Chapter 1 Introduction

1.1 Background

The third generation (3G) mobile services can be used as an efficient
learning tool. Mobile learning (M-learning) is an activity in which people carry
out learning activities using a mobile device like a cell phone or a personal
digital assistant (PDA). M-learningallows users to access learning material
anytime and anywhere (Aleéxander; 2004; Clyde, 2004; Gay et al., 2001; Hill
and Roldan, 2005; Liu et al., 2003; Trifonova and Ronchetti, 2003; Wagner,
2005). This new M-learning technology encourages users to attend a variety of
learning activities, including to search for knowledge, participate in discussion
groups and access informational contents online (Chang et al., 2003; Roschelle,
2003). M-learning compliments electronic learning (E-learning) by creating an
additional access channel for mobile users with mobile devices. Because of the
potential widespread use of 3G mobile devices, M-learning is likely going to be
the next wave of any learning environment, such as museums (Goh and Kinshuk,

2004; Hsu et al., 2006; Tan and Liu, 2004).

The 3G networks are not yet commonly available, and M-learning is still in
its infancy, with many aspects of mobile learning yet to be explored (Taylor,

2003). Previous studies have extensively addressed M-learning from technical



perspectives (Chang et al., 2003; Chen et al., 2003; Liu et al., 2003; Trifonova
and Ronchetti, 2003; Zurita and Nussbaumw, 2004), but few empirical works
are available on M-learning from a customer’s standpoint. As a result,
M-learning suppliers can provide quality M-learning to customers only by

studying the customers carefully.

The primary goal of this work was to enhance our understanding of user
acceptance of M-learning. This study addresses the ability to predict consumer
acceptance of M-learning in terms of social influences (i.e. friends) as stipulated
by the theory of reasoned action (TRA) and individual differences (i.e.
perceived usefulness) as stipulated by the technology acceptance model (TAM).
TRA is typically regarded as‘the best starting:point for understanding the
determinants and effects of individuals™intentions (Sheppard et al., 1988), and
has been applied in many settings(Choo €t al.,~2004; Hansen et al., 2004; Ryan,
1982; Ryan and Bonfield, 1975,/1980; Sheppard et al., 1988). Since TRA is
designed to predict virtually all human behavior (Ajzen and Fishbein, 1980), it
can be used to explore the determinants of customer behavior in using
M-learning. Because M-learning technology is still immature, the crucial social
influences that affect its adoption by users need to be explored. This study
develops three social influences, namely “family members”, “friends” and
“experts”. TAM is a model for explaining the user acceptance of novel
technology, and has been theoretically and empirically justified (e.g., Devaraj et
al., 2002; Gong et al., 2004; Klopping and McKinney, 2004). Because

M-learning technology is still in its development stage, the crucial motivational



variables that will affect its adoption by users need to be explored. This study
developed two new constructs, namely “perceived mobility value” and

“perceived enjoyment”.

The prospects for different elements of the two models were addressed
herein in order to understand all determinants of user acceptance. The
appropriateness of the theory of reasoned action and the technology acceptance
model was examined using the LISREL (linear structural relationships) software
application. Important fit indices, such as CFl (comparative fit index), RMSEA
(root mean square error of approximation), and GFI (goodness-of-fit), were
addressed. Undergraduate students in Taiwanese universities were asked to
answer a self-administered.'questionnaire about their opinions of M-learning.
Because of their familiarity with maebile “devices, university students were

chosen using an online survey for-evaluating user acceptance of M-learning.

1.2 Motivates and Objectives of This Study

This dissertation aims to probe consumers’ perceptions of using M-learning,
including TRA and TAM models, addressing different social influences,
individual variables, perceived ease of use, perceived usefulness, attitude toward
M-learning and behavioral intention. An online survey of M-learning was
conducted to collect data for two reasons: first, most people have experience
using the Internet; and second, many people have their own mobile devices.

Since many studies have examined the relationships between different variables



of TRA or TAM, this study focuses on how new social influences or individual

variables impact users’ perceptions of M-learning.

1.3 Organizations of the Dissertation

This dissertation, including six chapters, is organized as follows. Chapter
one is introduction, which describes the background of M-learning and previous
researchers that are related to this issue. Chapter two is to review related
literature about the theory of reasoned action (TRA) and the technology
acceptance model (TAM). Chaptenithree,describes the modified TAM model, the
TRA mode and the hypotheses; Chapter four states the methodology. Chapter
five reports the results of survey. Chapter six reaches conclusions and draws

suggestions for future studies.



Chapter 2 Literature Review

2.1 Theory of Reasoned Action (TRA)

Behavior prediction has been one of the major purposes of psychological
theories. Some of the more useful theories include the theory of reasoned action
(TRA) (Ajzen and Fishbein, 1980; Fishbein and Ajzen, 1975), the social
cognitive theory (SCT) (Compeau and Higgins 1995; Hill et al., 1987) and
TAM (Davis, 1989, 1993). Among them; the.theory of reasoned action (TRA) is
very useful in predicting a:wide.range-ef-behavior (Sheppard et al., 1988;
Madden et al., 1992), and many researchers used TRA to predict consumers’
behavior (Fishbein and Ajzen, 1975; Ryan, 1982; Ryan and Bonfield, 1975,

1980).

A meta-analytic review of the TRA (Sheppard et al., 1988) validates that
TRA has strong predictive utility across different areas such as business ethics
(Chang, 1998; Randall, 1989), product purchasing (Choo et al., 2004; Hansen et
al., 2004), coupon usage (Shimp and Kavas, 1984), Internet banking (Shih and
Fang, 2004), sexual behavior (Gillmore et al., 2002; Sutton et al., 1999), and
information technology (Wu, 2003). TRA is good at predicting virtually human

behavior (Ajzen and Fishbein, 1980), thus it could be properly used to study the



determinants of customer behavior of M-learning.

TRA is based on three general concepts, namely social influence (SI),
attitude (ATT) and behavioral intention (BI) (depicted in Fig. 1). TRA is based
on the theory that variables affect behavioral intention indirectly through their
impact on attitude and/or social influences (Bagozzi et al., 1992; Fishbein and
Ajzen, 1975). In this study, social influences reflect an individual’s perception
that “most people who are important to the person think he or she should or
should not perform the behavior in question” (Ajzen and Fishbein, 1980). The
concept of social influences indicates the existence of social explanations, and is
recognized as a critical construct in the TRA (Shih and Fang, 2004). Therefore,
TRA can reasonably be considered to.illuminate users’ behavior of M-learning
through social influences.-TRA is mainly adopted to study the impact on social

factors on user acceptance-of M:learning:

ATT is defined as a person’s general feeling about the desirability of using
M-learning. BI measures the degree to which an individual would use the
technology in the future, and is a linear function of two psychological variables:
(1) a person’s attitude toward performing a behavior, and (2) a person’s social

influences regarding the behavior (Ajzen and Fishbein, 1980).
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Figure 1 Theory of Reasoned Action Model

bie;= behavioral beliefs and outcome evaluations, nbjmcj: normative beliefs and motivation
to comply, SI=social influence, AT T= attitude, Bl= behavioral intention.

These constructs can be structured as follows:
Bl = ATT+SI

where:
ATT= Zbe; and S| =2XZnbme;

Attitude toward behavior is computed from b; x e;, where b; denotes the
salient belief that performing an action leads to consequence i, and e; represents
an evaluation of consequence i. The social influence is calculated from nb; x mc;,
where nb; denotes a normative perception of the opinions of reference group j
about whether an individual should perform an action, and mc; represents the
user’s motivation for complying with agent j (Chang, 1998; Choo et al., 2004;

Miniard and Cohen, 1983).

Therefore, this study uses a TRA model to explain user behavior in using



M-learning in terms of the relationship between user attitudes toward behavior,
and social influences. Additionally, the path from social influences to attitude is
expected to exhibit a strong causal relationship, as revealed in other works

(Chang, 1998; Choo et al., 2004; Hansen et al., 2004; Shimp and Kavas, 1984).

2. 2 Technology Acceptance Model (TAM)

TAM, originally presented by Davis (1989), is derived from TRA (Ajzen
and Fishbein, 1980; Fishbein and Ajzen, 1975). TAM is a behavioral model that
describes the antecedents of the adoption.of information technology (IT), and is
considered a robust tool for measuring the.adoption of new technology by users
(Adams et al., 1992; Agarwal and Prasad, 1999; Chin and Todd, 1995; Davis,
1989; Davis et al., 1989; Doll et al., 1998; Igbaria et al., 1996; Segars and
Grover, 1993; van der Heijden, 2003). Over the years TAM has been validated
by various applications and extensions, including web-based information (Gong
et al., 2004; Stoel and Lee, 2003; van der Heijden, 2003; Yi and Hwang, 2003),
Internet banking (Chan and Lu, 2004; Kamel and Hassan, 2003; Wang et al.,
2003) and electronic commerce (Devaraj et al., 2002; Henderson and Divett,
2003; Klopping and McKinney, 2004; van Dolen and de Ruyter, 2002). The
M-learning technology is novel, and is therefore appropriate to be examined

using the TAM model.

Figure 2 illustrates the TAM, which is derived from the TRA, and includes

six constructs, namely external variables, perceived usefulness, perceived ease



of use, attitude, behavioral intention and actual usage. It shows that user
behavior is determined by perceptions of usefulness and the ease of use of the
technology (Adams et al., 1992; Davis, 1989; Davis et al., 1989; Mathieson,
1991). The concept of actual usage was eliminated from the revised TAM
model, because M-learning technology is still at an early stage of development.
This study investigates the future acceptance of the emerging M-learning
technology, rather than its current usage. Actual usage is not a cogent measure
of the value of M-learning, as indicated in previous studies (Gong et al., 2004;
Lu et al., 2003; Yang, 2005). The following sections describe the constructs of

TAM in detail, and its applicability to the present study.

_ Figure 2 Technology Acceptance Model
Source: Davis et al. (1989, p.985)

EV= external variables, PU= perceived usefulness, PEOU= perceived ease of use,
ATT= attitude, Bl= behavioral intention, AU= actual usage.



2.2.1 Perceived Usefulness (PU) and Perceived Ease of

Use (PEOU)

TAM posits that two particular behavioral beliefs, perceived usefulness
(PU) and perceived ease of use (PEOU), are two fundamental factors for
predicting user acceptance, and that the effect of external variables on intention
are mediated by these two key beliefs (Adams et al., 1992; Davis, 1989; Davis
et al., 1989; Mathieson, 1991). PU is defined as an individual’s perception that
using a new technology will enhance or improve her/his performance (Davis,
1989, 1993). Applying this definition to this research context, PU means the
users’ perception that using M=learning enhances their learning performance. A
strengthening of this belief creates & positive attitude toward M-learning,

thereby increasing the user’s intention to-use M=learning.

PEOU is defined as an individual’s perception that using a new technology
will be free from effort (Davis, 1989, 1993). Applying this definition in this
research context, PEOU represents the perception that M-learning is easy to use.
PEOU is hypothesized to be a predictor of PU. Moreover, both PU and PEOU
are affected by external variables (Hu et al., 1999; Venkatesh, 2000; Venkatesh
and Davis, 2000; Venkatesh et al., 2002; Wang et al., 2003). Furthermore, PU
and PEOU have a positive effect on attitude. Unlike in TRA, the social
influence is not a determinant of behavioral intention in TAM; instead, Bl in

TAM is affected only by PU and attitude (Davis, 1989).
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2.2.2 External Variables

Although TAM is a model applicable to a variety of technologies (Adams
et al., 1992; Chin and Todd, 1995; Doll et al., 1998; Segars and Grover, 1993),
it has been criticized for not providing adequate information on individuals’
opinions of novel systems (Mathieson, 1991; Moon and Kim, 2001; Perea y
Monsuwe et al., 2004). Davis (1989, p. 985) observed that external variables
enhance the ability of TAM to predict acceptance of future technology. In other
words, the constructs of TAM need to be extended by incorporating additional
factors. Choosing additional factors depends on the target technology, main
users and context (Moon and Kim;2001,). Wang et al. (2003) noted that
variables relating to individual differences,play. a vital role in the
implementation of technology. Additionally, empirical research based on TAM
has discovered strong relationships between-individual differences and IT
acceptance (Agarwal and Prasad, 1999; Venkatesh, 2000). To understand user
perception of M-learning, this study integrated two individual difference

variables, namely “perceived mobility value” and “perceived enjoyment”, into

the proposed TAM model. These two constructs are described below.

Perceived Mobility Value (PMV)

Perceived mobility value (PMV) denotes user awareness of the mobility

value of M-learning. Mobility has three different elements including

11



convenience, expediency and immediacy (Seppéla et al., 2002; Seppala and
Alaméki, 2003). Mobility permits users to gain access to learning/information
anywhere at anytime via mobile devices. In other words, mobility brings the
ability to guide and support users in new learning situations when and where it
IS necessary. Previous studies found that mobile users valued efficiency and
availability as the main advantages of M-learning, and these advantages are a
result of the “mobility” of a mobile device (Chen et al., 2003; Hill and Roldan,
2005; Ting, 2005). Therefore, M-learning is valuable because of its mobility.
Consequently, the perceived mobility value is a critical factor of individual
differences affecting users’ behaviors. This study treats perceived mobility value

as a new variable in the TAM.

Perceived Enjoyment (PE)

Individuals engage in activities because these activities lead to enjoyment
and pleasure (Teo and Lim, 1997). According to Davis et al. (1992), perceived
enjoyment is defined as “the extent to which the activity of using the technology
is perceived to be enjoyable in its own right, apart from any performance
consequences that may be anticipated”. In this study, perceived enjoyment
denotes the extent to which an individual finds the interaction of M-learning
intrinsically enjoyable or interesting. Perceived enjoyment is seen as an example
of intrinsic motivation, and it has been found to influence user acceptance

significantly. Furthermore, research on the role of enjoyment suggested the

12



importance of enjoyment on users’ attitudes and behaviors (Davis et al., 1992;
Igbaria et al., 1995, 1996; Teo and Lim, 1997; Wanta and Gao, 1994; Wexler,
2001; Yi and Hwang, 2003). Hence, perceived enjoyment is addressed as a key

factor for influencing user acceptance of M-learning.

13



Chapter 3 Research Model and Hypotheses

As noted above, each construct of the TRA and TAM has been clearly
explained to reflect user acceptance of M-learning. As revealed in Fig. 1, the
proposed TRA includes three external social influences, namely “family
members”, “friends” and *“experts”. These three constructs might significantly
affect the existing TRA variables. Additionally, other relationships between the
constructs proposed by the TRA model are also presented. To establish the
proposed model, it was built'on theoretical frameworks recommended in
previous investigations. As shown'in'Fig.'3, the proposed TAM includes two
external variables, namely “perceived mobility value” and “perceived
enjoyment”. These two constructs may significantly affect existing TAM
variables. In addition, other relationships between the constructs proposed by
the original TAM are also presented (Davis et al., 1989; Venkatesh and Davis,
2000). To establish the two proposed models (as shown in Figs. 1 and 3), they
were built on theoretical frameworks recommended in previous investigations.
This study aims to confirm whether these two models successfully predict user
acceptance of M-learning. The next section describes in detail all hypotheses

concerning the relationships among the variables in the two models.
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3.1 Theory of Reasoned Action

A major contribution of TRA is the specificity of attitudes and intentions to
match behavior (Bobbitt and Dabholkar, 2001). The TRA states that a user’s
behavior is a function of the behavioral intention, which is “jointly determined
by attitude and social influences” (Fishbein and Ajzen, 1975). Pervious studies
proposed that family members, friends and experts strongly affect the behavior

of users (Oliver and Bearden, 1985; Ryan, 1982; Ryan and Bonfield, 1980).

Therefore, this study addressed the impact of these three social influences on
user behavior, and posits that the opinions of family members, friends and
experts significantly affect users?’behavioral intentions. Furthermore, Fishbein
and Ajzen noted that attitude and social influences might be linked to each other.
Previous studies have found a strong positive correlation between attitude and
social influences (Choo et al:, 2004; Miniard and Cohen, 1983; Shimp and
Kavas, 1984). This study expects that the two constructs are significantly related.
Individuals can be strongly influenced by family members, friends and experts,
who may encourage or discourage them from performing specific actions
(Fishbein and Ajzen, 1975; Randall, 1989). Restated, a consumer’s intention to
perform a certain behavior may be affected by the normative social beliefs and
consumer’s beliefs about the appropriateness. Therefore, the following

hypotheses were tested:

H1. Behavioral beliefs and outcome evaluations has a positive effect on attitude.
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H2. Normative beliefs and motivation to comply has a positive effect on social

influence.
H3. Social influence has a positive effect on attitude.
H4. Attitude has a positive effect on behavioral intention.

H5. Social influence has a positive effect on behavioral intention.

3.2 Technology Acceptance Model

As revealed in Fig. 3, the proposed TAM includes two external variables,
namely perceived mobility value” (Coursaris and Hassanein, 2002a, 2002b;
Coursaris et al., 2003; Siau et al.;"2001);and *‘perceived enjoyment” (Igbaria et
al., 1996; Venkatesh, 2000; Venkatesh-et al., 2002; Yi and Hwang, 2003).
These two motivation constructs might significantly affect the existing TAM
variables. Additionally, other relationships between the constructs proposed by
the TAM are also presented (Davis et al., 1989; Venkatesh and Davis, 2000).
The next section describes in detail all hypotheses concerning relationships

among the variables in the model.
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3.2.1 Perceived Mobility Value (PMV)

PMV has not been tested previously, but it relates to users’ personal
awareness of mobility value. Mobility enables users to receive and transmit
information anytime and anywhere (Anckar and D’Incau, 2002; Chen et al.,
2003; Coursaris and Hassanein, 2002a, 2002b; Coursaris et al., 2003; Hill and
Roldan, 2005; Siau et al., 2001; Ting, 2005). Mobility associated with
time-related needs encourages users to adopt mobile technology since enhanced
accessibility is expected to affect dynamic interaction and high levels of
engagement (Anckar and D’Incau, 2002, p. 48). Hence, users perceiving the
value of mobility understand the, unigueness of M-learning and have a strong
perception of its usefulness: Obviausly, perceived mobility value has a positive
effect on the perceived usefulness of M-learning. Therefore, this work treats

perceived mobility value as-a direct antecedence of perceived usefulness (PU).

H6. Perceived mobility value has a positive effect on perceived usefulness.

3.2.2 Perceived Enjoyment (PE)

The concept of perceived enjoyment (PE) adapted from Davis et al. (1992)
means that users feel enjoyable from the instrumental value of using M-learning.
Prior studies on technology acceptance behavior examined the effects of
perceived enjoyment on perceived ease of use (Igbaria et al., 1996; Venkatesh,

2000; Venkatesh et al., 2002; Yi and Hwang, 2003). New technologies that are
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considered enjoyable are less likely to be difficult to use.
H7. Perceived enjoyment has a positive effect on perceived ease of use.

There is a causal relationship between perceived enjoyment and attitude.
When users feel that M-learning is enjoyable, the stimulus of happiness in turn
enhances their perception of M-learning. Venkatesh (2000) found that perceived
enjoyment indirectly influences users on adoption. Other research showed that
attitudinal outcomes, such as happiness, pleasure, and satisfaction, result from
the enjoyable experience (Childers et al., 2001; Moon and Kim, 2001; van der
Heijden, 2003; Yu et al., 2005). These findings indicate that enjoyment highly

correlates with the users’ positive attitudes:

H8. Perceived enjoyment-has a positive effect on attitude.

3.2.3 Perceived Ease of Use, Perceived Usefulness,

Attitude, and Behavioral Intention

TAM delineates the causal relationships between perceived usefulness
(PU), perceived ease of use (PEOU), attitude and behavioral intention (Bl) to
explain users’ acceptance of technologies. PEOU is hypothesized to be a
predictor of PU. Additionally, attitude is determined by two salient beliefs,
namely PU and PEOU (Davis, 1989). Finally, Bl is determined by PU and

attitude.
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The Influence of PEOU on PU

TAM posits a strong direct link between PEOU and PU. If all other factors
are equal, users are likely to consider a technology to be more useful if they
perceive that it is easier to use (Brown and Licker, 2003; Bruner Il and Kumar,
2005; Davis et al., 1989; Gefen, 2003; Hu et al., 1999; Igbaria and livari, 1995;
Stoel and Lee, 2003; van der Heijden, 2003; Venkatesh, 2000; Venkatesh and
Davis, 2000; Venkatesh et al., 2002; Wang et al., 2003; Yu et al., 2005).

Therefore, PEOU is likely to have a direct effect on the PU of the construct.

H9. Perceived ease of use has a positive-effect.on perceived usefulness.

The Influence of PEOU and'PU 'on Attitude

The attitude toward using a given technology is the overall evaluation that
predicts a user’s likelihood of adopting that emerging technology. Past research
indicates that attitude is influenced by both PEOU and PU components
(Childers et al., 2001; Davis, 1989, 1993; Dabholkar and Bagozzi, 2002,;
Mathieson, 1991; O’Cass and Fenech, 2003; Stoel and Lee, 2003; van der
Heijden, 2003; Yu et al., 2005). Thus, that attitude is positively influenced by

PU and PEQU is proposed herein.

H10. Perceived ease of use has a positive effect on attitude.
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H11. Perceived usefulness has a positive effect on attitude.

The Influence of PU and Attitude on Bl

In TAM, Bl is influenced by both PU and Attitude. This relationship has
been examined and supported by many prior studies (Adams et al., 1992; Davis,
1989, 1993; Davis et al., 1989; Gefen, 2003; Hu et al., 1999; Stoel and Lee,
2003 ; Venkatesh and Davis, 1996, 2000). Therefore, this study presents the

following hypotheses.

H12. Perceived usefulness hag:a positive effect on behavioral intention.

H13. Attitude has a positive effect on-behavioral intention.

Figure 3 Proposed Extended TAM Model

PMV= perceived mobility value, PE= perceived enjoyment, PU= perceived usefulness,
PEOU-= perceived ease of use, ATT= attitude, Bl= behavioral intention.
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Chapter 4 Methodology

4.1 Study Context and Sample

Undergraduate and graduate students in two Taiwan universities were
asked to evaluate their perception of M-learning by completing an online survey.
All respondents were guaranteed confidentiality of their individual response. An
embedding program was added toithe electronic survey to check for missing
responses. As a result, 313 usable questionnaires were obtained, of which 47.3%
(N=148) were from male respondents, and 52.7% (N=165) from female
respondents. The majority of the respondents, 85.6% (N=268), were between 20
and 24 years of age, and 99% (N=310) possessed mobile devices. The
experience of using mobile devices ranged from 0 to 15 years, with a mean of

6.61 years.

4.2 Questionnaire Design

The items used to construct each variable were mainly adopted from

previous studies, as shown in Table | and Table I, to assure content validity.
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Appropriate items were designed to measure three social influences, namely
family members, friends and experts. Two new individual constructs, namely
perceived mobility value and perceived enjoyment also examined. Participants
were asked to evaluate statements using a 5-point Likert-type scale ranging
from strongly disagree (1) through neutral (3) to strongly agree (5). The

questionnaire consisted of 28 items addressing all constructs.
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Table I Research Variables for TRA model
Variable Description Type Items Source Questionnaires
bie; Behavioral beliefs Independent 3 Ryan (1982); Ryan and Bonfield (bse;) Using M-learning has more advantages and it is important to me.
and outcome (1975); Shimp and Kavas (1984); (b,e,) Using M-learning will fit my lifestyle and it is important to me.
evaluations Wu (2003) (bses) Using M-learning will fit well with how | use it and it is important to
me.
nbjmc;  Normative beliefs Independent 3 Ryan (1982); Ryan and-Bonfield (nb;mc,) Family members would suggest that | use M-learning and | want to do
and motivation to (1975); Shimp and.Kavas (1984); what they want.
comply Wu (2003) (nbmc,) My friends would suggest that | use M-learning and | want to do what
they.want.
(nbsmcs) Experts would suggest that | use M-learning and | want to do what they
want.
Sl Social influence  independent/ 3 Ryan (1982); Ryan and Bonfield (SI1) Family members important to me would think that using M-learning would
Dependent (1975); Shimp and Kavas (1984); be a good idea.
Wu (2003) (S12) My friends important to me would think that using M-learning would be a
good idea.
(SI3) Experts persuasive to me would think that using M-learning would be a good
idea.
ATT Attitude Independent/ 3 Bagozzi et al. (1992); Hu et al. (ATT1) In my opinion it would be very desirable to use M-learning.
Dependent (1999) (ATT2) I would like to use M-learning.
(ATT3) I hold a positive evaluation of M-learning.
Bl Behavioral intention Dependent 3 Bagozzi et al. (1992); Hu et al. (BI1) I intend to use M-learning when it becomes available.

(1999)
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(BI2) If 1 were asked to express my opinion of M-learning, | intend to say
something favorable.
(B13) In the future, | intend to use M-learning routinely.



Table Il Research Variables for TAM model
Variable Description Type Items Source Questionnaires
PE Perceived Enjoyment Independent 3 Moon and Kim (2001); Yi and (PE1) M-learning would make me feel good.
Hwang (2003); Yu et al. (2005) (PE2) M-learning would be interesting.
(PE3) I would have fun using M-learning.
PMV Perceived mobile value Independent 4 newly created by this research (PMV1) I know that mobile devices are the mediums for M-learning.
(PMV2) It is convenient to access M-learning anywhere at anytime.
(PMV3) Mobility makes it possible to get the real-time data.
(PMV4) Mobility is an outstanding advantage of M-learning.
PU Perceived usefulness Independent/ 3 Davis (1989, 1993); Venkatesh-and * *(PU1) Using M-learning would save me much time.
Dependent Davis (1996); Yang (2005) (PU2) M-learning would enhance my effectiveness in learning.
(PU3) Overall, M-learning would be useful.
PEOU  Perceived ease of use Independent/ 3 Davis (1989, 1993); Venkatesh-and = (PEOUL) Using M-learning would not require a lot of my mental effort.
Dependent Davis (1996); Yang (2005) (PEOU2) My interaction with M-learning would be clear and
understandable.
(PEOU3) M-learning would be easy to use.
ATT Attitude Independent/ 3 Bagozzi et al. (1992); Hu et al. (ATT1) In my opinion it would be very desirable to use M-learning.
Dependent (1999) (ATT2) I would like to use M-learning.
(ATT3) I hold a positive evaluation of M-learning.
Bl Behavioral intention Dependent 3 Bagozzi et al. (1992); Hu et al. (BI1) I intend to use M-learning when it becomes available.

(1999)

24

(BI2) If 1 were asked to express my opinion of M-learning, | intend to say
something favorable.
(B13) In the future, | intend to use M-learning routinely.



Chapter 5 Results

A confirmatory factor analysis was conducted using LISREL 8.51 to test
the two models. The hypothesized relationships among the variables in each
model were analyzed, and parameters were estimated with maximum likelihood.
Covariances among manifest variables of the theory of reasoned action are
presented in Table 111, and those of the technology acceptance model are
presented in Table IV. The proposed structural equation model was then tested
for each model. As revealed in Table V" the overall goodness of fit of each
model was verified with seven fitness measures, namely comparative fit index
(CF1), goodness-of-fit (GFI), adjusted goodness-of-fit (AGFI), normalized fit
index (NFI), non-normalized fit index (NNFI), Critical N (CN) and root mean
square error of approximation (RMSEA). From Table V, it shows that all
model-fit-indices exceeded the acceptance levels suggested by the previous
research, and the results indicate that both the two models had very good fit
with the data gathered. Goodness of fit indices show that the TRA model fitted
the data well (i.e. CFI=0.98, GF1=0.95, RMSEA=0.034), and the model clearly
explains the user acceptance of M-learning as expected (i.e. Choo et al., 2004;

Sheppard et al., 1988). Additionally, goodness of fit indices show that the TAM
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model fitted the data well (i.e. CFI1=0.99, GFI=0.95, RMSEA=0.019). Hence,
TAM effectively explains the user perception of M-learning (i.e. Moon and Kim,
2001; van Dolen and de Ruyter, 2002; Yi and Hwang, 2003). TRA and TAM

can clearly explain or predict customer behavior regarding M-learning. Previous
research addressed the absolute fit of the model(s) and also discussed which
model provides the best fit to the data (Gentry and Calantone, 2002). This study
does not compare the two models, because it supports the theoretical application
of TRA and TAM for examining user acceptance of M-learning. Both models
accurately predict human behavior relating to new technology, and do not need

to be compared further.
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Table Il Covariance among the Research Variables for the TRA

b.e; b.e, bse;  nbyme; nbymc, nbsmcs SI1 SI2 SI3 ATT11  ATT2 ATT3 BI1 BI2 BI3
bie; 0.26
b,e, 0.13 0.23
bses 0.10 0.11 0.27
nb;mec;  0.06 0.08 0.08 0.29
nb,mec,  0.07 0.07 0.07 0.19 0.26
nbsmec;  0.07 0.07 0.07 0.18 0.19 0.34
Si1 0.06 0.07 0.08 0.12 0.14 0.12 0.28
SI2 0.07 0.07 0.09 0.12 0.13 0.18 0.18 0.35
SI3 0.06 0.07 0.08 0.11 0.12 0.15 0.16 0.22 0.33
ATT1 0.04 0.04 0.03 0.03 0.04 0.03 0.04 0:04 0.03 0.29
ATT2 0.07 0.06 0.06 0.07 0.07 0.07 0.05 0.05 0.05 0.09 0.30
ATT3 0.05 0.06 0.05 0.07 0.05 0.08 0.05 0.06 0.06 0.08 0.16 0.27
BI1 0.07 0.06 0.05 0.05 0.05 0.06 0.04 0.05 0.06 0.04 0.12 0.12 0.25
BI2 0.06 0.07 0.07 0.05 0.04 0.04 0.04 0.04 0.04 0.06 0.09 0.09 0.10 0.26
BI3 0.05 0.04 0.05 0.06 0.05 0.06 0.05 0.05 0.04 0.07 0.08 0.08 0.06 0.10 0.25
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Table IV Covariance among the Research Variables for the TAM

PE1 PE2 PE3 PMV1 PMV2 PMV3 PMV4 PEOUL PEOU2  PEOU3 PU1 PU2 PU3 ATT1 ATT2 ATT3 BIl1 BI2 BI3
PE1 0.33
PE2 0.19 0.29
PE3 0.14 0.15 0.26
PMV1 0.06 0.06 0.06 0.30
PMV2 0.07 0.06 0.06 0.15 0.38
PMV3 0.05 0.06 0.06 0.16 0.15 0.30
PMV4 0.06 0.05 0.06 0.14 0.15 0.17 0.28
PEOU1 0.06 0.06 0.05 0.06 0.05 0.05 0.06 0.40
PEOU2 0.05 0.04 0.04 0.04 0.04 0.05 0.05 0.17 0:30
PEOU3 0.04 0.04 0.03 0.07 0.05 0.05 0.05 0.18 0.14 0.29
PU1 0.06 0.06 0.06 0.09 0.08 0.09 0.08 0.06 0.07 0.07 0.24
PU2 0.04 0.04 0.03 0.05 0.07 0.08 0.08 0.04 0.03 0.03 0.11 0.33
PU3 0.02 0.03 0.02 0.08 0.07 0.07 0.08 0.05 0.04 0.05 0.12 0.14 0.21
ATT1 0.09 0.09 0.07 0.06 0.07 0.07 0.07 0.09 0.08 0.07 0.08 0.12 0.09 0.30
ATT2 0.10 0.08 0.07 0.07 0.08 0.07 0.06 0.07 0.06 0.06 0.08 0.10 0.07 0.17 0.27
ATT3 0.05 0.04 0.04 0.07 0.08 0.07 0.06 0.04 0.04 0.03 0.08 0.12 0.09 0.12 0.12 0.25
BI1 0.06 0.06 0.04 0.08 0.08 0.08 0.09 0.06 0.04 0.06 0.08 0.09 0.07 0.10 0.09 0.10 0.26
BI2 0.05 0.06 0.03 0.07 0.08 0.08 0.08 0.05 0.05 0.04 0.07 0.09 0.08 0.12 0.12 0.10 0.12 0.24
BI3 0.06 0.07 0.06 0.07 0.07 0.07 0.07 0.06 0.04 0.06 0.05 0.07 0.06 0.09 0.08 0.06 0.11 0.12 0.25
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Table V  Fitindices for the Two Models

Fit indices Suggested value Source the extended the extended
TRA model TAM model

comparative fit index (CFI) CFl> .95 Bentler, 1995 0.98 0.99
goodness-of-fit (GFI) GFl>.9 Hu and Bentler, 1999 0.95 0.95
adjusted goodness-of-fit (AGFI) AGFI > .9 Hu and Bentler, 1999 0.93 0.93
normalized fit index (NFI) NFI > .9 Bentler and Bonnet, 1980 0.93 0.92
non-normalized fit index (NNFI) NNFI > .9 Bentler and Bonnet, 1980 0.98 0.99
Critical N (CN) CN > 200 Hu and Bentler, 1999 333.37 351.81
root mean square error of RMSEA < .05 Hu and Bentler, 1999 0.034 0.019
approximation (RMSEA) McDonald and Ho, 2002

5.1 Results of the Theory of Reasoned Action

The TRA results (depicted.in‘Fig. 4) show that all the paths reached
statistical significance, apart from the link between social influence and
behavioral intention. The results confirm the findings of the earlier work,
showing correlations between all but one of the key variables. The findings
supported hypotheses H1, H2, H3 and H4, but not H5. The t-value of a
parameter indicates the strength of the relationship the parameter represents.
The higher the t-value is, the stronger the relationship is. Only the link
between social influence and behavioral intention was not significant (t =
1.16), but social influences strongly impact attitude (t = 2.05), revealing that
social influences affected behavioral intention only indirectly. Therefore,

users did not react to behavior without considering their own thoughts and
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opinions. These results confirm those of previous studies that the effect of
attitudes on behavioral intention is stronger than that of social influences on
behavioral intention (Gentry and Calantone, 2002; Oliver and Bearden, 1985;
Ryan and Bonfield, 1980). The analytical results also show that the strength
of family members (t = 15.30), friends (t = 17.50) and experts (t = 14.30)
strongly affected M-learning users (Oliver and Bearden, 1985; Ryan, 1982;
Ryan and Bonfield, 1980). Social influences clearly play a crucial effect on

user behavior.

An individual faced with a new technology needs to consult other
people, and take recommendations from family members, friends and experts.
A person generally has a similar thinking-style:and language to his family
members and friends. A user whose family members and friends have the
positive opinion on M-learning is likely-to-follow the same step. Hence, the
views of one’s family members and friends become critical indices (Gentry
and Calantone, 2002; Oliver and Bearden, 1985; Ryan and Bonfield, 1980).
Family members and friends directly impact a user’s impression on
M-learning, and can cause users to change their opinions. Conversely,
consumers in modern times have too much information to absorb at once,
and therefore need some trustworthy judgment. Experts’ perspectives on
M-learning can strengthen users’ confidence in the service due to their strong
influence. Thus, experts play a significant role in the TRA model (Oliver and

Bearden, 1985; Ryan, 1982).
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Note:

The figure shown in the edge connecting any two nodes
represents the number of unit increase in the dependent
variable if the causing variable increases by one unit.

R? represents the proportion of the variance of the variable
that could be explained by its causing variables

* significant at a .05 level
il significant at a .01 level
*%k* 0 _significant at a .001 level

Fiaure 4 Path Coefficients of TRA Madel

biej= behavioral beliefs and outcome evaluations, nbjmcj= normative beliefs and motivation
to comply, SI= social influence, ATT=attitude, Bl="behavioral intention.

5.2 Results of the Technology Acceptance Model

All direct paths in TAM were significant (depicted in Fig. 5), so H6, H7,
H8, H9, H10, H11, H12 and H13 were all supported. The t-value of a
parameter indicates the strength of the relationship the parameter represents.
The higher the t-value is, the stronger the relationship is. Figure 5 indicates

that although PU (t = 6.98) and PEOU (t = 2.07) significantly affect attitude,
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the effect of PU is stronger than that of PEOU, which is in agreement with
previous findings (Gentry and Calantone, 2002; O’Cass and Fenech, 2003;
Stoel and Lee, 2003; van der Heijden, 2003; Yu et al., 2005). The results
indicate that users’ perception of usefulness is more important than their
perception of ease of use in influencing their attitude of using M-learning. In
addition, H9 was supported, showing that PEOU is likely to have a direct
effect on the PU of the construct, which again is consistent with previous
research (e.g., Brown and Licker, 2003; Davis et al., 1989; Gefen, 2003; Yu
et al., 2005). Therefore, the perceived ease of use of M-learning encourages

an individual to regard M-learning as a useful technology.

Furthermore, behavioral-intention.was primarily affected by usefulness
(t = 2.06) and attitude (t = 5.56), which-implies that both usefulness and
attitude are critical factors. The results-indicate that attitude is indeed a
mediator between beliefs and user‘intention (Gentry and Calantone, 2002;

van der Heijden, 2003; Yu et al., 2005).
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Note:
The figure shown in the edge connecting any two nodes
represents the number of unit increase in the dependent
variable if the causing variable increases by one unit.

R? represents the proportion of the variance of the variable
that could be explained by its causing variables

* significant at a .05 level
£* significant at a .01 level
*** & significant at a .001 level

Fiaure 5 Path Coefficients of TAM Model

The proposed framework includes the hypothesis that perceived
mobility value and perceived enjoyment are predictors of using M-learning.
As expected, the significant positive relationships among the constructs
confirm these hypotheses. The perceived mobility value significantly
increases an individual’s awareness of usefulness (t = 6.94). The more a user
appreciates the value of mobility, the more the user will perceive that
M-learning is useful. Hence, this study supports the contention that PMV
plays an important role in user perceptions of M-learning, which is consistent

with other works (Chen et al., 2003; Coursaris and Hassanein, 2002a, 2002b;
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Coursaris et al., 2003; Siau et al., 2001; Ting, 2005). The significant link
between perceived enjoyment and perceived ease of use (t = 3.92) implies
that a user who enjoys using M-learning will find it to be easy to use. This
result supports H7, and is consistent with those of previous studies. Moreover,
perceived enjoyment has a direct effect on attitude (t = 4.80), which supports
H8. Enjoyable experiences do result in positive attitudes. This result
underlies the importance of perceived enjoyment in influencing user
acceptance of a new technology (Davis et al., 1992; Igbaria et al., 1996; Teo

and Lim, 1997; Wanta and Gao, 1994; Wexler, 2001; Yu et al., 2005).

This study proposes two models to understand customers’ behavior of
M-learning, namely the theary of reasaned.action model and the technology
acceptance model. Both TRA‘and TAM provide @ very strong foundation for
studying user acceptance. Mast users-who-encounter the emerging
M-learning technology believe that‘it would enhance learning performance
and bring convenience. Unfortunately, however, the M-learning technology
has not been widely investigated from the customer’s point of view. This
investigation not only studied users’ perception of M-learning, but also
observed factors that affect users’ thoughts. Social influences and individual
differences were addressed from customer perspectives. The TRA model
considers social influences, while TAM considers individual factors. The
structures of the two models were consistent with prior research.
Furthermore, two new constructs, namely perceived mobility value and

perceived enjoyment, are the key determinants of behavioral intention. This
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study also examined the suitability of two social psychological theories for
predicting personal behavior in M-learning. Analytical results show that the
two proposed models successfully predicted user acceptance of M-learning.
That is, the user is affected by both social factors, as measured in TRA and
individual differences, as measured in TAM. The analytical results of TRA
demonstrate that family members, friends and experts significantly affect
user attitudes. The factors of individual differences in TAM effectively

explain user behavior.
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Chapter 6 Conclusions and Limitations

6.1 Conclusions

M-learning is increasingly being adopted by individual customers, and
it is believed that the enhanced communication ability and real-time data
availability increase efficiency and flexibility of learning life. Service
providers and researchers need to understand how customers perceive
M-learning, in order to attractiusers. By.€xplaining user intention, this study
not only presents user perspectivesof M-=learning, but also considers the
factors that attract users to the emerging technology. Therefore, the findings
of this study have several implications for M-learning providers and

researchers interested in M-learning.

First, the theory of reasoned action model needs to be run to determine
customers’ opinions of new technology. As researchers noted, the theory of
reasoned action model_is good at predicting user behavior. The theory of
reasoned action model enables researchers to measure the effect of social
influences. In the study, the theory of reasoned action model exhibited the
good fit of user perception of M-learning. Second, this study found that the

opinions of family members, friends and experts are key determinants of user
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perception of M-learning. The predictive power of the three added constructs
shows that the new social influences are imperative. These relevant people’
positive attitudes toward M-learning enhance user acceptance. The result
indicates that service providers would promote M-learning, and create
opportunities for customers to chat with these relevant persons, enabling
positive opinions of M-learning to spread rapidly by word of mouth. Further
research is needed to examine the role of additional influences within the
theoretical structure. Third, this study found that perceived usefulness (PU)
and perceived ease of use (PEOU) are key determinants of user perception of
M-learning. However, PU affects individual’s attitudes more than PEOU
does. Although customers need-a simple way to use M-learning, perceived
usefulness is critical. In addition to designing a straightforward way to utilize
the M-learning technology;-providersshould also endeavor to maximize the
usefulness of M-learning. Fourth this study has shown the importance of
perceived mobility value (PMV) to an individual’s acceptance of M-learning.
The most significant feature of mobile technology is mobility, which enables
customers to access learning information at anytime and anywhere. Mobility
allows M-learning to become an important channel for obtaining learning
material. Therefore, advantages of mobility are crucial to users. Fifth,
individuals who perceive the M-learning technology as being pleasant will
also find that using M-learning is simple to use, and they also have a positive
attitude toward M-learning. The fact that it is enjoyable is significant to
attract users. Sixth, in order to predict user acceptance of M-learning, this

study adds two external constructs, perceived enjoyment and perceived
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mobility value. The predictive power of these two added constructs shows

that the new variables are imperative.

6.2 Limitations

As other new technologies become available for digital libraries and
museums, TRA and TAM can be employed to predict and to explain the
acceptance of the new technologies. When applying TRA or TAM in another
context, the external variables for that context have to be found and
examined carefully to ensure thattTRA or TAM is a viable model for that
context. Furthermore, the subjects of-this study are students, who are
relatively homogeneous as:compared:with the general population. Population
in general may vary substantially. in terms of their acceptance of a new
technology. For example, the adolescents’ perception, interest and attitude
toward M-learning would be different from those of elderly. TRA or TAM
can be employed to compare the differences as well as the similarities of

accepting a technology among various groups of populations.
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