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Abstract—This study empirically analyzed a survey conducted on South
Korean undergraduate students to determine the factors that influence their decision to adopt mobile learning. The consumer typology approach was applied
based on their mobile technology readiness, and identified three distinct consumer groups: critical adopters, pro-technology, and ambivalent. Critical
adopters were the largest of the three groups, indicating that a significant portion of university students in South Korea might be critical adopters of mobile
learning. Compatibility and observability positively influenced the intention to
use mobile learning in all consumer groups. In the critical adopter and ambivalent groups, mobile learning resistance had the greatest effect on the intention to
use mobile learning, while in the pro-technology group mobile learning selfefficacy had the greatest effect on this intention. Results identified significant
differences across consumer groups in the antecedents and consequences of the
intention to use mobile learning.
Keywords—Mobile learning, Technology readiness, Innovation characteristics,
Innovation resistance, Status quo bias

1

Introduction

Widespread ownership of mobile devices and the increasing availability of wireless
services have changed the landscape of higher education [1]. In general, mobile devices have been well-received as an educational tool due to nearly negating the limitations of place and time and providing a learner-centered educational environment [2].
Various mobile-based learning content has recently been developed, and researchers
are actively studying teaching methods that utilize such content. However, there is
relatively little practical interest in or utilization of mobile learning because, currently,
the primary purpose of a mobile device is not instructional [3]; rather, people use
mobile devices for communication and other, primarily hedonic purposes, such as
listening to music, surfing the internet, or playing games [4], [5]. Furthermore, mobile
devices such as smartphones typically have the disadvantages of featuring small
screens, difficult text input, and limited storage, all of which contributes to individuals
refusing or delaying the adoption of such devices as learning tools in a learning environment [6].
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Most previous studies on mobile learning have used an adoption paradigm based
on either the technology acceptance model or innovation diffusion theory. While
these studies provide valuable baseline data for examining the acceptance of or satisfaction with mobile learning, they provide only limited clues as to why the acceptance
of mobile learning is refused or delayed [7], [8].
New technologies are associated with uncertainty and risk, so it is not viable for all
consumers to embrace them equally fast or well [9], [10]. Mobile learning is a method
that uses and combines multiple new technologies, such as online networking, mobile
content, and mobile devices; such a method provides a higher level of uncertainty and
risk in individuals’ perceptions, which may lead them to refuse or delay the acceptance of mobile learning.
This study investigates the phenomenon of delaying or refusing the acceptance of
mobile learning based on technology readiness, an index that shows an individual’s
propensity to accept and use new technology to achieve a certain goal. An individual’s intention to accept mobile learning may vary according to the perceived benefits
and costs, but the factors that affect this acceptance may also vary according to the
individual’s perception of technology readiness in a mobile environment. Therefore,
this study examines individuals’ technology readiness in a mobile environment and
creates a typology of consumers, thereby identifying the factors that affect the intention of using mobile learning according to consumer type. These factors are examined
in terms of a model of innovation resistance (MIR) and innovation characteristics
based in innovation diffusion theory (IDT); moreover, we determine the impact of
personality traits such as self-efficacy or status quo bias on the intention to use mobile
learning. Specifically, the present study poses these three research questions:
RQ1: What consumer groups can be identified according to technology readiness?
RQ2: How do the consumer groups differ in terms of innovation characteristics,
personal characteristics, and outcome of the intention to use mobile learning?
RQ3: What factors affect consumers’ intention to use mobile learning?

2

Literature review

2.1

Technology readiness

The drastically fast development of new technology has led to the phenomenon of
consumers who cannot or refuse to accept such technology [11]. To accurately predict
consumer behavior in such an environment, it is necessary to determine whether individuals are ready to accept new technology [12]. To this end, Parasuraman [13] developed the technology readiness index, based on groundwork by Mick and Fournier
[14]. Technology readiness refers to an individual’s propensity to accept and use new
technology in order to achieve their goal at home or work, and it is categorized according to four dimensions. First, optimism indicates a positive attitude toward technology and the belief that the technology will increase control, flexibility, and efficiency in an individual’s life. Second, innovativeness indicates the propensity of an
individual to become an early adopter of or leader in technology and opinions. Third,

iJIM ‒ Vol. 12, No. 1, 2018

117

Paper—Predicting the Drivers of the Intention to Use Mobile Learning in South Korea

discomfort indicates the perception that technology cannot be controlled by an individual and the feeling of being overwhelmed by technology. Fourth, insecurity indicates doubts about technology. Of these four dimensions, optimism and innovativeness are positive factors that increase technology readiness, whereas discomfort and
insecurity are negative factors that suppress technology readiness [13].
Not all consumers are equally ready to embrace specific technology [10], as new
technology is associated with uncertainty and risk. Individuals with high technology
readiness tend to accept a high level of risk and uncertainty when dealing with new
technology [15]. On the other hand, individuals with low technology readiness may
feel uncomfortable or frustrated when using a new technology despite its multiple
apparent benefits, such as saving time or improving work efficiency [13], [16]. Some
individuals may feel anxiety over accepting new technology, or they may experience
technophobia due to a pessimistic view of technology [10]. Therefore, an individual’s
technology readiness can be used as the basis for understanding their intention to
accept or delay accepting new technology [12], [16].
2.2

Innovation diffusion theory

Innovation diffusion theory explains the decision-making process by focusing on
the characteristics that affect innovation adoption. It has been used in various fields,
such as education, sociology, communication, and information technology, to determine an individual’s intention or level of acceptance of innovation. In this theory,
innovation is defined as “an idea, practice, or object that is perceived as new by an
individual or another unit of adoption.” Diffusion is defined as “the process by which
an innovation is communicated through certain channels over time among the members of a social system” [9].
Innovation diffusion theory comprises five innovation characteristics: relative advantage, compatibility, complexity, observability, and trialability. Relative advantage
is defined as the degree to which an innovation is considered better than previous
ideas or products. Relative advantage has been found to be one of the important predictors of the adoption of an innovation [9]. In previous studies, relative advantage
turned out to have a positive effect on innovation adoption [16]. Previous studies on
m-learning have also shown that relative advantage has a positive effect on intention
to adopt m-learning [17], [18]. Compatibility is defined as the degree to which an
innovation is perceived as consistent with the values and needs of potential adopters
[9]. Individuals tend to positively perceive technologies that are similar to their previous experiences. Therefore, Higher compatibility has a positive effect on the perceived ease of use and perceived usefulness of a technology, as well as on the behavioral intention to accept technology [18]. Complexity is perceived when an individual
has difficulty understanding a certain innovation or using a certain technology, and it,
too, has a significant effect on technology adoption and diffusion [9]. Previous studies
have claimed that complexity is an impediment to innovation acceptance, and thus has
a negative effect on the intention to use new technology [9]. Observability refers to
the visibility of the outcome of innovation acceptance in other people. Observability
turned out to have a positive effect on individual attitudes or behavioral intention
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related to technology use [9], [19]; if an individual regularly observes the use of a
specific technology, they tend to consider the technology easier and more useful [20].
Trialability is defined as the degree to which innovations can be tested on a limited
basis [9]. Trialability was found to have a positive effect on the use of certain systems
or technologies [19]. Consumers who perceived a certain system or technology as
having high trialability had an easier time using that system and considered it more
useful [21]. Furthermore, studies on e-learning have also found that trialability has a
positive effect not only on the perceived ease of use of e-learning, but also on the
intention to accept e-learning [18].
2.3

Intention to use mobile learning

The prospect of mobile learning has been receiving attention in higher education,
as it has little limitation when it comes to time and space, and it can therefore expand
the scope of opportunities in education [2]. Mobile learning can provide access to
overseas educational content, enabling interaction between individuals that cannot
easily communicate face to face, which is thought to enhance the efficiency of education [22]. Unlike conventional learning methods that are limited by space and time,
mobile learning is available for use anytime and anywhere, while also enhancing
individual learning efficiency on the move [23]. Moreover, mobile learning enables
the reuse of educational resources and allows individually optimized learning [24].
Despite the diverse benefits of mobile learning, some studies have claimed that
students do not prefer mobile learning because of the limitations of mobile devices
[5]. In prior studies, identified reasons for students not accepting mobile learning are
as follows. First, there are the limitations of the device itself, such as the small screen
and limited memory [3]. Second, there are psychological limitations. As students
mostly use mobile devices for hedonic purposes such as texting friends or listening to
music, rather than instructional purposes, this may cause psychological resistance to
accepting mobile devices as learning tools [5], [25]. Third, there are pedagogical
limitations, as students’ level of concentration might be reduced by using a mobile
device in class, thereby exerting an overall negative effect on education.
While mobile learning is a useful tool in the ICT environment, it has both benefits
and disadvantages. To use mobile learning as a method that overcomes the limitations
of traditional education methods and improves educational efficiency, it is necessary
to precisely determine these disadvantages and find ways to alleviate or remove them
[3].
2.4

Self-efficacy

Self-efficacy is an individual’s belief in their ability to successfully perform the
behaviors required to produce certain outcomes [26]. Self-efficacy as an index may
measure an individual’s self-confidence in utilizing innovation [27], and it is an important factor that affects high technology adoption [28]. Self-efficacy in a learning
environment may positively affect a learner’s motivation, concentration, and learning
effectiveness. Students with a higher level of self-efficacy tend to have more confi-
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dence in learning situations [29]. Moreover, self-efficacy has been found to have a
positive effect on the intention to use web-based learning, and instructors with a high
level of self-efficacy related to technology tend to prefer conducting class using technology [29] [30].
2.5

Innovation resistance

Consumers’ innovation resistance is merely a factor that affects decision-making
when it comes to the non-adoption of innovation or a new technology, but it does not
indicate non-adoption itself [31]. When consumers face change, they feel instability,
which causes resistance to the change. As such, consumer resistance is a natural mental state in the process of innovation acceptance. Innovation resistance is, in essence,
the attitude of non-adoption toward innovation, and is used to describe how individuals may accept innovation at different levels [31]. Individuals who tend to be resistant
to change refrain from collecting data about new products due to the stress caused by
first encountering new products [32], and they are reluctant to invest time or effort
into adjusting to a new technology or product [33]. In previous research, resistance
turned out to have a negative effect on accepting new technology and on IT usage
behavior [34].
2.6

Status quo bias

Status quo bias is “doing nothing or maintaining one’s current or previous decision” rather than changing it [35]. According to the status quo bias theory, individuals
tend to weight loss more highly than gain when evaluating the outcome of a certain
behavior, thereby producing status quo bias. Essentially, other conditions being equal,
individuals possess the psychological attribute of sticking with conventional ways and
resisting change [36]. Individuals with stronger status quo bias are more passively
resistant to innovation [37].

3

Research methodology

3.1

Measurement

In this study, we adopted constructs from prior studies to fit the mobile learning
context. Thirty-five questionnaire items were measured using multiple items on a 5point Likert scale, ranging from “1 = strongly disagree” to “5 = strongly agree”. The
items used in the questionnaire are listed in Appendix A.
3.2

Data collection and sample characteristics

The data were collected using an online survey. The questionnaire was administered to a panel of online research companies from March 24 to 28, 2016. The participant recruitment and data collection were conducted by Embrain
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(www.embrain.com), a professional online survey company. The sample used in this
study consists of South Korean undergraduate students. Korean universities are suitable for the purposes of this study because e-learning and mobile learning are wellestablished, most Korean universities have e-learning and mobile learning systems,
and online learning courses are encouraged. Before the questionnaire, the definition of
mobile learning in this study was presented as a “learning style via the Internet or
network using personal mobile devices, such as tablets, smartphones, and notebooks
to obtain learning materials through mobile apps, social interactions, and online educational hubs” [5]. To enhance representativeness, quota sampling was applied. A
total of 580 completed responses were used. Table 1 shows the general characteristics
of the sample.
Table 1. Respondents’ characteristics (n = 580)
Construct
Gender
Age
(M = 22.47)

Smart device ownership
(multiple choice)

3.3

Number (%)
Male

283 (48.8%)

Female

297 (51.2%)

20–22

314 (54.1%)

23–25

215 (37.1%)

26–28

51 (8.8%)

Smartphone

580 (100%)

Desktop

430 (74.1%)

Notebook

487 (84%)

Tablet PC

170 (29.3%)

Data analysis

SPSS 19.0 was used for descriptive statistics, factor analysis, internal consistency
reliabilities (Cronbach’s !), k-means cluster analysis, chi-squared test, ANOVA, and
multiple regression analysis. The multiple regression analysis identified the factors
that influence consumers’ intention to use mobile learning.

4

Results

4.1

Reliability and validity of technology readiness

Factor analysis with varimax rotation was used to assess the discriminant and convergent validity of technology readiness. The questionnaire comprised 12 questions
related to optimism, innovation, discomfort, and insecurity; however, one of the items
used to measure discomfort was eliminated because its standardized factor loadings
were not statistically significant, so 11 items were used in the final analysis. The Kaiser-Meyer-Olkin measure verified the sampling adequacy for the analysis, and Bartlett’s test indicated that the correlations between items were sufficient for principal
component analysis (KMO=.743; ! ! =1995.156; p<.001). All standardized factor
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loadings were statistically significant and greater than 0.60, which exceeded the acceptable benchmark. Reliability analyses confirmed that four factors had psychometric properties. For internal consistency reliabilities (Cronbach’s !) that exceeded .07,
measurement reliability was verified [38]. The results are shown in Table 2.
Table 2. Factor analysis results
Factor Loading

Construct

Optimism

Innovativeness

Discomfort

Insecurity

4.2

1

2

3

4

1

.855

-.006

.133

-.106

2

.887

.028

.061

-.097

3

.815

-.129

.077

.024

1

.055

-.047

.849

.089

2

.015

-.013

.854

-.013

3

.214

.061

.710

-.142

1

-.121

.188

-.153

.840

2

-.038

.268

.106

.823

1

-.068

.812

.133

.068

2

-.029

.824

-.101

.173

3

-.006

.777

-.043

.262

Cronbach’s !

.825

.748

.712

.764

Eigenvalue

2.253

2.072

2.047

1.535

% of variance after rotation

20.484

39.321

57.929

71.886

Consumer typology

k-means cluster analysis was conducted to classify consumers according to technology readiness. A three-cluster solution was chosen as the best fit. To confirm the
distinctive characteristics of each cluster, ANOVA and Scheffé’s post hoc test were
conducted. The three consumer clusters were classified and labeled as follows to
reflect their characteristics: cluster 1 was labeled “critical adopter” (n = 290), cluster 2
“pro-technology” (n = 163), and cluster 3 “ambivalent” (n = 127). The results are
presented in Table 3.
Table 4 summarizes the demographic profiles and characteristics of each cluster.
The results of the chi-square test indicate significant gender differences across the
three clusters: there was high proportion of males in the pro-technology group, and a
high proportion of females in the critical adopter group.
4.3

Differences in antecedent and outcome variables by consumer group

Table 5 shows the difference in antecedent and outcome variables by consumer
group. The mean scores for relative advantage, compatibility, mobile learning resistance, status quo bias, and intention to use mobile learning was significantly higher
in the ambivalent group than in the other two. The mean scores for trialability and
mobile learning self-efficacy were significantly higher in the pro-technology group
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than in the other two. The mean scores for relative advantage, compatibility, observability, trialability, mobile learning self-efficacy and intention to use mobile learning
were significantly lower in the critical adopter group than in the other two. The mean
scores for complexity, mobile learning resistance, and status quo bias were significantly lower in the pro-technology group than in the other two.
Table 3. k-means cluster analysis results
Cluster 1

Cluster 2

Cluster 3

Construct

Critical adopter
(n = 290)

Pro technology
(n = 163)

Ambi-valent
(n = 127)

Mean

F

Optimism

3.772 a

4.441 c

4.105 b

4.028

78.839***

Innovativeness

2.740 a

3.725 b

3.622 b

3.206

186.851***

Discomfort

2.741 b

1.985 a

3.613 c

2.776

243.35***

Insecurity
3.050 b
2.462 a
3.991 c
Note: a, b, c = group difference by Scheffé’s test; ***p < 0.001

3.090

195.228***

Table 4. Characteristics by clusters.
Construct
Gender

Age

Critical adopter
(n = 290)

Pro-technology
(n = 163)

Ambivalent
(n = 127)

Male

124(42.8%)

98(60.1%)

61(48.0%)

Female

166(57.2%)

65(39.9%)

66(52.0%)

20–22

171(59.0%)

75(46.0%)

68(53.5%)

23–25

95(32.7%)

74(45.4%)

46(36.3%)

26–28

24(8.3%)

14(8.6%)

13(10.2%)

Note: **p < 0.01.

Chisquared
12.630**

8.171

Table 5. ANOVA results for antecedent variables by group
Construct

Critical
adopter
(n = 290)

Pro-technology
(n = 163)

Ambivalent
(n = 127)

Mean

F

Relative advantage (RA)

3.860 a

3.946 ab

4.086 b

3.964

4.101*

Compatibility (CB)

3.601 a

3.671 a

3.948 b

3.740

6.209**

Complexity (CP)

3.001b

2.278 a

3.332 b

2.870

17.513***

Observability (OB)

3.655 a

3.730 a

3.960 b

3.781

4.171*

Trialability (TR)

2.621 a

2.984 b

2.703 ab

2.769

4.308*

Mobile learning
self-ef"cacy (SE)

3.082 a

3.838 c

3.150 b

3.356

44.069***

Mobile learning
Resistance (RE)

2.971 b

2.670 a

3.190 c

2.943

11.613***

Status quo bias (SQ)

3.009 b

2.887 a

3.323 c

3.073

8.549***

Intention to use
mobile learning (IM)

2.941 a

3.318 b

3.202 b

3.097

10.588***

Note: a < b < c = group difference by Scheffé’s test; *p < 0.05, **p < 0.01, ***p < 0.001
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4.4

Correlation coefficient of variables

The correlation of coefficients are displayed in Table 6. The correlation coefficients between all the variables were less than 0.70 that is the recommended threshold, so there are no severe multicollinearity problems [39].
Table 6. Correlations between all the variables
Const.

(1)

(1)RA

1

(2)

(3)

(4)

(5)

(6)

(2)CB

.624**

1

(3)CP

-.030

-.052

1

(4)OB

.377**

.322**

-.077

(5)TR

.382**

.317**

-.030

.648**

1

(6)SE

.286**

.245**

-.311**

.358**

.358**

1

(7)

(8)

(9)

1

(7)RE

-.301**

-.416**

.386**

-.128**

-.195**

-.209**

1

(8)SQ

-.006

-.118**

.323**

.055

.042

-.030

.429**

1

(9)IM

.524**

.550**

-.143**

.443**

.510**

.344**

-.470**

-.116**

1

Note: **p < 0.01.

4.5

Factors that influence intention to use mobile learning

Table 7 shows the results of multiple regression analysis of each group. The models for the critical adopter group (R2 = .392, F = 27.599, p < .001), pro-technology
group (R2 = .637, F = 41.628, p < .001), and ambivalent group (R2 =.482, F = 17.718,
p < .001) were significant and showed acceptable goodness of fit. Mobile learning
resistance (# =-.313) had the strongest impact on intention to use mobile learning in
the critical adopter group, followed by observability (#=.282), complexity (#=-.279),
compatibility (# =.151), and relative advantage (#=.122). Mobile learning selfefficacy (# =.215) had the strongest impact on intention to use mobile learning in the
pro-technology group, followed by trialability (#=.203), relative advantage (# =.185),
compatibility (# =.174), and observability (#=.138). Mobile learning resistance (# =.359) had the strongest impact on intention to use mobile learning in the ambivalent
group, followed by observability (#=.257), relative advantage (#=.224), compatibility
(#=.220), complexity (# = -.184), and status quo bias (# =-.118). Three multiple regression models were formulated and tested for the dependent variable of intention to
use mobile learning. To evaluate the strength of the significant effects, Cohen’s f2
was calculated. According to this measure, the three consumer groups of the multiple
regression model showed a “large” size effect: the critical adopter group (.644), the
pro-technology group (1.754), and the ambivalent group (.930).
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Table 7. Regression analysis of intention to use mobile learning
Construct

Critical adopter
(n = 290)

Pro-technology
(n = 163)

Ambivalent
(n = 127)

!

p

!

p

!

p

Relative advantage

.122*

.033

.185**

.009

.224*

.017

Compatibility

.151*

.012

.174*

.023

.220**

.009

Complexity

-.279

*

.043

-.003

.953

-.184*

.048

Observability

.282***

.000

.138*

.036

.257**

.006

.010

.880

.203**

.001

.019

.830

*

.044

.184

*

.018

.179

-.359*

.016

.476

*

.013

Trialability
Mobile learning
self-ef"cacy

.045

.404

.215

Mobile learning
resistance

-.313***

.000

-.109

Status quo bias

-.104

.097

F

27.599***

R2
Cohen’s f2

-.023

-.118

41.628***

17.718***

.392

.637

.482

.644

1.754

.930

Note: *p < 0.05, **p < 0.01, *** p < 0.001.
Note: Cohen’s f2 was calculated as f2 = R2/(1-R2). Cohen [40] suggests that “small”, “medium”, and “large” effect sizes correspond to .02, .15, and .35, respectively.

5

Discussion and conclusion

The present study identified three distinct consumer groups according to their
technology readiness: critical adopters, pro-technology, and ambivalent. Critical
adopters were the largest of the three groups, meaning that a significant portion of
university students in South Korea may be critical adopters of mobile learning.
This indicates that, even if students perceive the benefits of mobile learning, they
may not adopt it unconditionally. This is consistent with previous research where
most consumers evaluate an innovation through subjective assessment and do not
always line up as innovators in all situations [31], [33], [37], [43].
Mobile learning enables space-independent personalized learning and improves
learning efficiency, whereas it is difficult for individuals to self-police when it comes
to learning, and there are practical limitations to mobile devices such as difficult text
input and information delivery due to small screens [4], [23]. Despite the varied benefits of mobile learning, its costs may cause students to delay or refuse adopting mobile
learning. Therefore, it is necessary to identify downsides of mobile learning and make
efforts to alleviate them.
In addition, mobile learning may be a useful tool not only for students, but also
teachers, increasing learning efficiency by overcoming the limitations of conventional
learning methods [41]. For mobile learning to be a reliably efficient educational tool
for students, it is necessary to precisely determine its benefits. Moreover, while it is
important to produce various mobile learning content, it is also necessary to develop
content based on the benefits of mobile learning perceived by students.
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Compatibility increases intention to use mobile learning in all consumer groups,
indicating that mobile learning is more readily adopted when it is consistent with
conventional learning methods or individuals’ values. As reported in previous research, if an innovation is perceived as consistent with their experiences and requirements, it enhances consumers’ intention to use the innovation [9], [18], [31]. Therefore, this study supports previous research on innovation diffusion theory.
If new technology is incompatible with their values or life, consumers may suffer
greater anxiety or experience technophobia [10], [42]. Therefore, to employ mobile
learning as a tool that is consistent with students’ requirements and values, it is necessary to understand those values and requirements before expanding mobile learning
content and subjects.
Observability is the visibility of the outcome of innovation acceptance to other
people [9], and this study has found that it had positive effects on the intention to use
mobile learning in all consumer groups. This result is in line with the results of previous studies that have found that individuals’ intention to use mobile learning increases
as more people around them use mobile learning [4], [17]. Once they observe how
people around them accept and use a certain innovation, they accept the fact that the
utility of the innovation has been proved, which reduces their uncertainty in the innovation and the risk they associate with it [20]. Therefore, regular publicity of mobile
learning is needed in order for students to perceive it as a useful learning tool. Furthermore, teachers who use mobile learning should be able to clearly convey the benefits of mobile learning to students.
In the critical adopter and ambivalent groups, mobile learning resistance had the
greatest effect on the intention to use mobile learning. The two groups both had the
highest optimism and insecurity in mobile technology readiness. These results imply
that positive and negative ideas about mobile technology may not be the most important factor that affects intention to use mobile learning in these two groups. The
most important factor influencing this intention could be the degree of resistance that
is the trait of individuals. These results expand on previous research by Ram [31], that
resistance can be a predictor of adoption-related behaviors and barriers of innovation
diffusion. Resistance may change depending on the situation, and its level may differ
according to the characteristics of innovation or technology as well [31], [34]. Thus, it
is necessary to identify the existence and degree of resistance to mobile learning; also
the causes of resistance and factors that might reduce resistance could be explored.
Mobile learning self-efficacy had the greatest effect on the intention to use mobile
learning in the pro-technology group, which had higher innovativeness and optimism
toward mobile technology than other consumer groups. Individuals with higher innovativeness and optimism tend to have more positive views about using high-tech
gadgets such as smartphones and smartwatches or related services. Furthermore, they
tend to be less resistant to new technology and perceive fewer technology-related risk
factors than others [18], [43]. This is why the pro-technology group showed higher
mobile learning self-efficacy than other groups. However, in the critical adopter and
ambivalent groups, mobile learning self-efficacy did not have a significant effect on
the intention to use mobile learning, which may be because both groups had higher
negative perceptions of mobile technology, such as discomfort and insecurity. There-
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fore, future research should determine how positive factors of technology readiness
(optimism and innovativeness) and negative factors of technology readiness (discomfort and insecurity) are related to mobile learning self-efficacy.
Complexity was found to reduce the intention to use mobile learning in the critical
adopter and ambivalent groups, but it had no effect in the pro-technology group. These results imply that the pro-technology group has high mobile learning self-efficacy
and perceives low complexity in mobile learning than other consumer groups. Complexity is known to have a negative effect on new technology acceptance or service
satisfaction [17], [18]. Accordingly, future research should specifically examine in
which part of mobile learning the critical adopter and ambivalent groups perceive
complexity, accompanied by efforts to reduce such complexity.
Status quo bias was found to reduce the intention to use mobile learning only in the
ambivalent group, which highly perceives optimism, innovativeness, discomfort, and
insecurity in mobile technology. Status quo bias appears in individuals who focus
more on losses than benefits in evaluating the results of certain behaviors [33]. Individuals do not evaluate innovations based on scientific facts, but based on elements
such as their values or personality [9]. Therefore, to increase the intention to use mobile learning in the ambivalent group, it is necessary to make efforts to reduce the
current mobile learning costs. Moreover, the fact that individual values of new technology or its individual characteristics may affect the use of such new technology
should not be overlooked [44]. Thus, to promote understanding about acceptance or
diffusion of mobile learning, it is necessary to examine the effects of an individual’s
values or personal characteristics on mobile learning.
An important characteristic of our study is the attempt to explore the intention to
employ mobile learning based on the consumer typology of technology readiness.
Most prior studies only focused on the cost and benefits of mobile learning and predictors of mobile learning adoption [17], [20], [22], [23]. Consumers’ attitude and
perception of mobile technology can potentially affect mobile learning adoption.
Therefore, considering consumers’ mobile technology readiness will enhance understanding of mobile learning adoption.
This study contributes to a broader understanding of diffusion of innovation model
in two ways. First, our results contribute to understanding different innovationdecisions of consumers. According to diffusion of innovation model, the innovationdecision is based on cost-benefit analysis of innovation, but is highly subjective and
varies among individuals. Therefore, consumers adopt innovations at different rates
and different times [9], [18]. This study identifies three consumer groups, who possess different degrees of intention to use mobile learning and different predictors of
innovation-decisions. These results are consistent with diffusion of innovation model
that distinguishes the consumer groups based on their innovation-decisions.
Second, our research findings contribute to expanding previous understandings of
antecedents of innovation diffusion. The results of our study reveal that not only perceived technology characteristics but also personal traits such as self-efficacy and
resistance are determining factors in adopting mobile learning. These findings are
consistent with innovation diffusion theory and support prior studies that applied
innovation diffusion theory in mobile technology environments [9], [34], [43]. Even if
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benefits of mobile learning outweigh the costs, some consumers can delay or refuse to
adopt mobile learning. Therefore, understanding of consumers’ characteristics can
play an important role in problem solving for failure of innovation diffusion.
This study was firstly limited in that mobile learning is based on smart devices
such as smart phones, tablet PCs, and notebooks, which are easily portable, so mobile
learning can have different advantages and disadvantages for different students depending on the smart device they use. Second, the intention to continuously use mobile learning depends on the characteristics of individual courses. However, this study
examined the intention of continued use of mobile learning from a comprehensive
viewpoint. Therefore, in future research, it is necessary to investigate the intention to
accept and persistent in using mobile learning according to the specific characteristics
of educational content.

6

Appendix A!! "
Construct

Item

Optimism

Mobile technology makes you more efficient in your work.
Mobile technology gives people more control over their lives.
Mobile technology gives you more freedom of mobility.

Innovative
-ness

You keep up with the latest mobile technology development in your
area of interest.
You can usually figure out new high-tech products and services without
help from others.
You enjoy the challenge of figuring out high-tech mobile gadgets.

Discomfort

When I get technical support from a provider of a high-tech product or
service, I sometimes feel as if I am being taken advantage of by someone who knows more than I do.
It is embarrassing when I have trouble with a high-tech mobile gadget
while people are watching.

Insecurity

I worry that information sent over the mobile will be seen by other
people.
I don’t feel confident doing business with a place that can only be
reached by mobile.
If I send information over a mobile, I can never be sure it really gets to
the right place.

Relative advantage

Mobile learning is relatively faster than existing learning methods.
Mobile learning is relatively more convenient than existing learning
methods.
Mobile learning is relatively more efficient than existing learning methods.

Compatibility

Mobile learning fits my lifestyle.
Mobile learning fits my learning style.

Complexity

Mobile learning is complex and difficult.
Mobile learning is more difficult to familiarize oneself with than other
learning methods.
It is difficult to learn how to use services or devices for mobile learning.
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I can easily find students who are learning by mobile.
Observability Many students in my school are engaging in mobile learning.
I often see people learning on the mobile.
Trialability

A variety of mobile learning applications have been developed.
I can easily find mobile learning content.
There is plenty of information available for mobile learning.

I can manage my personal information when using mobile learning.
Mobile learnI can control how my personal information will be collected and used by
ing selfmobile learning providers.
ef"cacy
I can take steps to protect my privacy when using mobile learning.

[46]

Mobile learn- I feel reluctant to use mobile learning.
[8]
ing resistance I oppose the change of my existing learning method into mobile learning.

Status quo
bias

I will continue using my existing learning method because it would be
stressful to change.
I will continue using my existing learning method simply because it is
what I have always done.
I will continue using my existing learning method even though I know it
is not the most effective way to do things.

[47]

Intention to
use mobile
learning

I will use mobile learning.
I will encourage the use of mobile learning to other people.

[17]

7
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