting construct-level discriminant
validity (see Table 3).

Table 2. Relevant indicators of the measurement model.

Latent Construct Cronbach’s Alpha (CA)
α ≥ 0.70

Composite Reliability (CR)
≥ 0.70

AVE
≥ 0.50 R2

PE 0.900 0.930 0.770
EE 0.750 0.830 0.510
SI 0.840 0.890 0.620

FCs 0.800 0.850 0.580
SYQ 0.850 0.890 0.630
SEQ 0.830 0.880 0.590
INQ 0.860 0.900 0.550
IU 0.900 0.930 0.770 43.4

USAT 0.910 0.940 0.790 79.6
Actual Use (AU) 0.850 0.900 0.690 63.7

Table 3. Fornell-Larcker discriminant validity correlation matrix (AVE square root).

AU SYQ INQ PE SEQ USAT SI EE IU FCs

AU 0.83
SYQ 0.35 0.72
INQ 0.56 0.37 0.74
PE 0.56 0.37 0.44 0.71

SEQ 0.69 0.33 0.67 0.54 0.79
USAT 0.73 0.33 0.68 0.52 0.58 0.88

SI 0.32 0.14 0.43 0.29 0.35 0.41 0.79
EE 0.50 0.37 0.42 0.37 0.52 0.49 0.32 0.76
IU 0.54 0.32 0.52 0.45 0.62 0.63 0.41 0.36 0.77

FCs 0.48 0.31 0.34 0.29 0.47 0.46 0.15 0.36 0.33 0.89

Note: The values in bold represent the square root of the AVE.

5.2. Assessment of the Structural Model

The significance of the direct effects proposed in the structural model was assessed
using path coefficients, t-statistics, and p-values. Table 4 presents the summarized version
of the factors’ findings. The results indicate that the hypothesis between PE and IU was
supported (H1) (β = 0.085; t = 2.160, p < 0.05), as is the one between EE and IU (H2)
(β = 0.199; t = 4.760, p < 0.001). However, the hypothesis between SI and IU (H3) was
not supported (β = 0.000; t = 0.010). H4, which was between FC and IU, was supported
(β = 0.146; t = 3.050, p < 0.001). Moving on to H5, H7, and H9, which refer, respectively,
to the hypotheses between SYQ and US (β = 0.179; t = 5.330; p < 0.001), between INQ
and US (β = 0.387; t = 7.441; p < 0.001), and between SEQ and US (β = 0.067; t = 2.261;
p < 0.010), they were all supported. Moreover, the results for the hypotheses between
SYQ and IU, SEQ and IU, and INQ and IU (H6, H8, and H10, respectively) all showed
significant outcomes (β = 0.125; t = 2.600; p < 0.001, β = 0.351; t = 5.132; p < 0.001, and
β = 0.057; t = 1.902; p < 0.050, respectively). The relationship between US and IU was also
supported in H11 (β = 0.434; t = 8.042, p < 0.001), and the same was true with US and AU
(H12) (β = 0.569; t = 15.109; p < 0.001). Lastly, IU was found to be a top predictor of the AU
of m-learning (H13) (β = 0.279; t = 6.652; p < 0.001), thus supporting the hypothesis.
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Table 4. Result of hypothesis testing of the direct relationship model.

Path of Hypotheses β Coefficient t-Value p-Value Result

H1. PE→ IU m-learning 0.085 2.160 0.020 * Supported
H2. EE→ IU m-learning 0.199 4.760 0.000 *** Supported
H3. SI→ IU m-learning 0.000 0.010 0.500 * Not supported

H4. FCs→ IU m-learning 0.146 3.050 0.000 *** Supported
H5. SYQ→ US 0.179 5.330 0.000 *** Supported

H6. SYQ→ IU m-learning 0.125 2.600 0.000 *** Supported
H7. INQ→ US 0.387 7.441 0.000 *** Supported

H8. INQ→ IU m-learning 0.351 5.132 0.000 *** Supported
H9. SEQ→ US 0.067 2.261 0.010 ** Supported

H10. SEQ→ IU m-learning 0.057 1.902 0.030 * Supported
H11. US→ IU m-learning 0.434 8.042 0.000 *** Supported
H12. US→ AU m-learning 0.569 15.109 0.000 *** Supported
H13. IU m-learning→ AU 0.279 6.652 0.000 *** Supported

Note: Significant at * p < 0.05, ** p < 0.01, and *** p < 0.001 (one-tailed test).

6. Discussion

This study used the IS success model integrated with UTAUT to examine the percep-
tions of m-learning users and analyze the quality features that influence users’ intentions
and satisfaction with the system. The findings of this study are expected to provide detailed
information on the behavioral patterns of users when it comes to m-learning. The unique-
ness of the study lies in its tackling of m-learning usage using the integrated IS success
model and UTAUT. Past studies that examined the variables only focused on intention to
use rather than actual use through intention to use, which is where the current focus is
placed. The findings of the current study are expected to enrich the literature concerning
the behavioral patterns of users toward m-learning use.

The findings showed a favorable and significant relationship to the predictors and, in
effect, the actual m-learning application. Based on the regression analysis of the structural
model, the results indicated the significant influence of all the factors, with the exception of
SI, confirming the major role of PE in predicting the intention toward m-learning and its
use (p < 0.00). Past studies also reported similar findings when it comes to the significant
prediction of m-learning intention by PE during the COVID-19 pandemic, where m-learning
is often used [12]. It may, thus, be stated that if students feel the usefulness of m-learning
in their learning, they will be more inclined toward its adoption. Another relationship
that the study examined is between EE and intention to use, and a significant one was
found (p < 0.00), indicating that the ease of using m-learning may reinforce its usefulness.
Therefore, students who perceive how easy it is to use m-learning will be more willing to
use it, adopt it, and place importance on it. In other words, an easy-to-use or user-friendly
m-learning system is one that saves students’ time and effort during effective learning. The
findings also supported a significant relationship between FC and m-learning intention,
similar to past studies on m-learning [10,12]. This outcome shows that users often observe
if m-learning meets their learning requirements in terms of Internet speed, usage costs, and
convenience, among others, as such requirements will contribute to their perceptions of
system quality and, in effect, increase their intention toward its adoption and use. Given
that m-learning is new technology, FC needs to be present for students’ enhanced use
of m-learning.

The outcome of the analysis rejected the significant influence of SI on the behavioral
intention of students toward m-learning usage. This finding is aligned with that reported
by Almaiah and Alismaiel [12], who found no significant influence of SI on m-learning
acceptance among students owing to the experience of users with m-devices. Generally
speaking, pressures from SI and important other factor did not make a difference in the
users’ adoption of new technology, as intention to use is based on usefulness taking
precedence. The results indicate that peers, parents, and lecturers also need to be familiar
with the advantages of m-learning to be able to have a significant influence. Accordingly,
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lecturers and administrators of higher-learning institutions have to use new technologies
such as m-learning to be able to convince the students of their usefulness and their benefits.
Promoting the use of m-learning through appropriate means and conditions can motivate
students to learn using the m-learning platform, and one such way is to promote the
advantages of the system among students.

In Table 3, it is evident that user satisfaction and intention to use both positively
influence the behavioral use of m-learning, similar to past studies, and this holds true for
actual usage as evidenced by Hassanzadeh et al. [80]. User intention was also found to
significantly influence the actual use of the system [80].

Considering that user satisfaction and intention to use positively influence actual use,
it can be stated that service quality, system quality, and information quality have positive
effects on the same through satisfaction and intention. These are the elements of the m-
learning system that win over user confidence, particularly system quality, confirming
the reported results of Hassanzadeh et al. [80], who found system quality to be the top
determinant of user satisfaction with m-learning in the Iranian context. Both Motaghian
et al. [81] and Tajuddin et al. [62] also found positive effects of system quality on user’s
satisfaction, while Fang, Chiu, and Wang [82] found the same result in m-learning cases.
Moreover, other related studies found system quality to have a positive influence over
the user’s intention toward system usage. Thus, all of the above findings from past and
current research indicate that the provision of a technology/application that is satisfying
and user-friendly, with structural design that is flexible, environmentally friendly, reliable,
secure, and timely, with interactive features that will greatly contribute to its intention to
use and actual use. Added to the above, the system also has to suitably organize time within
the environment, content printing and transferring, smooth system control, and a fixed
menu for users, with content information in the form of images, sounds, and videos as well
as an m-learning communication evolution toward communication and video conferencing,
all of which will enhance the interests in and attractiveness of the system to students.

This study also found that information quality has a significant influence on m-learning
satisfaction and intention, which means that providing accurate, comprehensive, current,
and required information to users, with pedagogical organization, is a must. In the same line
of argument, m-learning-system sharing with other universities can serve as an enriching
information hub. Along with the above quality aspect, service quality also significantly
influences m-learning satisfaction, similar to other past studies [62,83,84]. Service quality
was also supported, to have a significant influence over the intention of users toward
using m-learning, in Hassanzadeh et al. [80] and Ramayah et al. [63]. To this end, the
following tasks are recommended: establishment of an effective online assistant and help
desk providing the management of courses, provision of a cooperative learning approach
involving those who are interested in active learning, provision of a hub where users can
present their feedback and opinions, provision of online instruction and education and
public training courses for skills improvement and for those who are new to using the
applications and digital devices, establishment of an online help software-design team to
ensure up-to-date facilities, and organization of an internal network to supply online services
to users and carry out system evaluation as well as system-capabilities improvement.

7. Contributions

The study findings have contributions to theory and practice, which will, in turn, have
implications for university administrators, service providers, and academic researchers.
Practically, the study results are useful for designing and implementing the m-learning
system for its effective use. Understanding the perceptions and acceptance of students of
m-learning can, likewise, lead to better system designs. Educational-institution admin-
istrators and managers need to examine m-learning acceptance among students, when
developing their course content. Additionally, through in-depth understanding of the
drivers of technology acceptance and use behavior, quality m-learning systems with high
effectiveness and efficiency can be developed. M-learning-system use and acceptance can
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also pave the way for adopting other m-learning systems within the scope and interest of
the university administrator.

The proposed m-learning model also provides a description of the determinants of
m-learning use among university students. These factors may be used to bring about
the involvement and use of m-learning among students, and with the development of
an m-learning platform, students can access course information or related information
in an easy and timely manner. With their increasing familiarity, students can move on
to using advanced m-learning strategies, such as generating, sharing, collaborating, and
capturing information for their courses. The results also have implications for university
policy makers, in light of the training programs to be provided, on the way a learning
system can be shifted to enhance the knowledge of students via m-learning. Designers and
developers of the system may also make use of the findings to meet students’ needs and
steer clear of system failure.

Theoretically, the study contributes to m-learning and the acceptance of new IT in-
novations, particularly m-learning in higher-learning institutions. The study proposed
an m-learning model that encapsulated critical factors from the D&M model and UTAUT,
which were left out from previous studies, to test their effects on the intention to use
m-learning among students. The unique nature of this study lies in the combination of
the examined distinct factors (Figure 1) and their effects on intention to use and actual
use. To this end, to the best of the authors’ knowledge, this is the first study to inves-
tigate the impact of such factors on the intention of students toward m-learning use in
higher-learning institutions. Thus, in addition to filling the gap in the literature, this study
presents an extensive examination of the quality factors that affect m-learning usage. It
contributes to the understanding of the current circumstance in higher-learning institutions,
when it comes to m-learning use. The model can be used as a guide for future studies
concerning new-technology usage and acceptance, as it presents information on m-learning
and new-technology adoption.

Finally, the effects of quality factors (system quality, information quality, and service
quality) on m-learning acceptance and usage have been under-studied in the literature,
so including such factors contributes further to the literature. This study is one of the
pioneering efforts to examine the quality factors’ effects, combined with UTAUT factors, on
the intention to use m-learning among students of higher-learning institutions.

8. Conclusions, Limitations, and Future Studies

This research explored the effects of factors on m-learning intention to use and actual
use, through a proposed model that combined UTAUT and quality factors. Technology-
acceptance models were validated in light of m-learning usage among university students.
The benefits of the UTAUT and D&M models were highlighted in presenting new informa-
tion regarding m-learning acceptance and use. In fact, although m-learning has a key role
in new-information provision during learning and study activities in the current century,
no past study has examined university students’ attitudes toward it in the context of Saudi
Arabian universities. Both the UTAUT and D&M models appeared to be sufficient in
providing findings on the examined phenomenon in this context.

Therefore, this study presented considerable implications for researchers, practitioners,
system developers, service providers, and academics, when it comes to research-approach
recognition for model validation in institutions of higher learning. It focused on nine
UTAUT and D&M models as determinants of m-learning adoption for m-learning; specif-
ically, the proposed study model included the following factors; FC, PE, EE, SI, service
quality, system quality, information quality, intention toward m-learning usage, satisfac-
tion, and actual m-learning usage. Owing to sample limitations, this study was unable
to consider all the m-learning features and determinants affecting acceptance on the side
of users. Nonetheless, it does contribute to providing information on m-learning in the
university context.
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Another study limitation is the population constraint, which is only concerned with
higher-education institutions. Owing to the study-design limitations and the adopted ap-
proach utilized, future studies may adopt an interview approach to gain more information
concerning the perceptions of students and educators on m-learning usage. Future studies
may also look into the areas through cross-validation of the model and examination of
additional factors. A qualitative study design may benefit future research on analyzing
the perspectives of different groups. Following the validation of technology acceptance
models in the university context, the findings may be adapted to different contexts for
model analysis in terms of its applicability. IS application use may be enhanced through
the extension of studies to other technology-based industries using a significant number
of samples.

Indubitably, the study has several contributions, but the limitations mentioned cannot
be ignored. Another limitation is the cross-sectional approach adopted, which has led
to findings that cannot be used to confirm the long-term causal relationships among
the model factors. This limitation calls for the need to conduct a longitudinal study to
validate the same. Added to this, the study sample covered only a single public Saudi
university, limiting the generalizability of findings. Hence, future studies may use larger-
sized samples covering both private and public universities. This need stems from the
fact that the perceptions of the students in King Faisal University may not represent the
perceptions of all students of the global situation. Future studies may also include the
perceptions of instructors and system designers, when it comes to m-learning usage during
the pandemic in institutions of higher learning. Another future research endeavor that
can be based on this study is to compare the perspectives of university students from
other nations, as this would extend the findings and provide a better understanding of
the phenomenon. Lastly, future studies may also look into moderating variables, such as
gender, age, and experience, and their role in the relationships among the examined factors.

Author Contributions: Conceptualization, A.L. and M.S.; Data curation, M.S.; Formal analysis,
M.A. and A.A. (Adi Alsyouf); Funding acquisition, A.L.; Investigation, A.A.-K. and A.L.A.-K.;
Methodology, M.A.A. and A.A. (Adi Alsyouf); Project administration, A.A.-K.; Resources, M.A.;
Supervision, M.A.A.; Validation, A.L.A.-K.; Visualization, A.A. (Abdallah Alsaad); Writing–original
draft, Abdalwali Lutfi; Writing–review & editing, M.S. and A.A. (Abdallah Alsaad). All authors have
read and agreed to the published version of the manuscript.

Funding: This research was funded through the annual funding track by the Deanship of Scientific
Research, from the vice presidency for graduate studies and scientific research, King Faisal University,
Saudi Arabia [AN000120].

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: The data presented in this study are available on request from the
corresponding author.

Conflicts of Interest: The authors declare no conflict of interest.

References
1. Almaiah, M.A.; Hajjej, F.; Lutfi, A.; Al-Khasawneh, A.; Shehab, R.; Al-Otaibi, S.; Alrawad, M. Explaining the Factors Affecting

Students’ Attitudes to Using Online Learning (Madrasati Platform) during COVID-19. Electronics 2022, 11, 973. [CrossRef]
2. Butler, A.; Camilleri, M.A.; Creed, A.; Zutshi, A. The use of mobile learning technologies for corporate training and development:

A contextual framework. In Strategic Corporate Communication in the Digital Age; Emerald Publishing Limited: Bradford, UK, 2021.
3. Almaiah, M.A.; Ayouni, S.; Hajjej, F.; Lutfi, A.; Almomani, O.; Awad, A.B. Smart Mobile Learning Success Model for Higher

Educational Institutions in the Context of the COVID-19 Pandemic. Electronics 2022, 11, 1278. [CrossRef]
4. Lutfi, A.; Al-Khasawneh, A.L.; Almaiah, M.A.; Alsyouf, A.; Alrawad, M. Business Sustainability of Small and Medium Enterprises

during the COVID-19 Pandemic: The Role of AIS Implementation. Sustainability 2022, 14, 5362. [CrossRef]
5. Almaiah, M.A.; Al-Otaibi, S.; Lutfi, A.; Almomani, O.; Awajan, A.; Alsaaidah, A.; Alrawad, M.; Awad, A.B. Employing the TAM

Model to Investigate the Readiness of M-Learning System Usage Using SEM Technique. Electronics 2022, 11, 1259. [CrossRef]

http://doi.org/10.3390/electronics11070973
http://doi.org/10.3390/electronics11081278
http://doi.org/10.3390/su14095362
http://doi.org/10.3390/electronics11081259


Sustainability 2022, 14, 7323 16 of 18

6. UNESCO (2020) COVID-19 Educational Disruption and Response (unesco.org). Available online: https://en.unesco.org/news/
covid-19-educational-disruption-and-response (accessed on 14 May 2022).

7. Gyimah, N. Assessing technological innovation on education in the world of coronavirus (COVID-19). Ann. Immunol. Immunother.
2022, 4, 000158. [CrossRef]

8. Beyari, H. Predicting the Saudi Student Perception of Benefits of Online Classes during the COVID-19 Pandemic using Artificial
Neural Network Modelling. IJCSNS 2022, 22, 145.

9. Alturki, U.; Aldraiweesh, A. Students’ Perceptions of the Actual Use of Mobile Learning during COVID-19 Pandemic in Higher
Education. Sustainability 2022, 14, 1125. [CrossRef]

10. Alghazi, S.S.; Kamsin, A.; Almaiah, M.A.; Wong, S.Y.; Shuib, L. For sustainable application of mobile learning: An extended
UTAUT model to examine the effect of technical factors on the usage of mobile devices as a learning tool. Sustainability 2021,
13, 1856. [CrossRef]

11. Alyoussef, I.Y. Factors Influencing Students’ Acceptance of M-Learning in Higher Education: An Application and Extension of
the UTAUT Model. Electronics 2021, 10, 3171. [CrossRef]

12. Almaiah, M.A.; Alismaiel, O.A. Examination of factors influencing the use of mobile learning system: An empirical study. Educ.
Inf. Technol. 2019, 24, 885–909. [CrossRef]

13. Verawardina, U.; Asnur, L.; Lubis, A.L.; Hendriyani, Y.; Ramadhani, D.; Dewi, I.P.; Sriwahyuni, T. Reviewing online learning
facing the COVID-19 outbreak. J. Talent Dev. Excell. 2020, 12, 385–392.

14. Althunibat, A.; Almaiah, M.A.; Altarawneh, F. Examining the Factors Influencing the Mobile Learning Applications Usage in
Higher Education during the COVID-19 Pandemic. Electronics 2021, 10, 2676. [CrossRef]

15. Maphosa, V. Factors influencing student’s perceptions towards e-learning adoption during COVID-19 pandemic: A developing
country context. Eur. J. Interact. Multimed. Educ. 2021, 2, e02109. [CrossRef]

16. Gharaibeh, M.K.; Gharaibeh, N.K. An empirical study on factors influencing the intention to use mobile learning. Adv. Sci.
Technol. Eng. Syst. J. 2020, 5, 1261–1265. [CrossRef]

17. Sophea, D.; Sophea, D.; Viriyasuebphong, P. Factors Influencing the Students’ behavioral Intention on Using Mobile Learning
(M-Learning) in Tourism and Hospitality Major in Phnom Penh, Cambodia. Doctoral Dissertation, Burapha University, Saen Suk,
Thailand, 2021.

18. Alasmari, T.; Zhang, K. Mobile learning technology acceptance in Saudi Arabian higher education: An extended framework and
A mixed-method study. Educ. Inf. Technol. 2019, 24, 2127–2144. [CrossRef]

19. Almaiah, M.A.; Jalil, M.M.A.; Man, M. Empirical investigation to explore factors that achieve high quality of mobile learning
system based on students’ perspectives. Eng. Sci. Technol. Int. J. 2016, 19, 1314–1320. [CrossRef]

20. Althunibat, A.; Altarawneh, F.; Dawood, R.; Almaiah, M.A. Propose a New Quality Model for M-Learning Application in Light
of COVID-19. Mob. Inf. Syst. 2022, 2022, 3174692. [CrossRef]

21. Almaiah, M.A. Thematic analysis for classifying the main challenges and factors influencing the successful implementation of
e-learning system using Nvivo. Int. J. Adv. Trends Comput. Sci. Eng. 2020, 9, 142–152. [CrossRef]

22. Arain, A.A.; Hussain, Z.; Rizvi, W.H.; Vighio, M.S. Extending UTAUT2 toward acceptance of mobile learning in the context of
higher education. Univers. Access Inf. Soc. 2019, 18, 659–673. [CrossRef]

23. Almaiah, M.A.; Alamri, M.M. Proposing a new technical quality requirements for mobile learning applications. J. Theor. Appl. Inf.
Technol. 2018, 96, 6955–6968.

24. Gu, W.; Xu, Y.; Sun, Z. Does MOOC Quality Affect Users’ Continuance Intention? Based on an Integrated Model. Sustainability
2021, 13, 12536. [CrossRef]

25. Almaiah, M.A.; Al-Khasawneh, A.; Althunibat, A.; Almomani, O. Exploring the main determinants of mobile learning application
usage during COVID-19 pandemic in Jordanian universities. In Emerging Technologies during the Era of COVID-19 Pandemic;
Springer: Cham, Switzerland, 2021; pp. 275–290.

26. Prasetyo, Y.T.; Ong, A.K.S.; Concepcion, G.K.F.; Navata, F.M.B.; Robles, R.A.V.; Tomagos, I.J.T.; Young, M.N.; Diaz, J.F.T.;
Nadlifatin, R.; Redi, A.A.N.P. Determining factors Affecting acceptance of e-learning platforms during the COVID-19 pandemic:
Integrating Extended technology Acceptance model and DeLone & Mclean is success model. Sustainability 2021, 13, 8365.

27. Alshurideh, M.; Salloum, S.A.; Al Kurdi, B.; Monem, A.A.; Shaalan, K. Understanding the quality determinants that influence the
intention to use the mobile learning platforms: A practical study. Int. J. Interact. Mob. Technol. 2019, 13, 157–183. [CrossRef]

28. Alsenaidy, A.; Ahmad, T. A review of current state mgovernment in Saudi Arabia. Glob. Eng. Technol. Rev. 2012, 2, 5–8.
29. CITC, Saudi Arabia. Communications and Information Technology Commission, Riyadh, Saudi Arabia. 2017. Available online:

http://www.citc.gov.sa (accessed on 7 March 2022).
30. Jawad, H.H.M.; Hassan, Z.B. Applying UTAUT to evaluate the acceptance of mobile learning in higher education in Iraq. Int. J.

Sci. Res. (IJSR) 2015, 4, 952–954.
31. Lutfi, A.; Alsyouf, A.; Almaiah, M.A.; Alrawad, M.; Abdo, A.A.K.; Al-Khasawneh, A.L.; Ibrahim, N.; Saad, M. Factors Influencing

the Adoption of Big Data Analytics in the Digital Transformation Era: Case Study of Jordanian SMEs. Sustainability 2022, 14, 1802.
[CrossRef]

32. Lutfi, A.; Alshira’h, A.F.; Alshirah, M.H.; Al-Okaily, M.; Alqudah, H.; Saad, M.; Ibrahim, N.; Abdelmaksoud, O. Antecedents and
Impacts of Enterprise Resource Planning System Adoption among Jordanian SMEs. Sustainability 2022, 14, 3508. [CrossRef]

https://en.unesco.org/news/covid-19-educational-disruption-and-response
https://en.unesco.org/news/covid-19-educational-disruption-and-response
http://doi.org/10.2139/ssrn.3670389
http://doi.org/10.3390/su14031125
http://doi.org/10.3390/su13041856
http://doi.org/10.3390/electronics10243171
http://doi.org/10.1007/s10639-018-9810-7
http://doi.org/10.3390/electronics10212676
http://doi.org/10.30935/ejimed/11000
http://doi.org/10.25046/aj0505151
http://doi.org/10.1007/s10639-019-09865-8
http://doi.org/10.1016/j.jestch.2016.03.004
http://doi.org/10.1155/2022/3174692
http://doi.org/10.30534/ijatcse/2020/22912020
http://doi.org/10.1007/s10209-019-00685-8
http://doi.org/10.3390/su132212536
http://doi.org/10.3991/ijim.v13i11.10300
http://www.citc.gov.sa
http://doi.org/10.3390/su14031802
http://doi.org/10.3390/su14063508


Sustainability 2022, 14, 7323 17 of 18

33. Almaiah, M.A.; Hajjej, F.; Lutfi, A.; Al-Khasawneh, A.; Alkhdour, T.; Almomani, O.; Shehab, R. A Conceptual Framework for
Determining Quality Requirements for Mobile Learning Applications Using Delphi Method. Electronics 2022, 11, 788. [CrossRef]

34. Lutfi, A. Factors Influencing the Continuance Intention to Use Accounting Information System in Jordanian SMEs from the
Perspectives of UTAUT: Top Management Support and Self-Efficacy as Predictor Factors. Economies 2022, 10, 75. [CrossRef]

35. Alrawad, M.; Lutfi, A.; Alyatama, S.; Elshaer, I.A.; Almaiah, M.A. Perception of Occupational and Environmental Risks and
Hazards among Mineworkers: A Psychometric Paradigm Approach. Int. J. Environ. Res. Public Health 2022, 19, 3371. [CrossRef]

36. Lutfi, A. Understanding the Intention to Adopt Cloud-based Accounting Information System in Jordanian SMEs. Int. J. Digit.
Account. Res. 2022, 22, 47–70. [CrossRef]

37. Almaiah, M.A.; Al Mulhem, A. Analysis of the essential factors affecting of intention to use of mobile learning applications: A
comparison between universities adopters and non-adopters. Educ. Inf. Technol. 2019, 24, 1433–1468. [CrossRef]

38. Almaiah, M.A. Acceptance and usage of a mobile information system services in University of Jordan. Educ. Inf. Technol. 2018, 23,
1873–1895. [CrossRef]

39. Alsyouf, A.; Masa’deh, R.E.; Albugami, M.; Al-Bsheish, M.; Lutfi, A.; Alsubahi, N. Risk of Fear and Anxiety in Utilising Health
App Surveillance Due to COVID-19: Gender Differences Analysis. Risks 2021, 9, 179. [CrossRef]

40. Lutfi, A. Understanding cloud based enterprise resource planning adoption among smes in jordan. J. Theor. Appl. Inf. Technol.
2021, 99, 5944–5953.

41. Alsyouf, A. Self-efficacy and personal innovativeness influence on nurses beliefs about EHRS usage in Saudi Arabia: Conceptual
model. Int. J. Manag. (IJM) 2021, 12, 1049–1058.

42. Cheng, Y.M. Towards an understanding of the factors affecting m-learning acceptance: Roles of technological characteristics and
compatibility. Asia Pac. Manag. Rev. 2015, 20, 109–119. [CrossRef]

43. Al-Shihi, H.; Sharma, S.K.; Sarrab, M. Neural network approach to predict mobile learning acceptance. Educ. Inf. Technol. 2018, 23,
1805–1824. [CrossRef]

44. Alsyouf, A.; Ishak, A.K. Understanding EHRs continuance intention to use from the perspectives of UTAUT: Practice environment
moderating effect and top management support as predictor variables. Int. J. Electron. Healthc. 2018, 10, 24–59. [CrossRef]

45. Jaber, M.M.; Alameri, T.; Ali, M.H.; Alsyouf, A.; Al-Bsheish, M.; Aldhmadi, B.K.; Ali, S.Y.; Abd, S.K.; Ali, S.M.; Albaker, W.; et al.
Remotely Monitoring COVID-19 Patient Health Condition Using Metaheuristics Convolute Networks from IoT-Based Wearable
Device Health Data. Sensors 2022, 22, 1205. [CrossRef]

46. Venkatesh, V.; Morris, M.G.; Davis, G.B.; Davis, F.D. User acceptance of information technology: Toward a unified view. MIS Q.
2003, 27, 425–478. [CrossRef]

47. Venkatesh, V.; Thong, J.Y.; Xu, X. Unified theory of acceptance and use of technology: A synthesis and the road ahead. J. Assoc.
Inf. Syst. 2016, 17, 328–376. [CrossRef]

48. Davis, F.D. Perceived usefulness, perceived ease of use, and user acceptance of information technology. MIS Q. 1989, 13, 319–340.
[CrossRef]

49. DeLone, W.H.; McLean, E.R. The DeLone and McLean model of information systems success: A ten-year update. J. Manag. Inf.
Syst. 2003, 19, 9–30.

50. Moon, J.W.; Kim, Y.G. Extending the TAM for a world-wide-web context. Inf. Manag. 2001, 38, 217–230. [CrossRef]
51. Urbach, N.; Smolnik, S.; Riempp, G. The state of research on information systems success. Bus. Inf. Syst. Eng. 2009, 1, 315–325.

[CrossRef]
52. Nassuora, A.B. Students acceptance of mobile learning for higher education in Saudi Arabia. Am. Acad. Sch. Res. J. 2012, 4, 24–30.

[CrossRef]
53. Sung, H.-N.; Jeong, D.-Y.; Jeong, Y.-S.; Shin, J.-I. The relationship among self-efficacy, social influence, performance expectancy,

effort expectancy, and behavioral intention in mobile learning service. Int. J. u-e-Serv. Sci. Technol. 2015, 8, 197–206. [CrossRef]
54. Al-Rahmi, A.M.; Shamsuddin, A.; Alismaiel, O.A. Unified theory of acceptance and use of technology (UTAUT) Theory: The

Factors Affecting Students’ Academic Performance in Higher Education. Psychol. Educ. J. 2020, 57, 2839–2848.
55. Kaliisa, R.; Palmer, E.; Miller, J. Mobile learning in higher education: A comparative analysis of developed and developing

country contexts. Br. J. Educ. Technol. 2019, 50, 546–561. [CrossRef]
56. Botero, G.G.; Questier, F.; Cincinnato, S.; He, T.; Zhu, C. Acceptance and usage of mobile assisted language learning by higher

education students. J. Comput. High. Educ. 2018, 30, 426–451. [CrossRef]
57. Nikolopoulou, K. Mobile learning usage and acceptance: Perceptions of secondary school students. J. Comput. Educ. 2018, 5,

499–519. [CrossRef]
58. Huang, F.; Teo, T.; Scherer, R. Investigating the antecedents of university students’ perceived ease of using the Internet for

learning. Interact. Learn. Environ. 2020, 18, 1–17. [CrossRef]
59. Fishbein, M.; Ajzen, I. Belief, attitude, intention, and behavior: An introduction to theory and research. Philos. Rhetor. 1977, 10,

177–188.
60. Algharibi, A.J.; Arvanitis, T.N. Adapting the Unified Theory of Acceptance and Use of Technology (UTAUT) as a tool for

validating user needs on the implementation of e-Trial software systems. In Proceedings of the HCI 2011 The 25th BCS Conference
on Human Computer Interaction, Newcastle Upon Tyne, UK, 4–8 July 2011; pp. 526–530.

61. Petter, S.; DeLone, W.; McLean, E. Measuring information systems success: Models, dimensions, measures, and interrelationships.
Eur. J. Inf. Syst. 2008, 17, 236–263. [CrossRef]

http://doi.org/10.3390/electronics11050788
http://doi.org/10.3390/economies10040075
http://doi.org/10.3390/ijerph19063371
http://doi.org/10.4192/1577-8517-v22_2
http://doi.org/10.1007/s10639-018-9840-1
http://doi.org/10.1007/s10639-018-9694-6
http://doi.org/10.3390/risks9100179
http://doi.org/10.1016/j.apmrv.2014.12.011
http://doi.org/10.1007/s10639-018-9691-9
http://doi.org/10.1504/IJEH.2018.092175
http://doi.org/10.3390/s22031205
http://doi.org/10.2307/30036540
http://doi.org/10.17705/1jais.00428
http://doi.org/10.2307/249008
http://doi.org/10.1016/S0378-7206(00)00061-6
http://doi.org/10.1007/s12599-009-0059-y
http://doi.org/10.12785/ijlms/010101
http://doi.org/10.14257/ijunesst.2015.8.9.21
http://doi.org/10.1111/bjet.12583
http://doi.org/10.1007/s12528-018-9177-1
http://doi.org/10.1007/s40692-018-0127-8
http://doi.org/10.1080/10494820.2019.1710540
http://doi.org/10.1057/ejis.2008.15


Sustainability 2022, 14, 7323 18 of 18

62. Tajuddin, M.F.N.; Ayob, S.M.; Salam, Z.; Saad, M.S. Evolutionary based maximum power point tracking technique using
differential evolution algorithm. Energy Build. 2013, 67, 245–252. [CrossRef]

63. Ramayah, T.; Lee, J.W.C. System characteristics, satisfaction and e-learning usage: A structural equation model (SEM). Turk.
Online J. Educ. Technol.—TOJET 2012, 11, 196–206.

64. Almarashdeh, I.A.; Sahari, N.; Zin, N.A.M.; Alsmadi, M. The success of learning management system among distance learners in
Malasian universities. J. Theor. Appl. Inf. Technol. 2010, 21, 80–90.

65. Wang, W.T.; Wang, C.C. An empirical study of instructor adoption of web-based learning systems. Comput. Educ. 2009, 53,
761–774. [CrossRef]

66. Raza, S.A.; Umer, A.; Qazi, W.; Makhdoom, M. The effects of attitudinal, normative, and control beliefs on m-learning adoption
among the students of higher education in Pakistan. J. Educ. Comput. Res. 2018, 56, 563–588. [CrossRef]

67. Lutfi, A.A.; Md Idris, K.; Mohamad, R. AIS usage factors and impact among Jordanian SMEs: The moderating effect of
environmental uncertainty. J. Adv. Res. Bus. Manag. Stud. 2017, 6, 24–38.

68. Lutfi, A. Investigating the moderating role of environmental uncertainty between institutional pressures and ERP adoption in
Jordanian SMEs. J. Open Innov. Technol. Mark. Complex. 2020, 6, 91. [CrossRef]

69. Alshirah, M.; Lutfi, A.; Alshirah, A.; Saad, M.; Ibrahim, N.M.E.S.; Mohammed, F. Influences of the environmental factors on the
intention to adopt cloud based accounting information system among SMEs in Jordan. Accounting 2021, 7, 645–654. [CrossRef]

70. Binyamin, S.S.; Zafar, B.A. Proposing a mobile apps acceptance model for users in the health area: A systematic literature review
and meta-analysis. Health Inform. J. 2021, 27, 1460458220976737. [CrossRef]

71. Lutfi, A.; Al-Okaily, M.; Alsyouf, A.; Alsaad, A.; Taamneh, A. The impact of AIS usage on AIS effectiveness among Jordanian
SMEs: A multi-group analysis of the role of firm size. Glob. Bus. Rev. 2020, 0972150920965079. [CrossRef]

72. Thomas, T.; Singh, L.; Gaffar, K. The utility of the UTAUT model in explaining mobile learning adoption in higher education in
Guyana. Int. J. Educ. Dev. Using ICT 2013, 9, 71–85.

73. Alowayr, A.; Al-Azawei, A. Predicting mobile learning acceptance: An integrated model and empirical study based on higher
education students’ perceptions. Australas. J. Educ. Technol. 2021, 37, 38–55. [CrossRef]

74. Sekaran, U.; Bougie, R. Research Methods for Business: A Skill Building Approach; John Wiley & Sons: New York, NY, USA, 2016.
75. Alshirah, M.H.; Alshira’h, A.F.; Lutfi, A. Political Connection, Family Ownership and Corporate Risk Disclosure: Empirical

Evidence from Jordan. Medit. Account. Res. 2021. [CrossRef]
76. Lutfi, A.A.; Md Idris, K.; Mohamad, R. The influence of technological, organizational and environmental factors on accounting

information system usage among Jordanian small and medium-sized enterprises. Int. J. Econ. Financ. Issues 2016, 6, 240–248.
77. Alshirah, M.; Alshirah, A.; Lutfi, A. Audit committee’s attributes, overlapping memberships on the audit committee and corporate

risk disclosure: Evidence from Jordan. Accounting 2021, 7, 423–440. [CrossRef]
78. Alshira’h, A.F.; Alsqour, M.; Lutfi, A.; Alsyouf, A.; Alshirah, M. A socio-economic model of sales tax compliance. Economies 2020,

8, 88. [CrossRef]
79. Hair, J.F.; Risher, J.J.; Sarstedt, M.; Ringle, C.M. When to Use and How to Report the Results of PLS-SEM. Eur. Bus. Rev. 2019.

[CrossRef]
80. Hassanzadeh, A.; Kanaani, F.; Elahi, S. A model for measuring e-learning systems success in universities. Expert Syst. Appl. 2012,

39, 10959–10966. [CrossRef]
81. Motaghian, H.; Hassanzadeh, A.; Moghadam, D.K. Factors affecting university instructors’ adoption of web-based learning

systems: Case study of Iran. Comput. Educ. 2013, 61, 158–167. [CrossRef]
82. Fang, Y.H.; Chiu, C.M.; Wang, E.T. Understanding Customers’ Satisfaction and Repurchase Intentions: An Integration of IS

Success Model, Trust, and Justice. Int. Res. 2011, 21, 479–503. [CrossRef]
83. AL-Mugheed, K.; Bayraktar, N.; Al-Bsheish, M.; AlSyouf, A.; Jarrar, M.; AlBaker, W.; Aldhmadi, B.K. Patient Safety Attitudes

among Doctors and Nurses: Associations with Workload, Adverse Events, Experience. Healthcare 2022, 10, 631. [CrossRef]
84. Alsyouf, A.; Lutfi, A.; Al-Bsheish, M.; Jarrar, M.; Al-Mugheed, K.; Almaiah, M.A.; Alhazmi, F.N.; Masa’deh, R.; Anshasi, R.J.;

Ashour, A. Exposure Detection Applications Acceptance: The Case of COVID-19. Int. J. Environ. Res. Public Health 2022, 19, 7307.
[CrossRef]

http://doi.org/10.1016/j.enbuild.2013.07.085
http://doi.org/10.1016/j.compedu.2009.02.021
http://doi.org/10.1177/0735633117715941
http://doi.org/10.3390/joitmc6030091
http://doi.org/10.5267/j.ac.2020.12.013
http://doi.org/10.1177/1460458220976737
http://doi.org/10.1177/0972150920965079
http://doi.org/10.14742/ajet.6154
http://doi.org/10.1108/MEDAR-04-2020-0868
http://doi.org/10.5267/j.ac.2020.11.008
http://doi.org/10.3390/economies8040088
http://doi.org/10.1108/EBR-11-2018-0203
http://doi.org/10.1016/j.eswa.2012.03.028
http://doi.org/10.1016/j.compedu.2012.09.016
http://doi.org/10.1108/10662241111158335
http://doi.org/10.3390/healthcare10040631
http://doi.org/10.3390/ijerph19127307

	Introduction 
	Literature Review 
	M-Learning in Saudi Arabia 
	Related Works on m-Learning 

	Theoretical Framework and Hypothesis Development 
	Unified Theory of Acceptance and Use of Technology 
	DeLone and McLean Model 
	Extended UTAUT and D&M Model 
	Performance Expectancy 
	Effort Expectancy 
	Social Influence 
	Facilitating Conditions 
	System Quality 
	Service Quality 
	Information Quality 
	Satisfaction 
	Intention to Use and Actual Use 

	Methodology 
	Study Design 
	Instrumentation 
	Data Collection and Analysis 

	Results 
	Assessment of the Measurement Model 
	Assessment of the Structural Model 

	Discussion 
	Contributions 
	Conclusions, Limitations, and Future Studies 
	References

