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Abstract: Mobile devices have become an important tool in higher education. Although mobile
devices have several benefits for students, the use of these devices is still very limited among students.
This low percentage of usage could be attributed to several reasons, both technical and non-technical.
Therefore, there is a need to conduct more research in order to understand the necessary factors
that would lead to enhanced student usage, thus achieving sustainable mobile learning. In order to
achieve that, our study proposes a model by employing the unified theory of acceptance and use
of technology (UTAUT) to investigate the necessary factors that influence intention to use mobile
learning among university students. To evaluate the proposed model, structural equation modelling
(SEM) was employed to analyze data collected from 612 students. The results indicated that factors,
such as device connectivity, device compatibility, device memory, device performance, network
coverage, and network speed have a significant and positive influence on students’ intention to use
mobile learning. This research provides important recommendations for university decision makers
and developers on understanding the necessary factors for adopting mobile learning and reflect the
students’ requirements.

Keywords: mobile learning; technical factors; mobile learning acceptance model; TAM; UTAUT

1. Introduction

Tremendous developments in mobile technology and applications have encouraged
people to use them in their day-to-day life. In addition, the number of mobile device
subscribers has increased significantly in recent years [1]. The increase in subscribers due
to several benefits, functions and services offered by mobile devices make our life easier.
Historically, mobile devices and associated technology continue to develop exponentially,
helping users complete tasks quickly, perform transactions, access the Internet to find
information, and for entertainment [2].

By 2019, mobile phones were in use almost everywhere, with users becoming more
attached to these devices for work, communication, and pleasure [3]. Given the growth
of this technology, the use of the Internet has become commonplace in the lives of people
worldwide, not just to communicate, but also to watch video broadcasts and make video

Sustainability 2021, 13, 1856. https://doi.org/10.3390/su13041856 https://www.mdpi.com/journal/sustainability

https://www.mdpi.com/journal/sustainability
https://www.mdpi.com
https://orcid.org/0000-0002-2215-2481
https://orcid.org/0000-0001-9278-4348
https://orcid.org/0000-0002-7907-0671
https://doi.org/10.3390/su13041856
https://doi.org/10.3390/su13041856
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.3390/su13041856
https://www.mdpi.com/journal/sustainability
https://www.mdpi.com/2071-1050/13/4/1856?type=check_update&version=3


Sustainability 2021, 13, 1856 2 of 22

calls. However, the quality of such applications may be affected by the number of people
connected to the mobile network [4]. Indeed, at present, the use of fifth-generation net-
works, such as 5G, is emerging, driven by previous generations of networks that helped
with the adoption of and growth in the use of mobile devices, such as smartphones. For
instance, in fourth-generation networks, such as 4G, notable developments and advance-
ments have been made in numerous domains, such as multimedia, video broadcasting,
data transmission, and security, in reaching users in many parts of the globe through
different types of devices [5].

Problem Statement

Despite the many studies that have been conducted on mobile learning, more research
is still needed to investigate the attitude of students towards mobile learning [6]. Con-
ducting more research in this domain will help researchers gain a better understanding
of how to exploit this smart technology in education [7]. Despite the several benefits of
mobile devices, they still have limitations that affect students’ acceptance of this new tech-
nology [8]. This aspect has motivated researchers to address these limitations. For instance,
applying this type of technology in education will help learners achieve the optimal use
of such devices to enhance their knowledge and learning ability [9]. Several universities
across the world have integrated m-learning into their settings, but they still face several
problems that prevent students from exploiting mobile learning systems in an optimal
way [10]. These obstacles may be related to technical and non-technical aspects, such as
device capability, network coverage, facilitating conditions, social influence, and others [2].
In addition, acceptance of mobile learning among students is considered an important step
to ensuring the success of mobile learning implementation [8]. However, the slow adoption
of m-learning has been considered a technical issue rather than an educational problem [9].
Therefore, there is a need to identify key technical factors that could help motivate students
to use mobile learning systems in their education [11].

Incorporating new technology, such as m-learning, should be supported by commu-
nity acceptance before applying such technology [7]. However, while the power associated
with technology acceptance models is evident in many countries worldwide, research is
limited in the context of developing countries, especially Arab countries, to measure the
adoption and use of technology [12]. In addition, there are limited studies that focus on the
technical aspects that affect the adoption of m-learning, such as performance, compatibility,
connectivity, security and reliability, processing power, memory and other factors [13].
Therefore, there is a need to develop a model that measures the acceptance of m-learning
amongst students based on the technical aspects, especially in the context of Arabic coun-
tries. Accordingly, this study aims to fill this gap by exploring and understanding the
technical aspects and factors that could motivate learners to exploit the capabilities of
mobile devices as a learning tool in the higher education environment.

2. Background
2.1. Concept of Mobile Learning

Given the emergence of technology and its introduction and application in education,
many elements of technology have been included and adopted in the educational learning
process. Previously, teachers were the sole source of information for students. However,
given the introduction and advancements of modern technology, especially mobile phones,
this has become a key resource in the education system. Several definitions that describe
this technology have emerged over the years by many researchers. Mobile learning or m-
learning by its very definition is described as the delivery of any educational content to the
recipient that is developed and used by mobile devices, whether it is specific information
or a full curriculum [14]. Several studies have indicated that the acceptance of mobile
learning by students is the critical step in order to increase the use of this technology [15].

Given the advancements of smart devices, m-learning technology is still considered
as a secondary method of learning: The role of the teacher still forms the basis of learning
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due to several social and technical considerations [5]. Despite this, results from previous
studies have shown that many students still have the desire to use mobile devices since it
enhances the speed of communication with their teachers and colleagues more than the
traditional methods currently available [16]. Moreover, m-learning makes the education
process more acceptable to students, especially among the younger generation who are
more likely to pursue and use new technology [17]. Indeed, m-learning allows students to
learn independently without the need for teachers, which increases their level of interaction
with other users and information [18]; it is also not necessary to carry out this operation
in the same place, but anywhere and at any time [19]. Interestingly, university students
tend to use their mobile phones to communicate with each other without having noticeable
problems in the learning process [20].

Furthermore, m-learning allows learners to make the most of their time invest-
ment [21]. Nowadays, it is no longer necessary to receive information only in a physical
classroom environment, so there remains a need to include mobile devices in the process of
obtaining knowledge and learning regardless of the demographics at a reasonable cost [22].
The m-learner may also face certain challenges when moving from one country to another,
where mobile and network standards may differ [5]. Likewise, when m-learning is in-
corporated into the education process in developing countries, users may also encounter
difficulties in its application, such as technical problems [6,23]. One study indicated that
when students practice different types of teaching, such as flipped learning, teachers show
a moderate degree of proficiency to qualify them to use digital technologies [24]. Moreover,
some educational materials developed for the use on desktop devices or laptops may not
be appropriate or compatible for smart devices or phones used by students or learners
unless modifications are made to cater for both platforms [25]. This problem has been
resolved with many educational platforms currently supporting both a desktop view and a
mobile view.

2.2. Related Studies on M-Learning

Despite numerous studies that have been conducted in the area of mobile learn-
ing, technical factors have not always been considered [13]. Many of these studies have
employed various acceptance models, such as applying original models, while others
employed altered models. One such study found that despite what students may benefit
from in relation to the services provided through mobile education and the importance of
their acceptance of this type of education, the acceptance of this type of education remains
relatively low in some Arab countries [26]. One of the incentives to use mobile education
is the ease of access to material regardless of physical constraints and time, especially if
there is a high level of confidence of users and that this form of education is compatible
with students’ devices [27]. Some researchers have proposed the use of the mobile learning
adoption model (MLAM) and have found that technological self-efficacy is an important
factor in encouraging students to accept m-learning [27]. In another study, it was found
that one of the factors leading to the success of mobile education among students coincides
with the universities’ knowledge in applying this type of education and taking advantage
of its capabilities [28]. Although the choice to learn using mobile devices is in the hands of
students, there is still a need to investigate the factors that affect students’ acceptance of
mobile education [29]. As mentioned, the acceptance of mobile education among students
is still relatively low in some Arab countries [30]. Therefore, there is needed to identify
the necessary factors that would encourage students to use mobile learning effectively.
Some researchers have developed a model that integrates the technology acceptance model
(TAM) with the updated DeLone and McLean’s model (DL & ML) and have found that
among the factors affecting students’ intention to explore such new technology is the
quality of this type of m-learning [31]. Prior to introducing new digital technologies for
use by students, the factors that affect the effectiveness and efficiency of teaching using
these technologies must be known [32].
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However, despite the emergence of mobile learning after e-learning, studying the
extent of learners’ acceptance of e-learning itself remains limited in Saudi Arabia and as
such, requires further research [33]. Moreover, when a student becomes more confident in
using this type of technology, it will increase their need and use in academic life [34]. Some
studies have concluded that when embarking on the inclusion of mobile education, it is
necessary to consider issues technically, educationally, socially and individually [35]. There
is no doubt that technology is important in the lives of individuals, but how learners view
and use this technology is also important, which to date has remained unexplored [36].

3. Overview of Technology Acceptance Models

Many researchers have employed different technology acceptance models, such as the
technology acceptance model (TAM), the unified theory of acceptance and use of technology
(UTAUT), and others, in their studies. Among the most popular and widely used models
is the TAM, developed in 1989, and the UTAUT, which was introduced by Venkatesh et al.
in 2003. These are shown in Figure 1 [12]. The TAM model was developed to measure
the behavioural aspect of a user’s attitude toward computers [37] and demonstrated a
variety of uses according to the attitudes and beliefs of researchers. It consists of four
reflective factors, namely performance expectancy, effort expectancy, social influence, and
facilitating conditions. Moreover, the TAM has been included in numerous studies and
research to measure users’ acceptance of the inclusion of technology in the educational
process, though the majority of these studies revolved around the teacher [38]. In contrast,
another of the popular models, the UTAUT, was developed based on eight theories, namely,
the theory of reasoned action (TRA), TAM, motivation model (MM), theory of planned
behavior (TPB), combined TAM and TPB (C-TAM-TPB), model of PC utilization (MPCU),
innovation diffusion theory (IDT), and social cognitive theory (SCT) [39]. UTAUT was
found to outperform many of the previous theories [40]. In addition, in a recent review
conducted to study technology and acceptances models between 2010 and 2020, UTAUT
was found to be the most used model [23]. As a result, in the present research, we adopted
the UTAUT model as the basis for the proposed model developed in this study.

The Importance of Technical Factors on Mobile Learning Acceptance

While many factors have been investigated and considered in previous models, many
technical factors have been highlighted that could affect the acceptance of students learning
using mobile technology. Further to the factors associated with the human psyche, m-
learning is still considered to help in the learning process, but not necessarily as the
primary method of learning [41]. Nonetheless, a large proportion of students believe that
communicating with their teachers and colleagues is distinctly faster if it is conducted
via smart devices (i.e., a smartphone) [42], leading to a changing in attitude by students
toward m-learning [6]. However, m-learning faces many challenges, which are categorized
into five types: Technical, security, social, pedagogical, and challenges in the context of
developing countries [43].

These challenges are due to different technical standards between countries [44].
Some of these challenges arise, for example, in African countries where the technological
infrastructure is inadequate [45]. Although many studies have measured the technology
acceptance of recipients, there remain deficiencies in those studies in the context of Arab
countries, which is a limiting factor regarding cultural values and the extent of the impact
on technology acceptance in these countries [16]. Therefore, given these challenges and
the limited investigation of the technical factors, we formulated our following hypotheses
using the proposed model adopted from UTAUT. The unified theory of acceptance and use
of technology (UTAUT) with the TAM model is considered one of the most cited models
in the area of using technology [46]. As well as, UTAUT was found to outperform many
of the previous theories [40]. As mentioned before, in a recent review conducted by some
researchers to study technology and acceptances models in the last decade, UTAUT was



Sustainability 2021, 13, 1856 5 of 22

found the most used model [23]; therefore, UTAUT model was relied upon because it is
the latest.

Figure 1. Unified theory of acceptance and use of technology (UTAUT) model by Venkatesh
et al. (2003).

4. Proposed Model and Hypotheses

From the above discussion in the literature section, we found that there is critical need
to propose a new model in order to capture the most important technical factors to enhance
students’ intention to use mobile learning. Based on that, we used the UTAUT model in
establishing our model in this study. The proposed model includes 12 hypotheses that will
be tested (vide infra).

4.1. Performance Expectancy

Performance expectancy is defined as ‘the degree to which an individual believes
that using the system will help him or her attain gains in job performance’ [40]. We use
an adopted definition here and define performance expectancy as the degree to which a
student thinks that using mobile learning will increase their ability to gain knowledge.

H1. Performance expectancy has a significant influence on the intention to use m-learning among
students at the University of Hail.

4.2. Effort Expectancy

According to the original UTAUT model regarding effort expectancy, the definition is
‘the degree of ease associated with the use of the system’ [40]. Integrating mobile technology
into learning leads us to define effort expectancy as the degree of ease associated with the
use of mobile technology in the learning process.
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H2. Effort expectancy has a significant influence on the intention to use m-learning among students
at the University of Hail.

4.3. Social Influence

Social influence is defined as ‘the degree to which an individual perceives that others
think it is important that they should use the new system’ [40]. According to the original
definition of this factor, we redefine it to be the degree to which a student believes that the
important surrounding community encourages the use of m-learning.

H3. Social influence has a significant influence on the intention to use m-learning among students
at the University of Hail.

4.4. Price Value

Price has many meanings and uses according to different aspects. However, according
to some definitions, it can mean that the perceived benefit of using technologies compared
to the associated cost [47]. In addition, ‘price can be both an indicator of the amount
of sacrifice needed to purchase a product and an indicator of the level of quality’ [48].
Therefore, this term is defined in this study as the student’s belief that the value of mobile
technology is reasonable to use as a learning tool.

H4. Price value has a significant influence on the intention to use m-learning among students at
the University of Hail.

4.5. Device Connectivity

Connectivity is ‘a word used to describe how well hardware or software devices
can communicate with a range of other devices’ [49]. In the learning process using mo-
bile technology, it can be defined as the ability to learn through mobile technology by
communicating with several devices in several different places.

H5. Device connectivity has a significant influence on the intention to use in m-learning among
students at the University of Hail.

4.6. Device Compatibility

According to some researchers ‘compatibility standards assure the user that a compo-
nent or sub-system can be successfully incorporated and be “inter-operable” with other
constituents of a more extensive system of closely specified inputs and outputs’ [50]. Under
the proposed model, it is defined as the ability of the user to use the mobile device to learn
through several platforms or programs, regardless of the different sources.

H6. Device compatibility has a significant influence on the intention to use m-learning among
students at the University of Hail.

4.7. Device Security and Reliability

Mobile device security is defined as ‘the measures taken to protect sensitive data
stored on portable devices’ [51]. In this study, it can be defined as the student’s belief that
the data are protected and highly reliable while using it for m-learning.

H7. Device security and reliability have a significant influence on the intention to use m-learning
among students at the University of Hail.

4.8. Device Processing Power

A processor can be described as ‘the electronic device which performs calculations’ [52].
In the proposed model, a mobile processor can accomplish calculation tasks that make
learning through mobile technology easy and flexible.

H8. Device processing power has a significant influence on the intention to use m-learning among
students at the University of Hail.
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4.9. Device Memory

Computer memory is ‘any physical device capable of storing information temporar-
ily, like RAM (random access memory), or permanently, like ROM (read-only memory).
Memory devices utilise integrated circuits and are used by operating systems, software
and hardware’ [53]. We define device memory as the mobile’s ability to absorb, store, and
transfer educational media of various sizes.

H9. Device memory capacities have a significant influence on the intention to use m-learning
among students at the University of Hail.

4.10. Device Performance

Performance can be described as ‘the accomplishment of a given task measured against
presently known standards of accuracy, completeness, cost and speed’ [54]. By using
mobile technology in education, device performance can be defined as the accomplishment
of learning tasks through mobile devices in a specified period and time according to
known standards.

H10. Device performance has a significant influence on the intention to use m-learning among
students at the University of Hail.

4.11. Network Coverage

The Internet is defined as: ‘A global network of networks used to exchange informa-
tion using the TCP/IP protocol. It allows for electronic mail and accessing and retrieval of
information from remote sources’ [52]. Here, we redefine network coverage as the ability
to use mobile devices to access the network from various places in order to learn.

H11. Network coverage has a significant influence on the intention to use m-learning among
students at the University of Hail.

4.12. Network Speed

The issue of network speed has been raised in numerous forums over the past few
decades and has become a factor driving competition among communication companies.
In our study, it is defined as the speed of communication via a mobile device (i.e., a
smartphone) and the length of time required to complete the learning process, which
involves browsing, downloading, and sending educational materials. Figure 2 shows the
proposed model.

H12. Network speed has a significant influence on the intention to use m-learning among students
at the University of Hail.
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Figure 2. Proposed model.

5. Research Methodology

The present study aims to extend the UTAUT model that measures student acceptance
towards using mobile phones as a learning tool. This model incorporates the technical
factors that may affect the users’ intention to adopt such technology.

5.1. Research Approach

In measuring the proposed model and hypotheses, a questionnaire was developed,
which was adapted from several sources (see Appendix A). In a review delineating the
use of acceptance models in technology, surveys were the most used instrument of the
last ten years [23]. The questionnaire was divided into two parts: One part measured the
original UTAUT factors, and the other section measured the technical factors. The scale
used in this study was a 5-point Likert. This scale was chosen due to its popularity and use
by researchers and is considered as one of the best scales to measure responses [55]. The
scales ranged between 1 = ‘strongly agree’ to 5 = ‘strongly disagree’. Some researchers have
also recommended conducting a content validity index (CVI) test to confirm the suitability
of the indicators for the associated factors [56]. The questionnaire was distributed to five
experts in this field and was updated based on their comments and feedback. Some items
have been excluded, and others have been corrected. Appendix B reflects the CVI results.

The questionnaire was translated into Arabic by an accredited office employing the
back-translation method, which enhanced the goodness of the document [57], before being
translated back into its original language (English) by a language specialist to ensure
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accuracy. Generally, in new or modified models, the researcher should undertake a face
validity test [58]. We applied one in this study by distributing the questionnaire to a
representative sample (i.e., a group of students) to undertake the test. The result confirmed
the validity of the questionnaire. A pilot test was then conducted based on the results in
which several items in the questionnaire were modified.

5.2. Sampling and Data Collections

The primary sample in this study was undergraduate and postgraduate students
attending the University of Hail in the Kingdom of Saudi Arabia. The questionnaire
was distributed electronically through the Information Technology Department at the
University of Hail in order to reach the largest number of students. This provided the
opportunity to distribute the electronic questionnaires to recipients and registering their
interest to participate in the study via e-mail to avoid repeated responses from the same
person. A total of 612 responses were received from recipients representing students
enrolled at the university and from several professional and academic specializations for
each gender and from different backgrounds. The selection was random by sending the
survey electronically to all university students through the Deanship of IT and E-Learning.
Table 1 shows a summary of the descriptive information of the respondents of this study.

Table 1. Descriptive information.

Characters Frequency Percent (%)

Gender Male
Female

230
382

38%
62%

Age Level

From 15 To 19
From 20 To 24
From 25 To 29

Other Age

130
398
61
23

21%
65%
10%
4%

Income

Very Good
Good

Medium
Poor

164
210
190
48

27%
34%
31%
8%

Study
Location

University Main Campus
University’s External Branches

551
61

90%
10%

6. Data Analysis and Results

Structural equation modelling (SEM) was used to test the hypotheses. This technique
has been used by researchers, which helps to overcome the weakness of conventional
methods in the statistical analysis. There are two types of techniques for SEM, covariance-
based SEM (CB-SEM) and partial least squares (PLS-SEM) that were used in this study since
SEM can handle both reflective and formative measurement models relatively easily and
be used with constructs having one item. This method is employed by many researchers
in a variety of studies [56]. Smart-PLS version 3.2.9 software was also used, combining
sophisticated statistical methods with an easy-to-use, flexible, and fast user interface [59].
In addition, there are several reasons for using Smart-PLS that include the following:

1. Certain factors in the proposed model are predictive factors (in addition to confirming
other factors which can be used for other applications, such as AMOS).

2. It can be used when the distribution is abnormal.
3. It can be used when elements are associated with less than three factors.
4. Smart-PLS can deal with data extracted from a small sample or a large sample [60].

According to the approach proposed by Anderson et al. 1988, a two-step modelling
approach was adopted in this study to evaluate the measurement model and the structural
model, along with testing the theory [61]. Analysis of the measurement model was under-
taken via a validity and reliability test, followed by the assessment of the structural model.
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6.1. Measurement Model Analysis

The measurement model analysis was divided into two parts: Part A, convergent
validity and Part B, discriminant validity. In the first section, three parts were tested:
Average variance extracted (AVE), composite reliability (CR), and Cronbach’s alpha. Cron-
bach’s alpha provides a reliability evaluation based on the relationships that are exchanged
between the index variables under study [56]. This test has a value of between 0 and 1, and
when the result is closer to 1, higher reliability is achieved. If the result is 0.9 or higher, the
reliability is very high, while if the result is less than 0.5, the reliability is low. In this study,
the results for all indicators were relatively high, and the lowest for these indicators was
0.68, which is still considered within acceptable limits [62].

In addition, due to some of the limitations associated with Cronbach’s alpha, it is
preferable to perform more reliability tests. This induces the need to use CR, which
considers other indicator variables and also its results are limited to 0 and 1. Moreover,
it is considered acceptable when a value between 0.6 and 0.7 is obtained and satisfactory
if it is between 0.7 and 0.9 [56]. The results of the CR test in this study were higher than
0.81, which is considered satisfactory and supportive at the same time. The third section
of convergent validity is AVE, which measures the level of variance that can be captured
by factors towards the level due to the result of measurement error. If the result is greater
than 0.7, it is considered highly reliable, and if it is within 0.5 to 0.7, it is considered
acceptable [63]. In this study, most of the results of the AVE in the measurement model
test were between 0.65 and 0.89, which is considered to be highly reliable except only one
factor that had a result of 0.525, though it is still also considered acceptable. Table 2 shows
the results for AVE, CR, and Cronbach’s alpha.

Table 2. Convergent validity results.

Constructs Cronbach’s
Alpha Composite Reliability Average Variance

Extracted (AVE)

Device Compatibility 0.865 0.936 0.879

Device Connectivity 0.766 0.866 0.685

Device Memory 0.827 0.897 0.745

Device Performance 0.939 0.961 0.892

Device Processing Power 0.831 0.887 0.663

Effort Expectancy 0.936 0.959 0.887

Intention to Use 0.901 0.938 0.835

Network Coverage 0.688 0.812 0.525

Network Speed 0.864 0.936 0.880

Performance Expectancy 0.879 0.911 0.673

Price Value 0.834 0.900 0.750

Security and Reliability 0.822 0.882 0.653

Social Influence 0.872 0.921 0.797

The second section of the measurement model analysis was the discriminate validity
(DV) test that consists of three phases, Fornell-Larcker criterion, cross-loadings, and the
Heterotrait-Monotrait ratio (HTMT). This type of test can be used by researchers to confirm
DV [37]. The first of these steps, traditionally employed by researchers to ensure the validity
of the indicators in the model, is cross-loadings [56]. In this section, the cross-loadings of
any factor should be the strongest in its area compared to the rest of the other factors for it
to be valid [64]. All the factors tested in this study showed their strength in their respective
regions, as shown in Table 3.

The second part of the DV evaluation was the Fornell-Larcker criterion, a method
used to compare the relationship between underlying factors and the square root of the
AVE [56]. This evaluation provides an image of the DV result in which the factor in this
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area should be stronger than the results of the other factors [65]. Table 4 shows the results
of Fornell-Larcker criterion, in which it can be clearly seen that each of the factors in its
area is stronger than the remaining factors, whether on the left or below it.

Table 3. Factors’ items cross-loadings results.

Constructs DC DCO DM DP DPP EE IU NC NS PE PV SRML SI

Device
Compatibility (DC)

0.920 0.669 0.711 0.608 0.682 0.525 0.563 0.639 0.726 0.651 0.503 0.616 0.409

0.955 0.656 0.604 0.603 0.610 0.564 0.743 0.550 0.687 0.719 0.515 0.685 0.481

Device
Connectivity (DCO)

0.647 0.908 0.545 0.601 0.524 0.556 0.642 0.548 0.602 0.656 0.568 0.648 0.549

0.580 0.841 0.409 0.693 0.475 0.571 0.515 0.583 0.667 0.639 0.529 0.530 0.427

0.513 0.722 0.527 0.410 0.619 0.477 0.479 0.346 0.420 0.310 0.390 0.510 0.240

Device Memory
(DM)

0.630 0.499 0.923 0.490 0.674 0.352 0.636 0.558 0.606 0.515 0.536 0.538 0.433

0.509 0.479 0.868 0.366 0.648 0.351 0.554 0.510 0.514 0.417 0.539 0.519 0.442

0.666 0.587 0.793 0.540 0.456 0.428 0.477 0.655 0.806 0.489 0.539 0.606 0.385

Device
Performance (DP)

0.558 0.664 0.486 0.929 0.391 0.601 0.464 0.568 0.550 0.723 0.482 0.448 0.539

0.602 0.664 0.506 0.973 0.494 0.658 0.509 0.526 0.578 0.783 0.485 0.478 0.498

0.667 0.627 0.524 0.931 0.516 0.579 0.456 0.513 0.565 0.736 0.423 0.494 0.524

Device Processing
Power (DPP)

0.550 0.503 0.560 0.323 0.823 0.264 0.592 0.300 0.406 0.391 0.537 0.503 0.271

0.498 0.520 0.595 0.448 0.846 0.347 0.486 0.384 0.548 0.421 0.454 0.493 0.335

0.433 0.438 0.415 0.280 0.833 0.261 0.375 0.237 0.338 0.260 0.369 0.480 0.252

0.704 0.616 0.653 0.542 0.752 0.477 0.501 0.577 0.721 0.584 0.531 0.663 0.403

Effort Expectancy
(EE)

0.501 0.568 0.395 0.590 0.395 0.932 0.431 0.349 0.442 0.628 0.307 0.540 0.248

0.496 0.657 0.368 0.636 0.383 0.936 0.408 0.339 0.442 0.565 0.393 0.522 0.287

0.635 0.603 0.446 0.613 0.400 0.958 0.492 0.381 0.553 0.676 0.353 0.618 0.318

Intention to Use
(IU)

0.680 0.647 0.599 0.488 0.606 0.509 0.951 0.554 0.643 0.595 0.577 0.643 0.496

0.702 0.681 0.678 0.481 0.584 0.454 0.925 0.582 0.667 0.608 0.556 0.675 0.529

0.550 0.483 0.490 0.411 0.493 0.323 0.864 0.539 0.461 0.507 0.550 0.547 0.510

Network Coverage
(NC)

0.550 0.597 0.534 0.505 0.452 0.424 0.437 0.702 0.700 0.551 0.513 0.452 0.383

0.155 0.142 0.225 0.160 0.099 0.021 0.309 0.529 0.015 0.194 0.114 0.178 0.333

0.482 0.327 0.464 0.399 0.319 0.231 0.492 0.799 0.422 0.403 0.357 0.387 0.273

0.549 0.603 0.618 0.516 0.425 0.359 0.506 0.830 0.703 0.530 0.538 0.446 0.312

Network Speed
(NS)

0.739 0.665 0.729 0.578 0.587 0.496 0.634 0.680 0.943 0.568 0.647 0.634 0.386

0.662 0.616 0.637 0.541 0.589 0.464 0.587 0.594 0.933 0.611 0.600 0.609 0.329

Performance
Expectancy (PE)

0.658 0.519 0.418 0.605 0.389 0.669 0.372 0.406 0.570 0.791 0.289 0.545 0.352

0.613 0.629 0.510 0.708 0.508 0.590 0.553 0.527 0.595 0.871 0.483 0.459 0.355

0.560 0.526 0.386 0.575 0.362 0.559 0.605 0.442 0.483 0.849 0.335 0.489 0.510

0.625 0.465 0.505 0.610 0.464 0.416 0.474 0.495 0.514 0.745 0.487 0.411 0.434

0.591 0.564 0.438 0.756 0.418 0.522 0.513 0.575 0.439 0.841 0.313 0.407 0.607

Price Value (PV)

0.312 0.333 0.418 0.290 0.376 0.155 0.411 0.350 0.343 0.255 0.802 0.430 0.376

0.513 0.629 0.652 0.482 0.591 0.422 0.538 0.544 0.728 0.482 0.863 0.547 0.262

0.546 0.571 0.527 0.475 0.551 0.352 0.616 0.513 0.612 0.445 0.929 0.562 0.376

Security and
Reliability

0.560 0.554 0.535 0.484 0.421 0.493 0.608 0.521 0.608 0.469 0.556 0.764 0.472

0.543 0.505 0.418 0.338 0.448 0.430 0.474 0.439 0.516 0.468 0.405 0.814 0.407

0.518 0.516 0.499 0.340 0.579 0.468 0.536 0.257 0.406 0.357 0.418 0.791 0.391

0.622 0.624 0.580 0.434 0.682 0.526 0.569 0.449 0.593 0.500 0.528 0.860 0.368

Social Influence (SI)

0.368 0.406 0.442 0.469 0.342 0.228 0.547 0.366 0.325 0.501 0.398 0.418 0.894

0.484 0.481 0.426 0.496 0.389 0.254 0.495 0.420 0.356 0.494 0.316 0.508 0.924

0.438 0.472 0.436 0.512 0.311 0.342 0.446 0.389 0.346 0.493 0.311 0.442 0.858
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The third part of the DV evaluation was the Heterotrait-Monotrait ratio (HTMT),
which measures the average of all index relationships between the factors that measure the
other factors and is one of the tests that must be conducted to overcome the limitations of
the Fornell-Larcker criterion and cross-loading assessments. HTMT validity is weak when
its results are greater than 0.9 and becomes stronger as it becomes less than that value [56].
Table 5 shows the results of HTMT, which shows that all results for factors, whether general
factors or technical factors, are smaller than 0.9, thus emphasizing the effectiveness of the
measurement model.

Table 4. Fornell-Larcker criterion.

Constructs DC DCO DM DP DPP EE IU NC NS PE PV SRML SI

Device Compatibility 0.938

Device Connectivity 0.704 0.827

Device Memory 0.692 0.597 0.863

Device Performance 0.644 0.690 0.534 0.945

Device Processing Power 0.682 0.645 0.695 0.495 0.814

Effort Expectancy 0.582 0.645 0.430 0.650 0.417 0.942

Intention to Use 0.708 0.666 0.649 0.505 0.616 0.474 0.914

Network Coverage 0.626 0.600 0.657 0.567 0.468 0.379 0.611 0.725

Network Speed 0.748 0.684 0.730 0.597 0.627 0.512 0.652 0.681 0.938

Performance Expectancy 0.734 0.660 0.547 0.792 0.520 0.664 0.626 0.597 0.628 0.821

Price Value 0.542 0.605 0.620 0.491 0.594 0.372 0.613 0.551 0.666 0.467 0.866

Security and Reliability 0.697 0.685 0.636 0.501 0.661 0.598 0.683 0.520 0.663 0.557 0.598 0.808

Social Influence 0.479 0.505 0.487 0.550 0.390 0.303 0.559 0.438 0.382 0.556 0.386 0.509 0.892

Device Compatibility = DC, Device Connectivity = DCO, Device Memory = DM, Device Performance = DP, Device Processing Power =
DPP, Effort Expectancy = EE, intention to Use = IU, Network Coverage = NC, Network Speed = NS, Performance Expectancy = PE Price
Value = PV, Security and Reliability of Mobile Learning on Devices = SRML, Social Influence = SI.

Table 5. Heterotrait-Monotrait ratio (HTMT) results.

Constructs DC DCO DM DP DPP EE IU NC NS PE PV SRML SI

Device Compatibility

Device Connectivity 0.866

Device Memory 0.835 0.762

Device Performance 0.717 0.812 0.613

Device Processing Power 0.799 0.812 0.814 0.553

Effort Expectancy 0.639 0.767 0.494 0.693 0.469

Intention to Use 0.784 0.789 0.741 0.546 0.690 0.508

Network Coverage 0.791 0.792 0.858 0.684 0.585 0.454 0.771

Network Speed 0.869 0.838 0.879 0.663 0.730 0.565 0.731 0.846

Performance Expectancy 0.849 0.790 0.649 0.873 0.597 0.737 0.687 0.750 0.729

Price Value 0.621 0.733 0.744 0.542 0.685 0.406 0.696 0.695 0.761 0.529

Security and Reliability 0.818 0.854 0.772 0.563 0.792 0.673 0.783 0.670 0.779 0.661 0.707

Social Influence 0.549 0.605 0.574 0.611 0.453 0.339 0.627 0.585 0.440 0.629 0.453 0.600

Device Compatibility = DC, Device Connectivity = DCO, Device Memory = DM, Device Performance = DP, Device Processing Power =
DPP, Effort Expectancy = EE, intention to Use = IU, Network Coverage = NC, Network Speed = NS, Performance Expectancy = PE Price
Value = PV, Security and Reliability of Mobile Learning on Devices = SRML, Social Influence = SI.
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6.2. Assessment of The Structural Model

Assessing the structural model offers researchers the ability to test the capability of a
proposed model to predict the factors associated with it by obtaining results that confirm
this [56]. In this paper, the path coefficient for the proposed model and the R-squared
were tested to confirm the results of the proposed model, an extension of the UTAUT
model developed by Venkatesh et al. (2003). Bootstrapping was used to obtain the path
coefficient for the factors and validation of the model. Bootstrapping is used to measure
the ability of indicators to effectively participate in the associated factor first when the
distribution is normal [66]. The program used to evaluate the structural model was Smart-
PLS 3.2. The path coefficient measures the hypotheses used to describe the factors by
showing the p-value error rate [56]. Factors that achieve an error ratio of less than 0.05 are
considered significant, and if greater than 0.05, the relationship is not considered important
or effective [59]. The significance table for the p-value is presented in Table 7 [67].

The p-value tests show that, overall, the factors are significant, especially the tech-
nical factors, in which 9 of the 12 hypotheses were supported. The influence of device
performance, device compatibility, network speed and price value on the intention to use
mobile learning were very significant. In addition, the influence of network coverage
on the intention to use mobile learning was high as the relationship was very significant
(p-value = 0.010). Device memory, device connectivity, effort expectancy, and performance
expectancy also had a significant influence on the intention to use mobile devices in the
learning process (p-value < 0.05). Three hypotheses in which the results were not supported
were security and reliability of m-learning on devices, device processing power, and social
influence. Figure 3 and Table 6 below show the path coefficient results.

Figure 3. Results of Path coefficient analysis.
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Table 6. Path coefficient results.

Constructs Original
Sample

Sample
Mean (M)

Standard
Deviation
(STDEV)

p Values Status

Device Compatibility
-> Intention to Use 0.175 0.170 0.072 0.008 supported

Device Connectivity ->
Intention to Use −0.077 −0.074 0.045 0.044 supported

Device Memory ->
Intention to Use 0.087 0.088 0.048 0.034 supported

Device Performance ->
Intention to Use 0.214 0.207 0.052 0.000 supported

Device Processing
Power -> Intention to

Use
0.045 0.047 0.051 0.188 not

supported

Effort Expectancy ->
Intention to Use 0.075 0.074 0.043 0.042 supported

Network Coverage ->
Intention to Use 0.107 0.106 0.046 0.010 supported

Network Speed ->
Intention to Use 0.159 0.163 0.052 0.001 supported

Performance
Expectancy ->

Intention to Use
0.084 0.085 0.049 0.045 supported

Price Value ->
Intention to Use 0.112 0.114 0.040 0.002 supported

Security and
Reliability of Mobile

Learning on Devices ->
Intention to Use

−0.009 −0.010 0.055 0.438 not
supported

Social Influence ->
Intention to Use 0.020 0.022 0.032 0.270 not

supported

Table 7. Significance of p-Value.

p-Value Results Transpiration Shortcut

<0.0001 Extremely significant ****

0.0001 to 0.001 Extremely significant ***

0.001 to 0.01 Very significant **

0.01 to 0.05 Significant *

≥0.05 Not significant ns

Nevertheless, one of the most frequently used evaluations in measuring the structural
model is the R2 coefficient of determination, which measures the strength of the predictive
model through the factors it provides [56]. The proposed model succeeded in describing
the variance of factors affecting intention to use m-learning by obtaining 63%. Table 8
shows the results of the R2 analysis.



Sustainability 2021, 13, 1856 15 of 22

Table 8. R-Squared results.

R-Squared of the Endogenous Latent Variables

Constructs Relation R2 Result

Intention to Use 0.632 Moderate *
*According to Chin (1998), an R2 value of more than 0.67 is considered high, between 0.33 to 0.67, it is considered
moderate, and between 0.19 and 0.33, it is considered weak. If it is less than 0.19, it is rejected [46].

7. Discussion

The educational process over recent years has evolved to include diverse sources
of learning, allowing learners to obtain knowledge from various sources easily. It is
clear at the present time that there are developments in teaching methods that depend
on technological means [26]. One of the most recent sources of educational learning is
via mobile devices, referred to as m-learning. This study was applied to a Saudi public
university, the University of Hail. The results obtained from conducting the tests on
the proposed model were both good and influential. The results showed support for
9 of 12 hypotheses presented by the proposed model in this paper. Compared to the
UTAUT original model, the results indicated several similarities. In the presence of some
moderators [40], the effect of PE in the original model was found to be stronger for men
and young workers; whereas, in the proposed model, there was a clear effect of PE on the
intention of students to use mobile devices in the educational process.

Further to that, effort expectancy was shown to have a stronger influence on the
original model of some user classes considering the presence of some moderators [40]. This
factor was also shown to influence the proposed model on the students’ intention to use
m-learning. On the other hand, social influence affected some groups such as the elderly
and women as found in a previous study under conditions which were found leading to
this influence [40]. However, in the current study, the results showed that students do
not consider SI as a factor that may affect their acceptance of this type of technique in
obtaining knowledge. Regarding the technical factors that were the primary focus of this
study, the results showed the influence of most of these factors on the extent of students’
acceptance on the inclusion of m-learning in their study life. The strongest of these factors
was network speed, device performance, and device compatibility, where the influence
was very high and noticeably significant. The remaining factors ranged between having a
moderate effect and an acceptable level of influence, including network coverage, device
memory, and device connectivity.

The exceptions that were noted in this study included security and reliability of
m-learning on devices and device processing power since these factors did not affect
the students’ intention towards m-learning. This may be due to two reasons, one of
which is that educational materials may not always have heavy programmatic or graphic
characteristics and may not require a powerful processor. In addition, the other reason
may be that universities and educational institutions freely and securely provide many
educational materials to students, so that students may not need to worry regarding
security and reliability. However, price value, and its impact on students’ intention to
include m-learning in their scientific lives, was very high; this was due to the diversity of
students’ income levels and standard of living. As such, the proposed model succeeded
in describing the variation of the factors affecting the intention to use m-learning among
students at the University of Hail by obtaining 63%, which is considered close to the high
rate in describing the variation in the influencing factors.

8. Conclusions

This study proposed a new model to investigate the effect of technical factors on
mobile learning usage by employing the UTAUT model. In the proposed model, the
technical factors incorporated were: Device connectivity, device compatibility, device
memory, device performance, device processing power, security and reliability of m-



Sustainability 2021, 13, 1856 16 of 22

learning on devices, network coverage, and network speed. We used structural equation
modelling (SEM) to test the formulated hypotheses on the proposed model. According
to the results of the study, it was shown that the influence of device performance, device
compatibility, network speed, and price value on the intention to utilize m-learning was
exceptionally effective. Moreover, the influence of network coverage on the intention to
utilize m-learning was high since the relationship was very significant. Likewise, device
memory, device connectivity, effort expectancy and performance expectancy impacted the
students’ intention to incorporate smartphone devices into their learning life. However,
three hypotheses were not supported: Security and reliability of m-learning on devices,
device processing power, and social influence.

Accordingly, this research contributes to the body of knowledge in this field by
providing a new model that leads to a better understanding of the intention of students
towards applying m-learning. Based on the study’s findings, Figure 4 demonstrates a
guidelines diagram for the successful application of mobile learning.

Figure 4. Guidelines for Successful application of M-learning.

In addition, this study will also provide further insight into the need for m-learning
in the educational context, and the factors affecting the use of this technology. This
understanding will also lead to various educational institutions and software developers to
take advantage of these results to address the needs of students, the factors affecting such
technology employed in educational environments and when developing applications
based on the principle of m-learning. Furthermore, this model helps in the sustainability of
mobile learning by knowing the factors affecting students’ intention to use before applying
this type of education to ensure its success and continuity.

9. Limitations and Future Studies

Despite several previous studies that have investigated the factors affecting students’
acceptance of m-learning, limited focus has been directed towards exploring the impact of
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technical factors on this type of technology, especially in the context of Arab or developing
countries. Although this study provided positive results for some technical factors, lim-
itations remain. One limitation is that this study focused on some, but not all, technical
factors. Secondly, the context of this study was centered around the Kingdom of Saudi
Arabia. Therefore, in progressing further study in this area, more technical factors should
be included, such as display screens, sizes of display, audio devices linked to mobile
phones, and other technical factors. Furthermore, the scope of the study could be extended
to include other developing countries.
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Appendix A

Table A1. Questionnaire.

Constructs Items

Performance
Expectancy

1. I find using mobile devices useful in my daily life
2. Using mobile learning helps me accomplish things more quickly
3. Using mobile learning increases my knowledge
4. My productivity will increase if I use Mobile learning
5. If I use mobile learning I will get high marks in my course

Effort Expectancy

1. Learning how to use mobile devices in education process is easy for me
2. My interaction with mobile devices is clear and understandable
3. I find mobile learning easy to use
4. It is easy for me to become skillful when using mobile learning
5. My interaction with mobile learning will be clear and understandable

Social Influence

1. People who are important to me think that I should use mobile learning
2. People who influence my behavior think that I should use mobile learning
3. People whose opinions that I value prefer that I use mobile learning
4. I think my teachers will be helpful in the use of mobile learning
5. In general my university will support the use of mobile learning

Device’s performance

1. It would be easy for me to use my mobile devices for learning.
2. If I learn through my mobile device I will increase my chances of getting more knowledge
3. Using my mobile device to learn improves my performance in my courses
4. Using my mobile device to learn improves my productivity in my courses
5. Using my mobile device to learn improves my effectiveness in my courses

Device’s Compatibility

1. Learning through mobile is a good thing if it can be used with any kinds of mobile devices
2. I will involve in online education if it can be used through my mobile
3. I will use media files of my course if my mobile can play it
4. I think my smartphone can fit with online course materials.
5. If my mobile run lectures and learning materials smoothly I will continue to learn
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Table A1. Cont.

Constructs Items

Device’s Connectivity

1. I will spend more time on mobile learning if I could access anywhere, anytime
2. mobile learning would be useful if my device supports high-speed connectivity
3. I have no problem to connect to different generations of speed (3G, 4G...el) from my device to interact
with online courses
4. My phone has different ways to connect with other devices such as Wi-Fi and Bluetooth to share
knowledge
5. It would be useful to have a phone that got variety of connectivity types to exchange course files with
my classmates.

Device’s Security and
Reliability

1. If mobile learning protects the security and privacy of students I would use it
2. It is hard to share some information on mobile learning
3. Mobile learning provides features that can prevent unauthorized people from accessing private data.
4. I believe it is safe to use my mobile to learn
5.I think learning through my mobile will provide reliable information

Device’s Processing
power

1. I have a powerful device to start using mobile learning
2. I will accomplish more learning tasks through my mobile if it is quicker than using a classic way.
3. Nowadays, smartphones are strong enough to handle mobile learning
4. I believe my smart device offers a service that is superior in every way.
5. I would use my phone to learn if it got high ability to deal with data

Device’s Memory
capacities

1. I will download learning materials (Lectures, Slides ...etc.) if I have enough space in my mobile
2.Lerning through mobile would be more sufficient if it comes with a large memory card
3. I have no problems with downloading a big size file of my course into my phone
4. It is useful to have a large memory capacity to store learning materials
5.I will download more educational contents If I am able to increase my phone memory capacity

Network’s Coverage

1. my usage of mobile learning will increase with good network coverage
2. My university provides good Wi-Fi access to the Internet.
3. Public Wi-Fi help me to use my phone to learn4. Getting access to Internet everywhere would improve
my knowledge

Network’s Speed

1. Mobile Learning will enhance my knowledge as I get information quickly
2. I intend to use mobile learning if my university provides fast Internet
3. Using my phone is relatively faster to learn than using the public network
4. My university provides fast access to the Internet.
5. I would download more course materials on my phone if there is a fast coverage

Price Value

1. mobile devices with good specifications for the purposes of learning are reasonably priced
2. Mobile learning is a good value for the money
3. Using my mobile devices to learn is reasonably priced compared with other learning channels like PC..
4. Using the Internet for mobile learning is good value for the money

Intention of use
M-Learning

1. I think I will use mobile learning
2. I intend to use mobile learning.
3. I plan to use mobile learning.
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Appendix B

Figure A1. CVI Results.
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