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Mobile technology has gained increased focus in academic circles as a way to enable
learning that is not confined by time and place. As the benefits of mobile learning are being
clarified so too will researchers need to understand the factors that influence its future use.
The adoption of mobile technology will largely depend on whether students believe that
mobile technology fits their particular needs. However despite the interest in the potential
of mobile learning, researchers have only a limited knowledge of the factors that may
influence student adoption. To address this gap in the literature, the present study was
undertaken to determine how ICT skills impact students' adoption of mobile learning. The
study posited that the perceived ease of use and usefulness of mobile technology would
mediate the relationship between ICT skills and the intention of students to adopt mobile
learning. A survey of 446 students from three tertiary institutions found that students'
intention to adopt mobile learning was influenced by specific types of ICT skills. In
particular, it was found that advanced skill in mobile technology and basic ICT skills both
played significant roles in the intention to adopt mobile learning. No evidence was found to
support the assertion that advanced ICT skills influenced their adoption of mobile learning.

Introduction

Mobile technology has gained increased focus in academic circles as a way to enable learning that is not
confined by time and place. A number of studies have looked at how mobile technology can be harnessed
to elicit the potential benefits it affords both students and educators (for more details see Aubusson,
Schuck, & Burden, 2009; Churchill & Churchill, 2008; Naismith, Lonsdale, Vavoula, & Sharples, 2005).
As these benefits of mobile learning are being clarified so too will researchers need to understand the
factors that influence the future use (adoption) of mobile learning. The adoption of mobile technology
will largely depend on whether students and educators believe that mobile technology fits their particular
needs. The decision to adopt mobile learning is a complex process with a large number of influencing
factors. Of these factors, one that has received limited attention is the influence that students' information
and communication technology (ICT) skills and experience has on their adoption of mobile learning. In
those studies that have considered this relationship, ICT skill has been used as a broad construct (see for
example Williams, 2009; Theng, 2009; Lu & Viehland, 2008; Kenny, Park, Van Neste-Kenny, & Burton,
2010) that that does not allow for possible differential effects from different types of ICT skills.

Several researchers have attempted to develop models and conceptual frameworks to explain and analyse
mobile learning (see Pachler, Bachmair & Cook, 2010 for a review of some of these models). These
models place mobile learning in a conceptual framework that helps to explain where mobile learning fits
within the educational context. In addition to this, a number of these theories have been modified to
explain student acceptance of mobile learning and ultimate adoption of it in an educational context.
Theories such as diffusion of innovation (Rogers, 2003), the theory of reasoned action (Ajzen & Fishbein,
1980), the theory of planned behaviour (Ajzen, 1991), the technology adoption model (TAM) (Davis,
1989) and the unified theory of acceptance and use of technology (UTAUT) (Venkatesh, Morris, Gordon,
& Davis, 2003) have been updated to model mobile learning adoption (see Venkatesh, et. al., 2003 for
more detail on each of these models). These models provide insight into factors that influence users'
acceptance of mobile learning. User acceptance has been defined as "the demonstrable willingness within
a user group to employ information technology for the tasks it is designed to support" (Dillon & Morris,
1996, p. 5). In the context of mobile learning, user acceptance and adoption can be expressed as the
willingness of students to use their mobile devices to support their learning.
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The TAM model has been used extensively in educational settings to determine adoption of instructional
technology by educators and students. The TAM has also been modified and extended to include a range
of additional antecedent variables to improve its predictive powers, including subjective norms,
experience and motivation (Venkatesh, et al., 2003). One of the additional variables that have been
associated with the TAM model is the measure of a user's self-efficacy. A large body of research has
shown that a user's self-efficacy for using computing technology plays a significant role in the adoption of
a wide range of learning tools (for example Beas & Salanova, 2006; Shih, 2006). However, self-efficacy
has only been examined in a relatively small number of studies on mobile learning adoption (for example
Chen, Chen & Yen 2011; Kenny et al., 2010).

The technology adoption model

Modelling the adoption process clarifies the factors that influence a user's uptake of a particular
technology. One of the most widely adopted models used to explain adoption is the technology
acceptance model (TAM). Davis (1989) developed the TAM to address the issue of how users come to
accept and use a technology. The model identifies two variables: perceived ease of use; and usefulness, to
be fundamental determinants of user acceptance (Venkatesh et. al, 2003). The TAM is a theoretical model
used to model the causal linkages between perceived usefulness and perceived ease of use and a user's
intention and actual computer adoption behaviour (Teo, 2010).

Even though the TAM has been widely used, it has been criticised by some researchers for not giving
consistent and conclusive results (Ma & Liu, 2004; Lee, Kozar, & Larsen, 2003; Venkatesh & Davis,
2000). With the aim of addressing this criticism Ma and Liu (2004) conducted a meta-analysis of
empirical studies with the TAM. Based on the assessment of 26 studies they concluded that the TAM
does provide a good tool for determining technology adoption. They found evidence of a strong
relationship between perceived usefulness and behavioural intention, and between perceived ease of use
and perceived usefulness. However, the weaker relationship between perceived ease of use and
behavioural intention suggested that perceived ease of use operates through perceived usefulness. Based
on this finding Ma and Liu (2004) proposed a new model where perceived ease of use is moderated by
perceived usefulness, however, these changes have not been widely adopted. Despite these criticisms the
TAM has continued to be widely used and has shown good predictive capabilities.

Self-efficacy and mobile learning adoption

Self-efficacy relates to the way individuals determine the choices they make regarding the effort,
perseverance and anxiety they experience when engaged with a particular task (Usher & Pajares, 2008).
According to Wilson, Kickul, and Marlino (2007), individuals with high levels of self-efficacy have a
greater chance of succeeding in the given task. Self-efficacy is seen as a key element that determines what
activities individuals engage in, the effort they put into pursuing the activity, and the persistence they
show in the face of adversity (Downey & McMurtrey, 2007).

ICT self-efficacy stems from the social cognitive theory of self-efficacy belief (Eastin & LaRose, 2000).
In particular ICT self-efficacy is a subset of self-efficacy and has been described as an individual's
judgment of their capability to use ICT (Compeau & Higgins, 1995). As described in Embi (2007),
computer self-efficacy is the measure of a user's confidence to use, understand and apply their computer
knowledge and skills. ICT self-efficacy is simply a broader view of computer self-efficacy that
incorporates both computer and digital communication devices.

Higher levels of confidence, when using ICT, have been shown to be positively related to users having
stronger feelings of competence when using a range of computing tools. Users with higher levels of self-
efficacy will typically set higher goals for themselves and be more resistant to failure (Claggett &
Goodhue, 2011). These users are more willing to use a computer and other technology and are more
likely to feel that they will succeed in their tasks when using these tools (Cazares, 2010). On the other
hand, users with a low level of confidence are less likely to use technology and will typically believe that
technology is hard to use (Cazares, 2010).
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The measure of ICT self-efficacy typically includes a measure of prior experience with technology. Prior
experience is the amount of time an individual has spent working with computers and the different
applications they have learnt to use (Paraskeva, Bouta, & Papagianni, 2008). A user's past ICT experience
has been consistently reported in the literature as having a positive relationship with their self-efficacy
beliefs (Hasan & Ahmed, 2010; Potosky, 2002). The relationship that past experience has on an
individual's self-efficacy has been highlighted in social cognitive theory, which states that prior
experience represents the most accurate and reliable source of self-efficacy information about similar
tasks (Hasan & Ahmed, 2010).

In relation to mobile learning adoption and self-efficacy, research has shown that the level of experience a
user has with mobile technology will influence their perception of the level of effort they need and the
ease of using mobile learning (Wang, & Wang, 2009). Venkatesh, et al. (2003) described the way effort
expectancy was more significant for individuals with less experience. An individual with high mobile
self-efficacy was more likely to see mobile learning as requiring less effort and be easier to use. This
relationship between mobile self-efficacy (measured in terms of users' attitudes), perceived ease of use
and adoption of mobile technology has been confirmed in a number of studies (Akour, 2009; Lu &
Viehland, 2008; Park & Chen, 2007). Theng (2009) found that mobile self-efficacy played an important
role in perceived usefulness especially in the form of a user's prior experience of using mobile devices.
He found that a student with prior experience of using mobile devices perceived mobile learning as easy
to use. This finding further supports Venkatesh et al.'s (2003) who found that experience played a role in
technology adoption. Research has also shown that prior mobile experience can also influence how useful
an individual perceives mobile learning to be (Akour, 2009). These findings, however do not consider the
role of different types of previous skill and in particular whether a student with high computing skills
would generally demonstrate a higher perception of ease of use and perceived usefulness of mobile
technology. Thus the role of previous experience of ICT and its mediating role on future intention to
adopt mobile learning are still relatively unclear.

While research on the adoption of technology by students and educators indicates some of the factors that
may be important in the introduction of mobile learning, this insight has been too general and lacking in
context to be useful to institutional decision-makers considering mobile-learning. The more specific,
small scale trials and pilots that have been undertaken on mobile learning adoption to date (Akour, 2009;
Uzunboylu & Ozdamli, 2011; Williams, 2009), while interesting, lack the scale to give substantial
confidence in the results. This study used a large sample to identify factors that influence acceptance of
mobile learning by students in a New Zealand context and to build a cognitive framework that models the
acceptance of mobile learning of students.

Methodology

The aim of this study was to model how the perceived ease of use and usefulness of mobile technology
(based on the TAM) would mediate the relationship between self-efficacy beliefs (as measured by
previous experience) and the intention of students to use mobile learning in the future. The population of
interest in this study was tertiary students. A multi-stage stratified convenience sampling method was
adopted for surveying three tertiary institutions in four geographic locations in New Zealand, using a
combination of site-visits and electronic methods. A questionnaire was used to assess the respondents ICT
skills and attitudes towards the integration of mobile technology in the tertiary learning environment.

Classes were randomly selected from the business courses listed on the University/ Polytechnic course
calendars. The section of this sampling technique enabled the most effective coverage of the population
(Punch, 2009; Zikmund, 2000). We first approached the course coordinator seeking permission to speak
to their students about the research. Of the 23 classes approached three classes were unable to participate
as they were already participating in another study. Therefore an additional three classes were selected to
replace the original three. Each class was addressed by us and introduced to the study; students were
given information sheets informing them of their rights in relation to this study, details of the study and
an URL to the online questionnaire. Classes were given the option to complete the questionnaire online or
using a hard copy. Approximately 30% of the questionnaires were completed in hard copy and the rest
were completed online. After the classes had been spoken to, an email was sent via the course website to
all students registered on the course. This email once again briefly outlined the study and contained the
link to the research questionnaire that was also included the information sheet.
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Courses included in this study were from a range of academic levels. Of the estimated 1213 students
invited to take part (based on numbers enrolled in each course supplied by the course coordinator of each
course), 446 completed the questionnaire giving a response rate of 37%. Of the 446 students 298 were
from the University sector and 148 were from the Polytechnic sector.

The resulting sample size of the student group was adequate for testing purposes (Chin & Todd, 1995;
Ding, Velicer, & Harlow, 1995). There is little agreement on the number of responses appropriate for
structural equation modelling (Sivo, Fan, Witta, & Willse, 2006). However Hoelter (1983) and Hoe
(2008) recommend a sample size of 200 would be suitable for this type of statistical analysis. To
eliminate bias it is recommended that studies with "three or more indicators per factor, a sample size of
100 will usually be sufficient for convergence and a sample size of 150 "will usually be sufficient for a
convergent and proper solution" (Anderson & Gerbing, 1984, pp. 171-170). While the sample size was
suitable for most statistics, it was not large enough to allow for cross-validation of the structural equation
model, since splitting the sample would have resulted in groups too small to reliably compare (Chin &
Todd, 1995; MacCallum, 1986). Cross-validating is a relatively complex process of randomly splitting a
sample into two or more groups to allow for comparison between the samples. This is used to confirm
that the outcomes are consistent between the samples and have not occurred by chance (Schumacker &
Lomax, 2010).

Instrument development

The questionnaire contained 50 self-reported items related to two research constructs. The TAM was used
to determine students' future adoption of mobile learning. The two constructs of the TAM have been
established to determine intention to adopt (Venkatesh, et al., 2003). In this study perceived usefulness
and ease of use were assessed using 7 items based on a 7-point likert scale where 1 (strongly disagree)
and 7 (strongly agree). The ease of use construct measured whether mobile technology was seen to be
free from effort. The perceived usefulness construct measured whether mobile learning was perceived as
being beneficial to teaching and learning. Questions included: "Mobile technology will enable me to
access learning content more often" for perceived usefulness and "I think it might take me awhile to get
comfortable with using a mobile device for learning" for ease of use. One question was used to capture
the students future intention to adopt mobile learning, "Overall, I think mobile learning would be
beneficial to my learning and I would be willing to adopt it, if I had the opportunity, in the future".

Based on the TAM model three hypotheses were tested:

* HI: Students who perceive mobile learning as easy to use will have a more positive perception
of mobile learning usefulness.

*  H2: Students who perceive mobile learning as useful will be more likely to indicate that they
intend to adopt mobile technology.

*  H3: Students who perceive mobile learning as easy to use will be more likely indicate that they
intend to adopt mobile technology.

The ICT skills scale was made up of several technology tasks. Participants were asked to rate their skill
on each task. The tasks used in this study were taken from Kennedy, Dalgarno, Bennett, Judd, Gray, and
Chang (2008). The study conducted by Kennedy et al. (2008) included determining the most commonly
used technology-based activities of student and staff. The original survey contained 38 tasks that were
grouped into eight categories. A pilot test was used to reduce this number to 16 key activities that related
to both computer and mobile usage. Computer based activities required a range of skills from using word
processing software to searching and downloading files from the Internet. Mobile device usage included
items relating to activities such as sending and receiving texts to uploading programs onto their phone.
The skills were assessed based on a 7-point scale: 1= never used to T=extremely skilled.

This study will therefore test the relationship that ICT skill has on mobile learning adoption. In particular,
the following theoretical hypotheses will be tested:
*  HA4-6: Students with higher levels of basic ICT skills (H4), advanced ICT skills (HS) and/or
advanced mobile skills (H6) will more likely to see mobile learning as easy to use and useful.
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*  H7-9: Students with higher levels of basic ICT skills (H7), advanced ICT skills (H8), and/or
advanced mobile skills (H9) will be more likely to adopt mobile learning.

In addition, the following relationships will be tested.
* HI10-12: As users become more skilled in one area of ICT usage they will be more likely to

adopt a wider use of a range of ICT technologies.

Figure 1 displays the hypothesised model.

Advanced
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ol Basic ICT skill H8
bt Hsb
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Advanced ICT 1P H6a =
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Figure 1. The tested model of students' adoption of mobile learning.
Data analysis and results

Construct validity is referred to as the degree to which the constructs adopted represents the theoretical
concepts (Colliver, Conlee, & Verhulst, 2012). Convergent and discriminant validity are both
subcategories of construct validity (Colliver, Conlee, & Verhulst, 2012). The present study employed
exploratory factor analysis (EFA) to extract three latent constructs from the 16 item measure for ICT
skills. Based on EFA these 16 tasks were grouped into three key groups, namely tasks associated with
everyday ICT usage (referred to as basic ICT skills), tasks associated with expert or specialised ICT usage
(referred to advanced ICT skills) and tasks associated with mobile usage (referred to advanced mobile
skills). In each category four items were retained to represent each construct. The items selected all had
loadings greater than 0.7 as consistent with Mulaik & Millsap (2000). Basic ICT skills assessed the
competency of users in relation to general computing tasks, such as using word processing software,
searching and emailing on the Internet and doing basic mobile activities, such as texting and calling.
Advanced ICT skills assessed the competency of users in relation to more advanced computing, such as
modifying images and sounds and using advanced software (such as Skype). Basic mobile skills related to
using mobile technology for more complex mobile learning activities, such as accessing the Internet,
emailing and sending photos. In each category four items were retained to represent each construct. Based
on the results of the EFA on mobile attitudes two constructs of perceived usefulness and ease of use were
represented by four items that were deemed to represent these two constructs.

The composite reliability (internal consistency reliability) approach was estimated using Cronbach's
alpha. Composite reliabilities of constructs ranged between 0.71 and 0.93, exceeding the threshold of 0.7
(Nunnally, 1978).

The results were analysed using structural equation modelling. Structural equation modelling enables a
complex analysis of theoretical models, testing of hypothesises and drawing inferences about the nature
of causal relationships.

In total, 446 students participated in the study. Following data screening, a final sample of 413 was
achieved. Of the 413 responses, there were 227 females (55%) and 186 males (45%). The mean students
age was between the age of 20-29 years (M =2.21; s =.991). The majority of participants classified
themselves as European or part European (68.3%).
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Results

Structural equation modelling was used to analyse the influence that skill has on perceived ease of use,
perceived usefulness and behaviour intention. Figure 2 shows all the significant standardised path
coefficients. The goodness of fit statistics showed a good fit for this model (¥*> = 4.61, df = 6, p < .595,
SRMR= .02, TLI = .99, CFI = .99, PCFI=.40, RMSEA = .0 (90% CI =.00 - .06). All fit statistics except
the ¥ p-value suggest a good fit. While chi-square (y2), its degrees of freedom (df) and p-value provide a
baseline indication of model fit, 2 has been shown to be a poor indicator of model fit, often producing
false negatives (Byrne, 2010; Schumacker & Lomax, 2004).

:
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Figure 2. The results of structural modelling students' adoption of mobile learning.

The student adoption model confirmed that perception of ease of use and usefulness of mobile learning
had the strongest influence on students' intention to adopt mobile learning. Good basic ICT skills are very
strongly associated with advanced mobile, and also with advanced ICT skills. The model also establishes
that to a lesser extent basic ICT skills play a direct role on their intention to adopt. The results indicate
that students who are more skilled at a range of basic computing tasks are more likely to adopt mobile
learning. Advanced mobile skills were shown to mediate the role of perceived ease of use and usefulness
on the intention of students to adopt mobile learning. This indicates that a student's experience of mobile
technology will influence their perceptions of mobile learning.

Discussion

Previous research has consistently reported a positive relationship between past ICT experience and self-
efficacy beliefs (Hasan & Ahmed, 2010; Potosky, 2002). However, these studies have not considered the
impact that different types of previous skills might have on perception of ease of use and usefulness for a
particular technology. In this study three types of ICT skills were identified, basic ICT skills, advanced
ICT skills and advanced mobile skills, and tested for their influence on mobile learning adoption.

The study showed that perceived usefulness had the strongest influence on intention to adopt, followed to
a lesser extent by perceived ease of use. However, ease of use had an additional indirect impact on
intention to adopt through it strong influence on perceived usefulness. This suggests that if students are to
adopt mobile learning they must see it as being easy to use, and believe that it offers major benefits over
existing learning methods.

The study also showed that the influence of skill and experience with mobile technology on the adoption
of mobile learning is mediated through the impact of perceived usefulness and ease of use. This suggests
that students with a significant level of experience in the more advanced features of mobile technology
will be both comfortable with using it for learning as well as able to see the benefits it offers in supporting
their learning. The influence of mobile technology experience on mobile learning adoption has only been
addressed in a few studies (for example, Theng, 2009). This finding provides further support for the
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notion that past experience with a specific technology is a key determinant of the future adoption of that
technology (Saadé & Kira, 2009).

The influence that experience had on perceived usefulness suggests that users are able to evaluate more
accurately how valuable mobile learning will be in supporting their learning. Familiarity with a specific
technology will help support the extension and experimentation with related forms of technology. In
addition as users become more familiar with the technology they see more ways it could be used. In
particular as the user becomes more skilled in using mobile technology they will be more likely to explore
new mobile uses. A person that seldom uses mobile technology or has a low level of skill with the
technology is less likely to experiment or deviate from existing use and is therefore less likely to see
mobile learning as easy to use. Compared with unskilled and tentative users, confident users would be
more likely to expand the use of the device and learn new tricks and ways to increase the efficiency of the
device. This supports Lefoe, Olney, Wright, and Herrington (2009) who found that educators who
became more familiar with their mobile devices developed a better understanding of how mobile learning
activities could be developed and incorporated, and in particular the affordances which mobile technology
offered education.

It was found that students who were competent basic ICT users were more likely to adopt mobile
learning. The study showed that there was a direct relationship between basic ICT skills and intention to
adopt mobile learning, not mediated by either perceived ease of use or usefulness. This finding clarifies
for the first time, the influence of basic ICT skills on mobile learning adoption, a relationship that has not
previously been explored in the literature. This suggests that the intention to adopt a new technology is
enhanced by a minimum skill level in a range of basic computing tasks. This finding underlines the
importance of the role that basic ICT skills play in the adoption of new technology. It signals that users
with a basic level of ICT skills are more likely to perceive new technology as favourable and adopt it in
the future. This notion is supported by the strong relationship between basic ICT skills, and advanced
mobile skills and advanced ICT skills. Basic ICT skills seem to be an important building block for
developing new or advanced skills in other technologies. The introduction of a specific technology may
be more effective if the intended users first had a basic grounding in general computer skills.

While at the level of introducing new technology, very specific relationships were found between extant
skills and the intention to use a new technology, the model also suggests that being skilled in one area
promotes the development of skill in others areas. Highly skilled users in one area were likely to be
highly skilled in other technology areas. As Shih, Mufioz & Sanchez (2006) explained, the layering of
skills show that confidence and favourable experiences in ICT will build on each other, such that users
are more likely to learn new skills as they get more competent with their existing skills (Shih, et al.,
2006). However, beyond the influence of a basic level of ICT and an advanced level of mobile skills, no
additional influence on intention to adopt a new technology is apparent.

When preparing students for mobile learning, a wider focus is needed on how ICT is supported and
introduced. Educators need to be aware that a basic level of ICT skill is recommended before students are
introduced to mobile learning. Since many of the activities carried out on a mobile device are also
undertaken on a computer, it may be beneficial to learn how to effectively carry out them on computer
before progressing to a mobile environment. Activities such as email and surfing the Internet are both
possible using a computer and a mobile device. If a user is familiar and comfortable with carrying out
these tasks on a computer it may be less daunting to carry out these tasks on a smaller device such as
mobile phone.

This study found no evidence that advanced ICT skills influenced the intention to adopt mobile learning.
The finding that advanced ICT skills did not play a significant role on the perception of ease of use or
usefulness is interesting and new. It also strengthens the argument that basic ICT skills and skill in a
related technology are important keys to adoption. This finding suggests that advanced skills in unrelated
technologies have no discernible influence on the adoption of a specific technology. Previous research
does not seem to have investigated the relationship between the specific areas of ability and adoption.
However, further research is necessary to determine whether these links are found in other contexts and to
clarify the mechanism that explains it.
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Conclusion

The investment in new technology is an expensive and time consuming proposition, and the possibility of
failure is very real if not properly considered. Often decisions to introduce new technology fail to
consider student perspectives, risk wasting effort and resources, and risk a failure to realise the full
benefits of the new technology (Birch & Burnett, 2009; Hsbollah & Idris, 2009). Thus user acceptance is
an important factor in determining the adoption of mobile learning, and in higher education, the success
of mobile learning depends upon student acceptance of the technology. Research has shown that the
perceptions of students will play an important role in the success of any new venture, as it is the students
who will be using the technology in their learning (Lu & Viehland, 2008). This study has highlighted the
important role that specific prior skill and experience have on students' perceptions of mobile technology.
It shows that students with strong basic ICT skills exhibit a relatively high intention to adopt. Students
with advanced mobile technology skills are more likely to perceive mobile learning as easy to use and
useful. This study therefore points to the importance of anticipating students' negative attitudes stemming
from low ICT self-efficacy. By providing support, and scaffolding ICT experiences, they can be helped
make mobile learning seem less daunting and encourage adoption. Support and guidance is therefore seen
as vital to support the ease and willingness of users to trial and adopt mobile technology.

This study aimed to establish some of the groundwork for further understanding of influences on the
adoption of mobile learning. Support was found for some of the previous small-scale work done on
mobile learning and new findings were also made. However, this was a cross-sectional study and
longitudinal research is needed to establish the causality of relationships identified more firmly. In
addition, the study itself was based on the TAM. The TAM starts from the position that people are
already using the particular technology and then predicts future use. This study did not assume that
participants had any experience of mobile learning but relied on users' experience with mobile
technology. Participants were expected to project their understanding of mobile technology to a situation
of using that technology for learning. This approach of developing a mobile learning adoption model
based on limited experience is not new and a number of studies have used this same approach (Akour,
2009; Theng, 2009). In addition, future usage was calculated from a stated intention to adopt. Extensive
empirical research has confirmed the causal link between intention to adopt and actual future adoption
therefore giving some credence to using behavioural intention as an indicator of actual future adoption
(Davis, 1989; Dillon, 2001; Venkatesh & Davis, 2000).

In summary, while this study is not without limitations, the methods adopted resulted in significant
findings in an area that is new and emerging with little empirical research. Overall even considering the
limitation, these findings add significant value o to our understanding of mobile learning adoption.
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