Paper—Understanding the Quality Determinants that Influence the Intention to Use the Mobile Learning…

Understanding the Quality Determinants that Influence
the Intention to Use the Mobile Learning Platforms:
A Practical Study
https://doi.org/10.3991/ijim.v13i11.10300

Muhammad Alshurideh
University of Sharjah, UAE, UAE
University of Jordan, Amman, Jordan

Said A. Salloum (*)
University of Sharjah, UAE, UAE.
The British University in Dubai, UAE.
ssalloum@sharjah.ac.ae

Barween Al Kurdi
Amman Arab University, Amman, Jordan

Azza Abdel Monem
Ain Shams University, Cairo, Egypt

Khaled Shaalan
The British University in Dubai, Dubai, UAE

Abstract—There is a widespread use of Internet technology in the present
times, because of which universities are making investments in Mobile learning
to augment their position in the face of extensive competition and also to enhance their students’ learning experience and efficiency. Nonetheless, Mobile
Learning Platform are only going to be successful when students show acceptance and adoption of this technology. Our literature review indicates that
very few studies have been carried out to show how university students accept
and employ Mobile Learning Platform. In addition, it is asserted that behavioral
models of technology acceptance are not equally applied in different cultures.
The purpose of this study is to develop an extension of Technology Acceptance
Model (TAM) by including four more constructs: namely, content quality, service quality, information quality and quality of the system. This is proposed to
make it more relevant for the developing countries, like the United Arab Emirates (UAE). An online survey was carried out to obtain the data. A total of 221
students from the UAE took part in this survey. Structural equation modeling
was used to determine and test the measurement and structural model. Data
analysis was carried out, which showed that ten out of a total of 12 hypotheses
are supported. This shows that there is support for the applicability of the extended TAM in the UAE. These outcomes suggest that Mobile Learning Platform should be considered by the policymakers and education developers as be-
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ing not only a technological solution but also as being new e-learning platform
especially for distance learning students.
Keywords—Mobile Learning Platform (MLP), United Arab Emirates, Technology Acceptance Model (TAM), System Quality, Information Quality, Content Quality, Service Quality, Structure equation modeling (PLS-SEM), Emirates universities.

1

Introduction

The number of studies that have been done to study the Mobile Learning Platform
(MLP) within the academic context and discussing the applications and effectiveness
of using such applications and their consequence on the applicants’ intention to use
such system is rarely discussed before [1]. While Mobile Learning (ML) has been
widely used these days, investigating and acknowledging the main driving factors that
increase the intention to use and adopt such method is essential [2]. A study conducted by [3] to find a proper answer to why some learners have a positive experience
using Electronic Learning System (ELS),especially the mobile ones, while others
have negative ones. The scholars used a set of dimensions to study such phenomenon
which are behavioral intentions, learners’ satisfaction, and Blackboard ELS effectiveness. Using a self-administrative survey from 424 university students, the study found
that learners’ satisfaction is influenced heavily by perceived self-efficacy in addition
to perceived satisfaction and perceived usefulness which both affect learners’ intention to use the ELS. To add more, the study denoted that ELS effectiveness can be
enhanced by using a variety of means, such as interactive learning, multimedia instructions and even ELS quality. Based on this, studying the intention to use mobile
learning platforms is a crucial part of ELS applications. Shultz (1980, p. 131 cited
White, 1995), wrote: “I consider intention to refer to a mental state that guides and
organizes behavior”. Thus, intention to perform a behavior is considered by [4] as the
key predictor of behavior. Studying the behaviour intention is important because the
favorable behavior intention usually increase the customer loyalty especially the cognitive ones toward using and recommending the positive organization offerings from
products and services [5]. If the intention is established right, then not just the frequency of use the ELS will be increased and twisting intention to behaviour will be an
easy mission but also the willingness to recommend such systems will be highly happening [6].Large number of scholars went behind defining the main factors that affect
electronic learning platforms use effectiveness. Some of these factors are: perceived
ease of use, perceived usefulness, quality of the system, content quality and service
quality, users’ satisfaction, system quality, net benefits, learners’ characteristics [3],
[7]–[9]. However, not that much care was given to the mobile ones especially for the
distance learners students [10], especially within the intention context. This study
gives more lights on the main of them and such factors will be explained in more
details.
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2

Research Model and Hypotheses

2.1

System characteristics

Quality of the system: Quality of systems might mean many things. [11] denoted
that quality means is to perform well and does what is planned to do (output quality).A large number of scholars talks about the importance of system quality influence
with respect to both ease of use and usefulness. A study by [12], for example, explains
that system quality means many things, such as information quality, response time
and system accessibility. While others, such as [13], [14] talked about web quality,
information quality, and system quality. However, Davis et al. (1992) talked about
output quality while [15] talked about the technical quality effect on online e-service
acceptance.
Some scholars, such as [12], believed that ease of use and perceived usefulness are
major functions of the quality of any system used especially through the Internet. The
scholars discussed deeply why some users accept while other reject the website use
through employing TAM. While the customers’ acceptance is an important area that
needs to be investigated to any applied systems, the scholars found that the website
features are playing a critical role on users’ acceptance and TAM fully mediate the
usage behavior in the Internet environment. Moreover, [16] studied the positive and
negative mediators of the system experience regarding computer playfulness and
anxiety. The study found that system quality factors affect perceived ease of use especially for those service organizations which provide information about their products
and services to users using any means, such as web portals. Such findings have been
confirmed by other studies which denoted that system quality is an important element
in providing organizations’ services through other means, such as mobile commerce
[17], mobile learning[18] and even mobile cloud services [19].
It has been claimed by many scholars, such as [20] that service quality significantly
has a positive direct effect on information quality which in turn affect value, customer
satisfaction and customer intention in service environments. To add more, [14] highlight the idea that perceived service quality is influenced directly by information presented on the web and such relationship has been confirmed by [21] who claimed that
service quality is measured in most cases by information quality, especially when
talks about both web-based learning systems adoption and post-purchase intention
[22], or mobile use adoption [23]. Based on above explanations, three sub-hypotheses
can be drawn as:
H1a: System Quality (SQ) of M-Learning Platforms has a significant positive effect on the perceived usefulness (PU) of M-Learning Platforms.
H1b: System Quality (SQ) of M-Learning Platforms has a significant positive effect on the perceived ease of use (PEOU) of M-Learning Platforms.
H1c: System Quality (SQ) significantly and directly affects information quality.
Information quality: There is an urgent need for organizations these days to enhance and improve their service quality especially those related to human and social
parts [24], [25]. A large number of research papers, such as [26]–[28], have explained
that enhancing service quality must be done through enhancing information quality
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provided. To add more, with the huge increase of Internet usage, there is a great opportunity for organizations to reach out billions of customers with very little cost
especially using the mobile phone applications [29]. However, the information quality
is still the dilemma. [12] conducted a study about understanding the behavioral intention to use a website. This study found that the users’ acceptance is influenced mainly
by the information quality provided by the website and the time that users’ spends on
waiting for the response. Another study [30] was about the extrinsic and intrinsic
motivation to use computers in the workplace. It found that ease of use and quality are
major functions of computer use and adoption in the workplace. Within the same
stream, there is an increase in users’ intention to use mobile services these days in all
aspects of life and such needs are growing continuously because it increases users and
consumers’ performance [31].
Another study by [32] investigated the information quality of commercial website.
The scholars mentioned that perceived information quality from consumers’ side for
organizations’ offerings from products and services is critical and information quality
is seen as the salient factors of predicting their decision behavior. Add on that, the
study found that perceived usefulness, information quality and attitudes were significant indicators that enable predicting the customers’ purchase behavior using the
lodging Web sites. Moreover, online shopping is that part of research that is taking
much of researchers’ interest always. A study by [33] explained that the purchase
intention is the products of some previous antecedents; mainly, the ease-of-use, perceived usefulness in addition to the trust in the e-vendor. Such antecedents are experienced important for behavior and repeat behavior especially for the online and mobile
shopping and payments or learning [34]–[36]. Based on previous explanations, the
hypotheses can be drawn as:
H2a: Information quality (IQ) of M-Learning Platforms has a significant positive
effect on the perceived usefulness (PU) of M-Learning Platforms.
H2b: Information quality (IQ) of M-Learning Platforms has a significant positive
effect on the perceived ease of use (PEOU) of M-Learning Platforms.
Content quality: It has been seen these days that there is an increase in using the
Internet and their interrelated technologies and means, such as web-based applications
and mobile applications in e-learning contexts. To enhance the e-learning effectiveness, there is a demand to enhance the quality of leaning environment. [37] clarified
that learning environment consists of learning contents, learning management systems
and interaction that offered by the e-learning systems. E-learning contents quality
especially the information quality is taken much attention from scholars, such as [38],
as core pre-requests of perceived ease of use and perceived usefulness.
A study by [32] investigated the effect of information quality to measure customers’ behavioral intention to use lodging Web sites. The information quality has been
studied through developing a model consists of three dimensions: information contents, perceived ease of use and perceived usefulness. The study found that the information quality model can be used as a useful framework to evaluate the information
quality. Also, the study found that the information quality construct, attitude and perceived usefulness are significant indicators that help in predicting customers’ purchase behavior especially through using lodging Websites. Within the same stream,
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[39] found that information quality help in users’ perceived usefulness and perceived
ease of use of mobile use especially within the e-learning course quality [40].
Another study by [41] about investigating the effect of playfulness on users’ acceptance of online retailing with respect to Web quality. The study found that Web
quality which have been categorized into a set of dimensions, which are service quality, information and system. They all have significant impacts on usefulness, perceived
ease of use, playfulness which all in turn encouraged website users to use the website
on the online retailing context. Based on this, large number of studies highlighted the
importance of exerting much efforts on enhancing the quality of both e-platforms and
m-platforms. Studies by [12], [42] claimed that both m-service and e-service providers should emphasize the quality of the Website contents and the quality of information provided through mobile learning applications.
Regarding the online learning context, [13] highlighted the importance of improving the quality of the course provided through all platforms. Such enhancement increases the user's perceived web quality and even web page interactivity and web
page downloaded. Both scholars claimed that if such enhancements happened for the
online learning platforms, then the contents need to be learned will be seen as useful
and ease to be used from learners. Based on above explanations, the content quality
effect can be drawn as:
H3a: Content quality (CQ) of M-Learning Platforms has a significant positive effect on the perceived usefulness (PU) of M-Learning Platforms.
H3b: Content quality (CQ) of M-Learning Platforms has a significant positive effect on the perceived ease of use (PEOU) of M-Learning Platforms.
Service quality: In order to understand how both users and consumers perceive
and evaluate mobile services provided especially the mobile payment ones, managers
who work for organizations must understand how to deliver and evaluate providing
superior service quality [43]–[46]. According to [47], perceived usefulness was defined as “the degree to which a person believes that using a particular system could
enhance his or her job performance” and perceived ease of use can be described as
“the degree to which a person believes that using a particular system is free of effort”
(p.318). Based on such definitions and according to [48], The Technology Acceptance
Model (TAM) denoted that both the perceived ease of use and the perceived usefulness of any information systems are seen as the key prerequisites of its use and the
quality keys in relation to customer-centered services [49].
[50] Used a set of instruments to measure user perceived service quality of information that present through the Web portals. The study recommended that in order to
enhance service quality of Web portals, portal managers should focus on a set of validated a five-dimension service quality instrument involving: usefulness of content,
usability, accessibility, interaction and adequacy of information. Moreover, according
to [51], service quality dimensions for online retailing stores are seen important. The
main three dimensions, which are the perceived usefulness, perceived ease of use and
user acceptance of information technology, replaying a critical role in the context of
Internet commerce. Also, according to [14], information and system quality are considered major determinants of users perceived usefulness and perceived ease of use of
any information presented on the web portals. Some scholars such as [52] studied a
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set of online service quality dimensions and found that the study sample was seen the
perceived ease of use dimension more important than perceived usefulness dimension.
Within the mobile use context, mobile perceived ease of use and mobile perceived
usefulness are the major determinants of service provided through mobile platforms
especially for mobile social learning platforms [53] and to have continuous intention
to use mobile payments [44]. Based on the above explanations, the effect of service
quality effect on both perceived usefulness and perceived ease of use can be drawn as:
H4a: Service quality (SRQ) of M-Learning Platforms has a significant positive effect on the perceived usefulness (PU) of M-Learning Platforms.
H4b: Service quality (SRQ) of M-Learning Platforms has a significant positive effect on the perceived ease of use (PEOU) of M-Learning Platforms.
2.2

The technology acceptance model and User beliefs

A large number of studies, such as [12], [54]–[61], have been conducted to investigate the effect of perceived ease of use and perceived usefulness on behavioral intention to use e-service delivered materials. However, a little number of studies have
been done to investigate the effect of these constructs on the intention to use elearning materials delivered through MLP. The TAM model has been employed in
this study to achieve such target.
The majority of studies have been done to investigate how service organizations
use the Internet-delivered materials to users and a little number of these studies have
taken the MLP ease of reuse effect on intention to use a specific e-service into deep
analysis. A study executed by [62] to research the main positive and negative utilities
that affect any system use and adoption. The study found that e-service adoption is
influenced purely by performance perceived risk and such risk can be reduced by eservice perceived ease of use.[63] claimed that perceived ease of use is an important
element in influencing the information technology use acceptance. Increase the acceptance level from users tends to increase the intention level of use and reuse of
ELS. It has been found by [64] that perceived ease of use affect users’ perception of
computer systems. This idea is confirmed by [65] who found that perceived ease of
use is seen as a fundamental element of Technology Acceptance, perception and even
computer experience. One of the main issues that highlighted by many scholars, such
as [66]–[69],are that perceived usefulness has a positive relation with behavioral intention, repeat use intention, use behavior and even reuse behavior. This idea is confirmed by [70] who mentioned that if users’ perception of any system use is seen
useful and easy to use then the acceptance and adoption level increase especially for
the e-service, e-learning technology and mainly MLP.
One good example that provided by [71] who found the majority of e-materials delivered, such as governmental services (such as online voting and licenses renewal)
participation and use, increase because of the users believing that such services are
useful and easy to use. Also, the study found that trustworthiness, compatibility and
perceived ease of use are the significant determinants of e-government service use and
even create greater public access to information. However, other studies reached different results regarding the relationship between usefulness and intention to use. For
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example, [72] who studied the mobile banking adoption using the integration of TAM
with respect to both perceived risk and perceived benefits. The scholars found that
there was no direct relationship between perceived usefulness and intention to use and
between perceived ease of use and attitude.
[73] Studied the relationship between perceived ease of use, perceived usefulness,
and system use through applying the Structural Equation Modeling (SEM) through
two studies. In the first study, the scholar found that perceived usefulness is an important part of determinants of system use while the second study confirmed the importance of both perceived ease of use and perceived usefulness on system use are
essential to be achieved. To add more, previous research has proved that perceived
ease of use is an important factor influencing user acceptance and usage behavior of
information technologies. However, very little research has been conducted on understanding how such perception forms and changes over time. Also, according to [64], it
has been found that perceived usefulness moderate the effect of ease of use and prior
usage. Based on above explanation, the relationship effect of perceived ease of use,
perceived usefulness and behavioral intention to reuse E-learning system can be
drawn through following hypotheses:
H5: Perceived ease of use (PEOU) has a positive effect on the perceived usefulness
(PU) of behavioural intention to use M-Learning Platforms.
H6: Perceived ease of use (PEOU) directly and significantly influences behavioral
intention to use M-Learning Platforms.
H7: Perceived usefulness (PU) directly and significantly influences behavioral intention to use M-Learning Platforms.
The research model is put forward using these hypotheses, as shown in Figure 1.
The theoretical model is converted into a structural equation model, which is then
empirically examined.

Fig. 1. The study model
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3

Research Methodology

3.1

Sample and data collection

Two very famous academic institutes operating in United Arab Emirates (UAE)
who had implemented the Mobile Learning Platform (MLP) were selected for collecting samples. A total of 300 respondents participated in this online survey. These two
universities were using two web-based M-learning systems, which were developed by
two different M-learning platform/system providers. Both these M-learning platforms
were developed and deployed almost 3 years ago and the students of these academic
institutes were already using this M-learning system on a daily basis. This study was
conducted with the help of Smart PLS Version 3.2.7 i.e. Structural equation modeling
or SEM. This measurement model was evaluated with SEM and treated with final
path model in the later stages. Table 1 is an in-depth illustration of the collected data.
Of all the responses collected, there were 79 unfinished responses questionnaires
which were wasted. We were left with 221 complete questionnaires that imply a response rate of 73.6%. All in all, 221 responses containing valid responses contemplated and converted into a sample size as suggested by [74]. The estimated sampling size
for a population of 300 is 169 respondents. These responses were then analyzed
through the conceptual model. An analysis conducted using structural equation modeling is acceptable as a sample size; therefore, in our study, a sample size of 221 was
much more than the insignificant requirements that were employed for testing the
hypotheses [75]. It is essential to note that the stated hypotheses were based on current theories but were adopted in the context of E-learning.
Table 1. Participants details
University
The British University in Dubai (BUiD)
University of Fujairah
Total

3.2

No. of students
130
91
221

Study instrument

As cited in this research, a survey instrument was devised and employed to test our
hypothesis. Table 2 contains a list of the sources of the constructs used in the questionnaire. A total of twenty-six items were included in the survey with the aim of
measuring the seven constructs in the questionnaire. To make this study more understandable and relatable some questions from previous studies were also included but
after altering and adjusting them in accordance with our context.
Table 2. Constructs and their sources
Constructs
Behavioral Intention to Use
Content quality

164

Number of items
2
4

Source
[76]–[79]
[77], [79], [80]
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Information quality
Perceived Ease of Use
Perceived Usefulness
Quality of the system
Service quality

3.3

4
4
4
4
4

[55], [81]–[83]
[76]–[78]
[76]–[78], [81], [84]
[55], [78], [79], [81], [82], [85]
[55], [79], [81]–[83]

Study instrument instrumentation

After selecting some M-learning users and experts in the domain, a rigorous phase
of pre-testing and pilot testing of measures was carried out. Table 3 presents the authenticated measures of this study. The questionnaire comprised of four items per
construct, each of which was measured using a five-point Likert scale. These items
ranged from “strongly disagree” to “strongly agree”. The respondents, for every item,
were required to circle the response that best described their level of agreement with
the statements provided in the question. Moreover, the respondents were required to
provide their basic demographic information as well.
3.4

Pre-test of the questionnaire

Two of the extremely well-known academic institutes, namely: University of Fujairah (UOF) and The British University in Dubai (BUiD) participated in the study
and offered the target population comprising of a well-experienced group of Mlearning users. Using a 10% of the total sample size of the research survey (300 students), the sample size for the pilot study was selected in accordance with the standard research customs. Moreover, all the questions in the questionnaire were pre-tested
using 30 students who were selected randomly. In addition, Cronbach's Alpha, according to [86], was employed for carrying out the reliability analysis for this study.
The findings of the analysis show that the alpha values of all variables surpass 0.7, as
shown in Table 3. This implies that the final questionnaire is extremely reliable. The
overall reliability and quality of the survey were enhanced ensuring that the respondents fully understood the final questionnaire.
Table 3. Cronbach’s Alpha values for the pilot study (Cronbach’s Alpha ³ 0.70)
Construct
Behavioral Intention to Use
Content quality
Information quality
Perceived Ease of Use
Perceived Usefulness
Quality of the system
Service quality
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0.733
0.713
0.813
0.844
0.857
0.823
0.822
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3.5

Pre-test of the questionnaire

An in-depth account of the information about the respondents is provided in Table
4. All of the participants shared almost similar characteristics. Gender wise there were
118 (53%) females and 103 (47%) males. most of the participants they were between
18 and 29 years of age, with 47% from 30 to 39, 39% from 40 to 49, 11% from 50 to
59, 3%.
Table 4. Students’ demographic data
Variables
Gender

Age

College

Level of education

4

Answers
Female
Male
18 to 29
30 to 39
40 to 49
50 to 59
College of Business and Economics
College of Humanities and Social
Sciences
College of Information Technology
College of Engineering
College of Education
College of Business and Economics
Bachelor
Master
Doctorate

Frequency
118
103
104
87
24
6
66

Percentage %
53%
47%
47%
39%
11%
3%
30%

12

6%

87

39%

22
34
66

10%
15%
30%

89
84
48

40%
38%
22%

Findings and Discussion

The software used for this study is the Smart PLS for Partial Least Squares Structural Equation Modeling (PLS-SEM), which was developed by [87]. It is a very famous and widely used and readily available to academics and researchers. Moreover,
this software has a very user-friendly interface and advanced reporting features. It is
because of these features that the software’s popularity has increased since its launch
in 2005 [88]. the convergent validity and discriminate validity are two classes of validities that are generally employed for evaluating any measurement model [89]. The
relationship between the indicators and latent construct that is being evaluated is defined by the measurement model [90].
4.1

Data analysis

The internal consistency of all the indicators in a relationship of any construct
makes it possible to measure their Reliability. Therefore, in order to check the relia-
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bility of indicators, the Cronbach coefficient alpha [91] and the composite reliabilities
coefficient [92] are used. Composite reliabilities are over the minimum acceptable
limit of 0.70 [93]; [94].Table 5 presents the values of each coefficient as well as
Cronbach coefficient alpha levels. All these values were above 0.70, which is recommended for confirmatory research [95]. A two-stage methodology where the measurement model first is established and evaluated separately from the full structural
equation model was used for the analysis of data [96]. For that reason, individual
reliability for each item and the convergent and discriminate validity of the constructs
was established as a preliminary step. The individual reliability for each item is provided by loadings or correlations between the item and the construct. The convergent
validity per construct is suitable for a loading higher than 0.505 [97]. Table 8 points
out that the loadings for every item are in total compliance with established conditions. Table 5 provides an account of the AVE scores attained for each of the seven
constructs used. All of them surpass the minimum desirable value. In addition, the
conjoint variance between the indicators and their construct is represented by the
convergent validity, which is measured by the Average Variance Extracted
(AVE).Moreover, the standard threshold for these values should be more than 0.50
[98].Table 6 provides the square roots of the AVE, indicated by bold numbers in the
diagonal, and the correlation between constructs that highlight the acceptable discriminant validity of the measurements. The discriminant validity between constructs the
AVE square root can be confirmed if they are greater than the correlation between
constructs [98].
The analysis of the convergent and discriminant validity of the measurements was
completed by analyzing the factor structure matrix of loadings and cross-loadings
(Table 7). Items measuring the matching construct imply prominently and noticeably
higher factor loadings on a single construct (bold numbers) as compared to other constructs. Once the individual reliability for every item and the convergent and discriminate validity of the constructs is recognized, the structural model is tested next. This
also highlights the convergent and discriminate validity of the measurement. As per
[99], the second condition of discriminant validity, is that the loading of every item
must be higher as compared to the loading of its equivalent variable. Hence, it is evident from Table 8 that the second criterion has also been fulfilled. The third condition
of discriminant validity is that the values of HTMT must be less than 0.85. It is evident from Table 7 that the third criterion has also been confirmed; resulting in the fact
that the discriminant validity has been established.
Table 5. Convergent validity results which assures acceptable values (Factor loading,
Cronbach’s Alpha, composite reliability ³ 0.70 & AVE > 0.5)
Constructs
Behavioral Intention to
Use

Content quality

Items
BI1
BI2
CQ1
CQ2
CQ3
CQ4
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Factor Loading Cronbach's Alpha
0.795
0.733
0.822
0.768
0.766
0.713
0.788
0.707

CR

AVE

0.828

0.548

0.823

0.537
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Information quality

Perceived Ease of Use

Perceived Usefulness

Quality of the system

Service quality

IQ1
IQ2
IQ3
IQ4
PEOU1
PEOU2
PEOU3
PEOU4
PU1
PU2
PU3
PU4
QS1
QS2
QS3
QS4
SRQ1
SRQ2
SRQ3
SRQ4

0.831
0.818
0.748
0.801
0.738
0.860
0.860
0.840
0.794
0.861
0.849
0.842
0.764
0.811
0.826
0.828
0.837
0.880
0.850
0.839

0.813

0.877

0.640

0.844

0.895

0.683

0.857

0.903

0.700

0.823

0.882

0.652

0.822

0.865

0.622

Table 6. Fornell-Larcker Scale.
BI
CQ
IQ
PEOU
PU
QS
SRQ

BI
0.741
0.468
0.748
0.656
0.723
0.712
0.554

CQ

IQ

0.733
0.439
0.359
0.302
0.448
0.344

0.800
0.650
0.720
0.776
0.453

PEOU

0.826
0.709
0.635
0.546

PU

0.837
0.735
0.404

QS

SRQ

0.808
0.584

0.789

SRQ

Table 7. Heterotrait-Monotrait Ratio (HTMT)
BI
CQ
IQ
PEOU
PU
QS
SRQ

BI

CQ

IQ

PEOU

PU

QS

0.497
0.657
0.787
0.754
0.555
0.082

0.569
0.454
0.385
0.574
0.081

0.775
0.713
0.743
0.105

0.831
0.750
0.093

0.770
0.193

0.091

Table 8. Cross-loading results

BI1
BI2
CQ1
CQ2
CQ3

168

BI

CQ

IQ

PEOU

PU

QS

SRQ

0.795
0.822
0.275
0.224
0.233

0.192
0.333
0.768
0.766
0.788

0.458
0.668
0.346
0.306
0.280

0.424
0.649
0.305
0.254
0.200

0.500
0.511
0.197
0.214
0.237

0.435
0.648
0.310
0.324
0.271

0.239
0.258
0.204
0.135
0.220
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CQ4
IQ1
IQ2
IQ3
IQ4
PEOU1
PEOU2
PEOU3
PEOU4
PU1
PU2
PU3
PU4
QS1
QS2
QS3
QS4
SRQ1
SRQ2
SRQ3
SRQ4

4.2

0.335
0.229
0.295
0.302
0.353
0.479
0.543
0.571
0.569
0.559
0.215
0.141
0.102
0.521
0.546
0.132
0.591
0.249
0.174
0.356
0.103

0.707
0.375
0.321
0.287
0.412
0.197
0.283
0.316
0.377
0.203
0.258
0.293
0.251
0.326
0.306
0.379
0.421
0.135
0.205
0.166
0.265

0.346
0.831
0.818
0.748
0.801
0.503
0.559
0.553
0.527
0.568
0.603
0.649
0.583
0.557
0.623
0.684
0.637
0.246
0.190
0.277
0.430

0.283
0.577
0.527
0.376
0.573
0.738
0.860
0.860
0.840
0.550
0.592
0.649
0.577
0.441
0.453
0.571
0.567
0.432
0.170
0.202
0.387

0.238
0.627
0.611
0.494
0.557
0.526
0.564
0.659
0.586
0.794
0.861
0.849
0.842
0.554
0.536
0.620
0.652
0.383
0.295
0.427
0.417

0.394
0.688
0.602
0.579
0.610
0.415
0.542
0.594
0.530
0.595
0.588
0.632
0.643
0.764
0.811
0.826
0.828
0.241
0.410
0.355
0.207

0.316
0.461
0.109
0.373
0.324
0.276
0.208
0.243
0.245
0.164
0.192
0.169
0.158
0.381
0.321
0.296
0.169
0.837
0.880
0.850
0.839

Coefficient of determination

The structural model is commonly analyzed using the measure i.e. coefficient of
determination, also known as R2 [100]. Moreover, the predictive accuracy of a model
is checked with the help of this measure that is computed as the squared correlation
between a particular endogenous construct’s actual and predicted values [101]. Secondly, the coefficient of determination connotes the degree of variance in the endogenous constructs which are authenticated by all exogenous construct correlated to it.
The resulting coefficient of determination where the value of R2value exceeds 0.67 is
considered as high when the values range between 0.33 and 0.67 R2 is considered as
moderate, and the values between 0.19 and 0.33 are yield a weak R2 [102].
Table 9 shows that the R2 values for the Perceived Ease of Use and Behavioral Intention to Use ranged between 0.468 and 0.564. Therefore, these constructs appear to
have a Moderate predictive power. Moreover, the R2 value of the Perceived Usefulness is found to explain 68.5% of the variance, which means a high predictive power
of this construct.
Table 9. R2 of the endogenous latent variables
Constructs
Behavioral Intention to Use
Perceived Ease of Use
Perceived Usefulness

4.3

R2
0.564
0.468
0.685

Results
Moderate
Moderate
High

Hypotheses testing

According to [103]–[108] the outcomes of this study imply that the projected values of fit indices provide data fit for the structural model designed for this research
model [109] (see Fig. 2). Moreover, the correlations between the hypotheses were
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analyzed with the help of the structural equation modeling and the resultant values
can be seen in Table 10. Other than this, certain direct hypotheses also coincided with
the prepositions made in this study [110]. It can be seen in the Table 10 that all the
values met the provided range criteria. Figure 2 represents the resultant path coefficients for this proposed research model. Generally, the data supported ten out of
twelve hypotheses. According to previous studies, all TAMs' constructs were verified
in the model (PEOU, PU, and BI). Based on the data analysis hypotheses H1a, H1b,
H2c, H2a, H2b, H3b, H4b, H5, H6 and H7 were supported by the empirical data,
while H3a and H4a were rejected. The results showed that PEOU significantly influenced PU (β= 0.353, P<0.001) and BI (β= 0.288, P<0.001) supporting hypothesis H5
and H6 respectively. PU was determined to be significant in affecting BI (β= 0.519,
P<0.001), supporting hypotheses H7.
Quality of the system, Information quality has significant effects on Perceived Ease
of Use (PEOU) (β= 0.315, P<0.001), (β= 0.386, P<0.001) respectively, but Content
quality, Service quality has insignificant effects on Perceived Ease of Use (PEOU)
(β= 0.048, P=0.387), (β= 0.012, P= 0.826), respectively; hence, H1a and H2a are
supported, but H3a and H4a are rejected. Quality of the system, Information quality,
Content quality, and Service quality has also significant effects on Perceived Usefulness (PU) (β= 0.347, P<0.001), (β= 0.249, P<0.001), (β= -0.090, P<0.001), (β= 0.138, P<0.001), respectively; hence, H1b, H2b, H3b, and H4b are supported. Finally,
Quality of the system has significant effects on information quality (β= 0.777,
P<0.001) then, H1c is supported.
Table 10.
H
H1a
H1b
H1c
H2a
H2b
H3a
H3b
H4a
H4b
H5
H6
H7

170

Results of structural Model - Research Hypotheses Significant at
p**=<0.01 , p* <0.05 Significant at p**=<0.01 , p* <0.05).

Relationship
Quality of the system ->
Perceived Ease of Use
Quality of the system ->
Perceived Usefulness
Quality of the system ->
Information quality
Information quality ->
Perceived Ease of Use
Information quality ->
Perceived Usefulness
Content quality -> Perceived Ease of Use
Content quality -> Perceived Usefulness
Service quality -> Perceived Ease of Use
Service quality -> Perceived Usefulness
Perceived Ease of Use ->
Perceived Usefulness
Perceived Ease of Use ->
Behavioral Intention to Use
Perceived Usefulness ->
Behavioral Intention to Use

Path

t-value

p-value

0.315

3.739

0.000

0.347

4.301

0.000

0.777

21.009

0.000

0.386

4.130

0.000

0.249

3.183

0.002

0.048

0.866

0.387

-0.090

2.109

0.035

0.012

0.220

0.826

-0.138

3.598

0.000

0.353

5.231

0.000

0.288

3.586

0.000

0.519

7.108

0.000

Direction
Positive

Decision
Supported**

Positive

Supported**

Positive

Supported**

Positive

Supported**

Positive

Supported**

Positive

Not supported

Negative

Supported*

Positive

Not supported

Negative

Supported**

Positive

Supported**

Positive

Supported**

Positive

Supported**
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Fig. 2. Path coefficient results (significant at p** < = 0.01, p* < 0.05).

5

Conclusion and Future Works

5.1

Study contributions and discussion

This study seeks to assess how quality features have an impact on students’ beliefs
with respect to acceptance of mobile learning on the basis of extending Technology
Acceptance Model (TAM). Sample data was obtained from two private universities in
the UAE that have good academic reputations. The survey involved randomly circulating 300 questionnaires, out of which 221 completed questionnaires were examined.
Hence, the usable response rate was 73.6%. It is shown in the findings that the Mobile
Learning Platforms’ infrastructure, i.e. (Quality of the system, content quality, Information quality, and service quality) directly affects perceived usefulness of mobile
learning and ease of use, which positively influences intention to use the Mobile
Learning Platforms [77], [78], [111]–[113]. On the basis of our model and structural
equations, it can be asserted that one of the ways success of Mobile Learning Platforms in an enterprise can be measured is system quality, which has a direct effect on
the intention of user and use of the system, subsequently influencing how these systems are successful. Therefore, when there is high system quality of Mobile Learning
Platforms, user intention and the actual use of the system is also greater [114]. The
proposed research model was strongly supported by the analysis. The findings of the
researchers such as [55], [77], [78], [81], [103], [111]–[113], [115]–[120] and our
results have similarities. During the implementation of Mobile Learning Platforms, an
important concern for managers and executives has perceived usefulness. It was indicated in the results that the adoption of Mobile Learning Platforms has significant and
direct effects on university students [77], [112]; [121]. User friendliness and ease of
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use of the system should be fully exploited by educators and system designers so that
user intention and system use increases with respect to mobile learning systems. The
success of mobile learning systems increases because of higher user intention and
higher use of the system. Because user intention directly impacts the advantages of
using the system, greater benefits will be observed. The content, services and information of the mobile learning system should be fully exploited by instructional designers, in addition to using tests and monitoring the progress of participants so that
the advantages of utilizing the system can be maximized. When there is greater use of
a mobile learning system, then there will also be an increase in intention (direct effect). Therefore, because of this direct effect of system use on user intention, there is
an impact on the effectiveness of the systems. The study results showed that there was
statistically significant association between use of the system and user intention.
There has been extensive development in the UAE in the past few years, with significant improvement in mobile telecommunication infrastructures because of the staunch
dedication of the UAE government. The national mobile learning strategy is implemented according to the wishes of the UAE government, it has emphasized on the
significance of mobile learning and has stressed on the need to have wider application
of the project in the UAE. This calls for more research in this domain so that students
are motivated to adopt mobile learning in higher education. It will possibly enhance
the country’s reputation and generate competitive edge in the field of higher education
in the UAE. This study was based on this aspiration so that the factors that influence
the students’ acceptance of mobile learning in Emirates universities could be determined. There are critical implications in the ultimate findings for university administrators and system developers, and this may offer a vivid explanation on how quality
features influence the beliefs of students regarding acceptance of Mobile Learning
Platforms on the basis of a hybrid model of quality features and TAM. This would
hence, stress on the most significant directions to create high quality of Mobile Learning Platforms.
5.2

Limitations and future directions

There are certain limitations of this study, such as it is based on a single Mobile
Learning Platform (MLP). The findings can also be a bit restrictive because the use of
a purposive sampling approach urged that the data be collected from two universities.
For further research, an evaluation of the influence of the three significant external
variables: namely, system quality perceived self-efficacy and facilitating conditions
on acceptance and usage behavior of different populations and different Mobile
Learning Platform (MLP) is strongly suggested.
5.3

Implications

The basis of the study is the TAM Model, and its objective is to include new variables in the model, i.e. quality of the system, content quality, information quality and
service quality so that the students’ behavioral intention to employ mobile learning
platforms in the UAE can be evaluated. It was found in the study that there is a wide
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acceptance of mobile learning in the UAE. Support was shown for ten out of the
twelve hypothesized relationships between the exogenous and endogenous constructs.
The outcomes of this study suggest that the system quality happens to be a robust
factor that significantly impacts a students' use of the mobile learning system. For that
matter, it is important that the mobile learning system designers and university policymakers must pay attention to improve the quality of mobile learning system as well
as other features like user-friendliness, easy accessibility and reliability should also be
improved. Better quality can only be maintained if a constant quality improvement
process is devised to collect feedback from the users of the mobile learning system.
The concerns raised about the quality as well as the problems encountered by the
users and their commendations for improvement should be considered. Hence, the
improvement actions directed towards the mobile learning system should be designed
in view of that. Moreover, ensuring that universities from time to time collect information from mobile learning system users regarding experiences with mobile learning
system usage, is extremely important in this regard.

6
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Appendix A. Constructs and items
System Quality
• At the busiest time of the day, the response of the Mobile Learning Platform
(MLP) is quick.
• I consider Mobile Learning Platform (MLP) interaction to be satisfactory.
• I consider the Mobile Learning Platform (MLP) functions to be satisfactory.
• I am satisfied with the Mobile Learning Platform (MLP) functions.
Information Quality
• Information, which is relevant to my necessities, is acquired through Mobile Learning Platform (MLP).
• Thorough information is given by Mobile Learning Platform (MLP).
• The Mobile Learning Platform (MLP) produced information is up-to-date enough
for my needs.
• The Mobile Learning Platform (MLP) provides useful information for my study.
Content Quality
• The updated information is usually provided by the Mobile Learning Platform
(MLP).
• Learning content which I require can be provided by the Mobile Learning Platform
(MLP).
• I think there is great value of the information I will acquire from Mobile Learning
Platform (MLP).
• The Mobile Learning Platform (MLP) often provides the updated information.
Service Quality
• The Mobile Learning Platform (MLP) provides the right solution to my request.
• The Mobile Learning Platform (MLP) has a good interface to communicate my
needs.
• The Mobile Learning Platform (MLP) gives me prompt service
• Overall, support services of the Mobile Learning Platform (MLP) are satisfactory.
Perceived Ease of Use
• There is clarity and understanding in my interaction with Mobile Learning Platform (MLP).
• I think it is easy to make the Mobile Learning Platform (MLP) act how I want it to.
• The Mobile Learning Platform (MLP) is easy to use for me.
• I find the Mobile Learning Platform (MLP) easy to use.
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Perceived Usefulness
• The learning process will be made easier by using the Mobile Learning Platform
(MLP) tool.
• I consider the Mobile Learning Platform (MLP) to assist my learning.
• My productivity is elevated through the utilization of Mobile Learning Platform
(MLP) in my work.
• I find the Mobile Learning Platform (MLP) to be useful in my learning.
Intention to Use the Mobile Learning Platforms
• I will make use of the Mobile Learning Platform (MLP) regularly in the forthcoming time.
• I intend to make use of the content and functions of Mobile Learning Platform
(MLP) for providing assistance to my academic activities.
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