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Abstract Higher penetration of smartphones and 3G and 4G
mobile networks have led to the higher usage of smartphones
for mobile banking activities. This paper identifies key ante-
cedents influencing the mobile banking acceptance. The re-
search extends the original Technology AcceptanceModel, by
incorporating two cognitive antecedents, namely, autonomous
motivation and controlledmotivation, in addition to trust com-
ponents for understanding adoption. Data were collected from
225 mobile banking users and analyzed using an innovative
two-stage research methodology. In the first stage, structural
equation modeling was employed to test the research hypoth-
eses and identify significant antecedents influencing mobile
banking acceptance. In the second stage, the significant ante-
cedents obtained from the first stage were input to a neural
network model for ranking. The results showed that trust and
autonomous motivation are the two main predictors influenc-
ing mobile banking acceptance. Theoretical and practical im-
plications of findings are discussed.
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1 Introduction

With the advancement of Information and Communication
Technology and the emergence of 3G and 4G services by
telecom companies, mobile technology has become an

integral part of our day-to-day life. Mobile services have been
introduced in many different sectors including government,
banking, healthcare, and commerce (Kapoor et al. 2015;
O’Connor and O’Reilly 2016). Many services are now being
offered through mobile devices, which can be accessed in real
time, such as balance inquiries, fund transfers, bill payments,
etc. (Alalwan et al. 2017; Alalwan et al. 2016; Hanafizadeh
et al. 2014; Laukkanen and Kiviniemi 2010; Luarn and Lin
2005). Mobile banking is one of the key latest technological
innovations of mobile communication technology. Mobile
Banking (or M-Banking) refers to a service provided by banks
or other financial institutions that allow its customers to con-
duct a range of financial and non-financial transactions (as
summarized in Table 1). These transactions can be realized
remotely using a mobile device such as a mobile phone or
tablet on dedicated mobile applications (apps), provided by
the financial institutions (Shaikh and Karjaluoto 2015).

The number of mobile users is increasing significantly ev-
ery year around the globe and expected to reach 5.07 billion
by 2019 (www.statista.com). Mobile users are considering M-
Banking services as an additional value offered to them for
performing various banking activities in real-time in the high-
ly competitive world (Alalwan et al. 2017; Chong 2013;
Barati and Mohammadi 2009). Moreover, it provides a com-
mercial opportunity to the financial institutions as banking
users consider mobility as an important value proposition as-
sociated with mobile banking systems (Suoranta and Mattila
2004). M-Banking services contribute towards the creation of
time and place utilities by removing location and temporal
constraints, thus, enabling users to access their bank accounts
and conduct banking transactions anytime and anywhere
(Zhou 2011).

In this paper, the adoption of mobile banking is investigat-
ed in one of the important emerging economies in the Gulf
Cooperation Council, Oman. Oman is a developing and oil
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based economy among Gulf Cooperation Council (GCC)
countries with 3.63 million population. Despite the lower oil
price affecting the economy in all GCC countries, Omani
banking sector has achieved robust growth during 2015–
2016 (TOO 2016). The high levels of penetration of
smartphones present significant growth opportunities for in-
creasing M-Banking usage and motivating financial institu-
tions and telecommunication service providers by offering
new mobile applications to increase and satisfy their customer
base (Alalwan et al. 2017; Shaikh 2013; Shaikh and
Karjaluoto 2015). The mobile subscription has 151% of resi-
dents whereas, active mobile broadband subscription penetra-
tion has reached 79.8% of residents in the second quarter of
2016 (Telecommunication Regulatory Authority Report
2016). All major banks namely Bank Muscat, Bank Sohar,
National Bank of Oman and others offer mobile banking ser-
vices with various customer benefits.

Despite various benefits offered by the banking sector and
widespread adoption of mobile devices in the developing
countries, the adoption rate of M-Banking across the world
is still low (Alalwan et al. 2017; Alalwan et al. 2016; Akturan
and Tezcan 2012; Malaquias and Hwang 2016). For instance,
the share of mobile banking users among mobile devices
owners reported in the year 2016 was 51% in the United
States of America (www.statista.com) and the share is
expected to be much lower in the developing countries. Gulf
News (2015) reported that GCC banks lag in smartphone
banking and overall quality of experience of the digital cus-
tomer interaction. Therefore, it is important to identify and
predict key antecedents influencing behavioral intention to-
wards adopting M-Banking services. This research, there-
fore, attempts to bridge the gap in the existing literature
by analyzing the perceptions that users have toward this
technology in Oman and to present a strategic framework
for policy makers and practitioners to utilize the intrinsic
benefits offered by M-Banking.

This study departs from prior research in three ways: First,
it intends to explore the attributes that warrant the adoption of
mobile banking among users as well as to provide a practical
analysis, so that banks could articulate customer behavioral

intentions towards mobile banking adoption and formulate
necessary strategies. Second, this study proposes a new re-
search model which consists of two very well-known anteced-
ents of original TAM such as perceived usefulness and per-
ceived ease of use, and two new cognitive antecedents such as
autonomous motivation, and controlled motivation along with
trust. The integration of cognitive antecedents in the mobile
banking research domain is the originality of this research
model. Finally, this study intends to employ an innovative
research methodology in two stages. In the first stage, struc-
tural equation model (SEM) was employed to understand the
significant influence of antecedents on the M-Banking ser-
vices acceptance. The second stage employed neural network
model to identify the importance of the antecedents.
Therefore, this study develops a more comprehensive and
predictive model that can overcome the basic limitations of
the existing model and provide a predictive analysis on the
user perceptions of M-Banking adoption.

2 Literature review:

2.1 TAM and its extensions

Technology acceptance model (TAM), task-technology fit
(TTF), diffusion of innovation (DOI), theory of reasoned ac-
tions (TRA), and unified theory of acceptance and use of
technology (UTAUT) have been employed to analyze con-
sumer behavior and antecedents influencing their decision to
accept new information systems (Liébana-Cabanillas et al.
2017). Technology Acceptance Model (TAM) (Davis 1989;
Davis et al. 1989) derived from the Theory of Reasoned
Action (TRA) (Fishbein and Ajzen 1975) offers a powerful
explanation for user acceptance and usage behavior of infor-
mation technology. TAM is one of the most influential models
and widely used to study the determinants of IS/ITacceptance.
There has been much discussion about the incompleteness of
TAM (Chong et al. 2015). Given that the original TAM ex-
amines only the perceived ease of use and perceived useful-
ness, researchers and practitioners may find that studies based
on the model are not sufficient to provide enough guidance
(Chong 2013). Several researchers have suggested extending
TAM with additional constructs to gain the better understand-
ing of consumer behavior (Chong et al. 2012). Several studies
examined M-Banking factors by studying the antecedents of
customer satisfaction and behavioral intention to use M-
Banking. For example, Gu et al. (2009) adapted the technol-
ogy acceptance model (TAM) to study the determinants of the
customer intention to use M-Banking. By employing innova-
tion diffusion theory (IDT) and the decomposed theory of
planned behavior (DTPB), Brown et al. (2003) surveyed 162
respondents and discovered that perceived advantages, the
opportunity to try out cell phone banking, the number of

Table 1 Financial & non-financial services offered throughM-banking

Financial Services Non-Financial Services

Bill Payments Balance Enquiry

Peer-to-peer payments Mini-bank Statement

Fund Transfers PIN Change

Remittance Cheque book request

Shopping and donations Due alerts for payments

Mobile balance recharge Locate ATMs

Dish TV Recharge & Top-up Enquire Deposit Rates

M-Commerce Loan calculator
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banking services required by respondents and perceived risk
significantly influenced people to adopt mobile banking. Yu
and Fang (2009) identified six dimensions to measure post-
adoption customer perceptions of M-Banking services includ-
ing security service, interactivity, relative advantage, ease of
use, interface creativity, and customer service, which were
confirmed by exploratory and confirmatory factor analysis.
Luo et al. (2010) showed that both trust belief and risk signif-
icantly drive customer’s intention to adopt M-Banking.

Laukkanen and Kiviniemi (2010) tested the factors affect-
ing the adoption of M-Banking in their study. They intended
to find barriers of adoption of M-Banking. These factors in-
cluded use, value, risk, tradition and image. Zhou (2012) used
elaboration likelihood model (ELM) as the theoretical base to
examine the effect of central cues (information quality and
service quality) and peripheral cues (system quality, reputa-
tion, and structural assurance) on M-Banking user behavior.
Wessels and Drennan (2010) conducted a study to identify and
test the key factors stimulating and hindering the adoption of
M-Banking, as well as the effect of user’s attitude on the
intention to use. They found out that perceived usefulness,
perceived risk, cost, and compatibility have a significant effect
on the adoption of M-Banking. Sripalawat et al. (2011) inves-
tigated factors affectingM-Banking acceptance, both on adop-
tion side and barrier side, to explore the effects of those fac-
tors, to guide banks and financial firms to attract more cus-
tomers, and to compare the differences and similarities of M-
Banking key success factors from different countries
(Hanafizadeh et al. 2014). Akturan and Tezcan (2012) studied
M-Banking adoption tendencies among young people.
Combining TAM model and risks of M-Banking adoption,
they concluded that perceived use, social risk, performance
risk, and perceived advantages have a significant direct effect
on the attitude of individuals (Hanafizadeh et al. 2014).
Shaikh and Karjaluoto (2015) reported motivations, attitudes,
behavioral intention, social systems, and associations that in-
fluenced potential M-Banking users. Malaquias and Hwang
(2016) studied trust based factor in mobile banking. In the
literature review of several studies, Zhang et al. (2012) ex-
plored the ten key antecedents influencing the acceptance of
mobile commerce and reported that social influence and per-
ceived enjoyment are the most important.

2.2 Self-determination theory of motivation

Ryan and Deci (2000) defined the self-determination theory as
Bhumans have the basic propensities to be intrinsically moti-
vated, to assimilate their social and physical worlds, to inte-
grate external regulations into self-regulations, and, in so do-
ing, integrate themselves into a larger social whole^. The self-
determination theory proposes two types of motivations
namely, intrinsic and extrinsic. Extrinsic motivation can be
defined as a type of motivation developed on the basis of

external rewards or punishments and intrinsic motivation can
be defined as a type of motivation driven by interest and en-
joyment derived from participating in the activity (Nikou and
Economides 2017). The central idea of self-determination the-
ory revolves around the notion of autonomy (Zhou 2016).
Autonomy is defined as B the perceived origin or source of
one’s own behavior. It concerns acting from concerns and
integrated values^ (Deci and Ryan 2002). The autonomous
motivation can be defined as the human behavior motivated
by internally induced incentives (Zhou 2016). In the literature,
intrinsic motivation is also considered as autonomous motiva-
tion. The notion of autonomy is considered opposite of the
notion of control. The controlled motivation can be defined as
externally evoked incentives (Zhou 2016). In the literature,
many researchers have established that self-determination the-
ory determines individual behavior in various research do-
mains of information systems such as education (De
Naeghel et al. 2016), online learning (Hartnett 2015),
MOOCs (Zhou 2016), and mobile-based assessment (Nikou
and Economides 2017). In addition Lee et al. (2015) argued
that self-determination theory and technology acceptance
model are complementing one another.

2.3 Integration of technology acceptance model
and self-determination theory

The Technology Acceptance Model (Davis 1989) and SDT
model (Ryan and Deci 2000) approach user behaviors towards
the perception of new technologies in different ways. The
focus of each model is different and each by itself is not able
to provide a complete explanation of the user’s behavior. Both
models have their individual strengths and weaknesses. These
models have complemented various other models such as
UTAUT (Venkatesh et al. 2003), the D&M IS success model
(DeLone and McLean 2003), the Task-Technology Fit (TTF)
Model (Goodhue and Thompson 1995), integration of D&M
IS success model and TTF model (Tam and Oliveira 2016)
and others. The TAM and SDT model can complement each
other to provide a robust research model (Lee et al. 2015). The
combination of TAM and SDT models can overcome the
shortcomings of these individual approaches, and the integra-
tion can enable a better understanding of mobile banking
adoption. For example, TAM has less focus on the cognitive
aspect of user’s behavior compared to SDTmodel whereas the
latter is not focused on the functional aspects of the new tech-
nology. The convergent antecedents of TAM and SDT model
provide a better understanding of mobile banking adoption in
Omani context.

2.4 Neural network

Artificial neural networks (ANN) are sophisticated and robust
tools that can provide the higher order of accuracy than
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traditional statistical tools (Chong 2013, Sim et al. 2014).
Haykin (2001) defined ANN as BArtificial neural network or
neural network is a massively parallel distributed processor
made up of simple processing units, which have a natural
propensity for storing experimental knowledge and making
it available for use^. There are three layers in a neural network
model namely input layer, hidden layer, and the output layer.
Multilayer neural network models are considered very com-
plex and powerful models can solve a problem of higher order
of complexity. There are various types of ANN model avail-
able for different applications. The different types of ANN
models can be summarized into four groups namely feed-
forward neural networks, recurrent networks, radial basis
function networks, and multi-layer perceptron network (Sim
et al. 2014). Furthermore, Sim et al. (2014) have discussed the
advantages of multilayer perceptron network in detail. This
study employed the multilayer perceptron neural network
model.

3 Research model and development of hypotheses

Behavioral intention determines the behavior towards new
technology (Zhang et al. 2012) and is the key notion of the
well-known technology acceptance model (TAM). TAM is
one of many theoretical models used to explain users’ accep-
tance of a new information technology. The key antecedents
of TAM are perceived usefulness and perceived ease-of-use.
We have extended TAM by incorporating three constructs
namely autonomous motivation, controlled motivation, per-
ceived trust in addition to the key constructs of TAM, per-
ceived usefulness and perceived ease of use. This new hybrid
model (see Fig. 1) is proposed to study users’ intention to
adopt mobile banking in Oman, a developing country.

3.1 Perceived usefulness

Perceived usefulness (PU), is defined by Davis (1989) as Bthe
prospective user's subjective probability that using a specific
application system will increase in his or her job
performance^. PU, one of the key antecedents of TAM, is
consistently influencing the behavioral intention of users to-
wards new information systems. Information system re-
searchers (Venkatesh and Davis 2000; Chang and Tung
2008; Chong et al. 2015; Liébana-Cabanillas et al. 2017) have
recommended that perceived usefulness have a positive rela-
tionship with behavioral intention to use new systems. In com-
parison to the perceived ease of use, the other integral con-
structs of TAM, perceived usefulness generally have a stron-
ger impact on the acceptance of new technology (Davis 1989;
Adams et al. 1992). Perceived usefulness is the key and most
commonly used antecedents in the acceptance of any new

information systems including mobile banking. We propose
the following hypothesis:

H1. There is a positive and statistically significant rela-
tionship between perceived usefulness and behavioral in-
tention towards M-Banking acceptance.

3.1.1 Perceived ease of use

Perceived ease of use is defined as "the degree to which the
prospective users expect the target system to be free of effort^
(Davis 1989). Information systems researchers (Davis 1989;
Adams et al. 1992; Mallat et al. 2009; Kim et al. 2007; Chong
et al. 2015; Liébana-Cabanillas et al. 2014) have found that
perceived ease of use have a positive and significant relation-
ship with behavioral intention towards new information sys-
tems. Dai and Palvi (2009), in a cross-cultural study in the
USA and China, found that perceived ease of use was the
significant predictor of intention towards mobile commerce
among Chinese consumers whereas, not significant predictor
among USA consumers. Liébana-Cabanillas et al. (2014)
found that perceived ease of use is the key predictor of behav-
ioral intention towards mobile payments. Furthermore,
Liébana-Cabanillas et al. (2017) found that there is no signif-
icant relationship between perceived ease of use and behav-
ioral intention towards mobile commerce acceptance. As we
reviewed the past studies, we found contradictions in the re-
lationships between perceived ease of use and behavioral in-
tention towards new technology. Thus, we propose the follow-
ing hypothesis.

H2. There is a positive and statistically significant rela-
tionship between perceived ease of use and behavioral
intention towards M-Banking acceptance.

3.1.2 Autonomous motivation

Creating a need for the supportive environment will help to
achieve autonomous motivation (Vansteenkiste et al. 2007).

Perceived usefulness

Perceived Trust

Perceived ease of use

Controlled mo�va�on

Autonomous Mo�va�on

Behavioral Inten�on 

Fig. 1 Research Model
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Giving the customers the right to choose among services can
motivate them by making them feel that it is their choice and
they can decide what service they should use. Once the new
mobile banking (M-Banking) service is introduced to the cus-
tomers, they will have a tendency to become the early adopter
of the new service since they want to prove themselves that
they are the initiators of their own actions. Therefore commu-
nicating, publishing and promoting about mobile banking will
help to increase its acceptance through autonomous motiva-
tion. When something new comes up, people have an urge to
know or use what it is. This enthusiasm or curiosity is one
factor for autonomous motivation. Identify and focus on such
group of curious/ enthusiastic customers and let ideas and
information on mobile banking reach them. It is highly prob-
able that those focused groups get motivated to adopt new
technology themselves. Banks should be effective enough to
make customers know why they need mobile banking and
why should they use it. The benefits and advantages of M-
Banking should be conveyed well to the customers through
campaigns, exhibitions, presentations, customer meetings,
and email promotions. Previous literature shows that recrea-
tional benefits directly influence the customers’ attitude
(Bellenger and Korgaonkar 1980; Sinha 2003). And if they
feel that it can personally benefit them, they will decide to
choose it for their personal achievement. Experience is anoth-
er factor, which contributes towards autonomous motivation,
and providing a trial run for those who are interested can do
this. Making them feel good about the experience will make
them use the M-Banking service more. Hagger et al. (2002)
and Zhou (2016) argued that autonomous motivation plays a
significant role in the user’s behavioral intention. These argu-
ments motivate to propose the following hypothesis.

H3. There is a positive and statistically significant rela-
tionship between autonomous motivation and behavioral
intention towards M-Banking acceptance.

3.1.3 Controlled motivation

Controlled motivation relies on two approaches, creating pur-
chase pressure and creating fear of not using the technology
(Michou et al. 2014; Ryan and Deci 2000). Further, activities
of the importance of promoting M-Banking include the use of
marketing campaigns, commercial advertisements, and slo-
gans on the benefits of mobile banking. These marketing tools
seek to propagate that customers cannot do without mobile
banking and may even associate a feeling of Bshame^ or
Bbeing unfashionable^ with customers who do not use M-
Banking. Moreover, banks may also mandate the use of M-
Banking for some of the essential banking services for in-
creasing the usage ofM-Banking acceptance. Since customers
are forced to use the compulsory services in the absence of

other options, they have to adopt M-Banking services. Hagger
et al. (2002) and Zhou (2016) argued that controlled motiva-
tion, which is considered as opposite of autonomous motiva-
tion will have a significant impact on the behavioral intention
of users. Therefore, the following hypothesis is proposed.

H4. There is a negative and statistically significant rela-
tionship between controlled motivation and behavioral
intention towards M-Banking acceptance.

3.1.4 Perceived trust

Trust in the context of M-Banking can be defined as the per-
ception of users towards the usage, as it is safe and has no
privacy issues. M-Banking is relatively new information sys-
tem and therefore users have limited experience of using it.
Personal information is saved on mobile devices and hence
security concerns are high (Chong 2013). In a recent study
done by Yadav et al. 2016 and Liébana-Cabanillas et al.
(2017), it was found that trust plays an important role in the
acceptance of mobile commerce. Lin (2011) and Luarn and
Lin (2005) observed that the significance of security and pri-
vacy was higher than perceived ease of use and perceived
usefulness, the key antecedents of TAM. The impact of trust
is relatively high on the acceptance of M-Banking. Therefore,
we propose the following hypothesis.

H5. There is a positive and statistically significant rela-
tionship between perceived trust and behavioral intention
towards M-Banking acceptance.

4 Research methodology

The methodology adopted in this research is similar to the
previous studies (Shmueli and Koppius 2011; Chong 2013;
Liébana-Cabanillas et al. 2017) to validate the research model
and test the proposed research hypotheses. There are two
stages in the data analysis of this study. In the first stage,
structural equation model (SEM) was employed to understand
the significant influence of predictors on the M-Banking ac-
ceptance. The second stage employed neural network model
to identify the importance of the predictors.

4.1 Variable measurement

The proposed research model in this study includes five pre-
dictors and one outcome variable. There were twenty-one
statements used to measure predictor variables whereas three
statements were used to measure outcome variable. A Likert
scale ranging from 1 (strongly disagree) to 5 (strongly agree)
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was used to measure statements. Descriptive analytics of out-
come variable and predictors is summarized in appendix
Table 6 whereas item details can be seen in appendix Table 7.

4.2 Data collection

A closed-ended survey was developed to understand and pre-
dict the impact of motivational antecedents, addition to key
antecedents of TAM and perceived trust, on the intention to
adopt mobile banking in a developing country. The survey was
pre-tested with three university professors whose main re-
search area is information systems and 15 frequent mobile
banking users. The survey was revised on the basis of the
results of the pre-test. The final survey was developed with
the help of Google Docs, freely available tool for online sur-
veys. The survey questionnaire link was shared among all fac-
ulty and staff through email in the public university of Oman.

5 Results

5.1 Respondents’ profile and characteristics

Two hundred and twenty-five complete surveys were received
in total. There were 46.2% female and 53.8% male partici-
pants in the survey. The age distribution of participants was as
follows: 69.3% participants were below 35 years age and re-
maining participants belonged to more than 35 years age
group. The majority of respondents were graduates (52.9%),
followed by master’s degree (36.4%) and diploma (10.7%)
respectively. All respondents in this survey were M-Banking
users and their years of M-Banking experiences was as fol-
lows: 24.5% respondents were having less than one year,
57.8% between one and three years whereas 17.8% respon-
dents had more than three years of experience.

5.2 Results of measurement model

The research model was assessed using two stages. In the first
stage, a measurement model was assessed whereas in the sec-
ond stage research hypotheses were tested using structural
model. The confirmatory factor analysis was employed to as-
sess the composite reliability, convergent validity and discrim-
inant validity of all decision constructs (Chong 2013). The
Cronbach alpha was used to assess the reliability of all con-
structs. See the results summarized in Table 2 for reliability
and validity of constructs. The composite reliability of all con-
structs was higher than 0.70, ensures the reliability of all con-
structs as per the recommendations of Hair et al. (2010). Since
the values of composite reliability were greater than average
variance extracted, the convergent validity of constructs was
confirmed. Furthermore, the maximum shared values (MSV)
of constructs were lower than average variance extracted

(AVE), ensures the discriminant validity. Reliability for the
constructs can be computed using two measures, namely max-
imal reliability or MaxR(H) and Cronbach’s alpha. In this
study, reliability was measured using maximal reliability,
which is similar to Cronbach’s alpha (i.e., varies from 0 to 1)
but more suitable for latent variables (Drewes 2000). However,
both maximal reliability and Cronbach’s alpha are reported in
this study.Maximal reliability is Bthe squared correlation of the
underlying latent factor with a linear composite of its indicators
(Gagne and Hancock 2006). The minimum recommended val-
ue of maximum reliability is 0.70 for supporting the acceptable
reliability of constructs. MaxR(H) represents maximal reliabil-
ity of constructs which is considered the more robust measure
in comparison to composite reliability. In this study, we have
shown MaxR(H) in addition to the composite reliability of all
constructs. The MaxR(H) for all constructs is higher than the
threshold level of 0.70 (see Table 2)

The fitness of measurement model was assessed by a set of
fit indices such as (Chi-Square/df) = 1.323, GFI = 0.923,
AGFI = 0.893, TLI = 0.986, CFI = 0.989 and root mean
squared error of approximation (RMSEA) = 0.038.
Therefore, the measurement model is reasonably good fit.

5.3 Testing of hypotheses

The structural equation modeling (SEM) was employed to test
the research hypotheses proposed in this study. All 5-research
hypotheses were supported (see Table 3). The estimates and
beta values of the constructs represent the unstandardized and
standardized regression coefficients. The fundamental key an-
tecedents of TAM, perceived usefulness (Beta = 0.175, p-val-
ue <0.01) and perceived ease of use (Beta = .174, p-val-
ue = 0.01), have a positive and statistically significant rela-
tionship with the behavioral intention towards M-Banking
acceptance, supporting hypothesis H1 and H2. These results
imply that users are interested in the M-Banking services due
to its usefulness as well as its ease of use. Furthermore, two
key motivational constructs namely autonomous motivation
(Beta = 0.216, p-value <0.001) and controlled motivation
(Beta = −0.111, p-value < 0.01) have positive and negative
statistically significant relationship with the M-Banking ac-
ceptance respectively, supporting hypotheses H3 and H4.
The results show that motivation is essential to use M-
Banking services. Finally, trust (Beta = 0.382, p-value
<0.001) has a positive and statistically significant relationship
with M-Banking services, supporting hypothesis H5.

M-banking services are still in its initial stage in many
developing countries like Oman. The perceived trust plays a
key role in the acceptance of M-Banking services from the
user’s perspective. In addition, it was observed that the all five
predictors explain 65.4% of the variance in the behavioral
intention towards the acceptance of M-Banking services in a
developing country.
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5.4 Neural network results

This study developed neural network model in a commonly
used statistical software SPSS 21. The statistically significant
predictors were given as input to the neural network model.
The number of input layers in the neural network model was
five as covariates represented by significant predictors namely
perceived usefulness, perceived ease of use, autonomous mo-
tivation, controlled motivation, and trust (see Fig. 2). The
output layer of the network model was represented by the
dependent variable namely behavioral intention towards M-
Banking acceptance.

The multilayer perceptron training algorithm was
employed to train the neural network model. Over-fitting is
a major concern in the predictive modeling approach? In order
to overcome the over-fitting of the model, cross-validation is
considered a suitable approach (Chong 2013). The determina-
tion of exactly hidden nodes is considered one of the most
difficult challenges in the literature. Wang and Elhag (2007)
recommended a range of one to 10 hidden nodes in the neural
network model. The 80 % of data points were used to train the
neural network model and 20 % data points were used to test
the model. The main objective of testing the model is to assess
the accuracy of the model (Chong 2013; Sharma et al. 2016;
Chong et al. 2015; Liébana-Cabanillas et al. 2017). In the
neural network applications, it is recommended to use accu-
racy using the root mean squared error (RMSE). The RMSE
for both training and testing of the neural network model is
summarized in Table 4 along with the mean and standard
deviations. The average RMSE values (for training data points
was 0.117 and for testing data points was 0.139) were rela-
tively small with very small standard deviations justifying the
higher order of accuracy in the results predicted by the neural

network model (Yadav et al. 2016; Liébana-Cabanillas et al.
2017). The standard deviation for training and testing all hid-
den nodes was 0.012 and 0.011, supports the relatively lesser
error in the neural network model.

The sensitivity analysis of the performance computed using
the average importance of predictors in predicting outcome
variable (Chong 2013). The normalized importance of predic-
tors can be computed by dividing the importance of predictors
by the highest value of the predictor (Liébana-Cabanillas et al.
2017). The importance of the predictors is summarized in
Table 5. The results obtained from the neural network model
shows that trust is the key predictor of the M-Banking accep-
tance followed by perceived usefulness, autonomous motiva-
tion, perceived ease of use, and controlled motivation.

6 Discussion

The aforementioned analytical results show that the research
model examined in this study is acceptable. In this study, the
original technology acceptance model (TAM) was extended
by incorporating trust and two cognitive constructs namely
autonomous motivation and controlled motivation. The value
of the coefficient of determination (R2) accounted behavioral
intention was 65.4%, which is considered on the higher side of
the acceptance level. Furthermore, the value of R2 in this
study is relatively higher than the other mobile banking
studies. For example, Akturan and Tezcan (2012) con-
ducted a study on mobile banking acceptance and found
that the value of R2 was 52.9%.

The statistical results in the preceding section revealed that
trust is the most important construct with the beta value of
0.382 explaining the behavioral intention of users towards

Table 2 Convergent and
discriminant validity CR AVE MSV MaxR(H) CM Trust PU PEOU AM BI

CM 0.931 0.819 0.167 0.943 0.905

Trust 0.948 0.822 0.534 0.977 −0.409 0.907

PU 0.858 0.668 0.317 0.980 −0.259 0.509 0.817

PEOU 0.908 0.768 0.368 0.984 −0.275 0.577 0.461 0.876

AM 0.889 0.728 0.348 0.986 −0.176 0.533 0.394 0.475 0.853

BI 0.969 0.912 0.534 0.991 −0.398 0.731 0.563 0.607 0.590 0.955

Table 3 Structural model results
Paths Beta values Estimates S.E. C.R. p-value

BI < −-- Perceived Trust 0.382*** 0.431 0.074 5.823 ***

BI <−-- Perceived Usefulness 0.175** 0.256 0.084 3.040 0.002

BI <−-- Perceived Ease of Use 0.174** 0.187 0.063 2.958 0.003

BI <−-- Autonomous Motivation 0.216*** 0.323 0.085 3.802 ***

BI <−-- Controlled Motivation −0.111** −0.110 0.048 −2.294 0.022

*:p < 0.05; ***: p < 0.001; **: p < 0.01; BI: Behavioral Intention
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mobile banking in a developing country like Oman. It shows
that the higher level of trust influences the perception of users
towards a new technology. This may be possible due to sen-
sitive nature of financial transactions in mobile banking
(Alalwan et al. 2017; Riffai et al. 2012). Hanafizadeh et al.
(2014) recommended the use of experience marketing in this
context where users are encouraged to use and experience
services and decide whether they are good or bad. Trust has
been tested and validated in several studies pertaining to IS
adoption studies in the recent past, where authors (Alalwan
et al. 2017; Alalwan et al. 2016; Chong 2013; Akturan and
Tezcan 2012; Riffai et al. 2012) have extended well known IS
adoption models such as TAM and UTAUT.

With regards to the fundamental constructs of TAMnamely
perceived ease of use and perceived usefulness, it was
observed in the SEM results that perceived ease of use and
perceived usefulness influences significantly behavioral
intention of users towards mobile banking. The results imply
that mobile banking users in Oman are not only interested in
the usefulness of mobile banking services but also prefer the
ease in its operations. The most likely explanation of this
empirical evidence is the low maturity level of users towards
mobile banking in this developing country. Akturan and
Tezcan (2012) argued that the use of mobile banking helps
to accomplish various financial tasks very quickly and is over-
all advantageous. Therefore, users develop a positive behav-
ioral intention towards mobile banking services. They further
argued that the effortless M-Banking transactions play signif-
icant role in motivating users to use more mobile banking
services. It is also observed that mobile banking is useful for
both banks and users since M-Banking helps banks to reduce
the infrastructure cost while users get the round the clock

Fig. 2 Neural network model

Table 4 RMSE for
neural network model Hidden Nodes Training Testing

1 0.122 0.145

2 0.101 0.127

3 0.112 0.131

4 0.121 0.149

5 0.117 0.151

6 0.125 0.142

7 0.101 0.129

8 0.106 0.128

9 0.138 0.157

10 0.123 0.132

Mean 0.117 0.139

Standard deviation 0.012 0.011

Table 5 Predictor importance

Predictors Importance Normalized Importance

Perceived Trust .269 100.0%

Perceived Usefulness .219 81.2%

Autonomous Motivation .198 73.5%

Perceived Ease of Use .177 65.7%

Controlled Motivation .137 50.7%
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facility. The results obtained in this study are consistent with
many previous IS adoption studies (Davis 1989; Kim et al.
2007; Dai and Palvi 2009; Chang and Tung 2008; Chong
2013; Hanafizadeh et al. 2014; Chong et al. 2015; Liébana-
Cabanillas et al. 2017).

The statistical results also support the causal relationship
between the aforementioned cognitive constructs and behav-
ioral intention to useM-Banking in Oman. The regression beta
weight between autonomous motivation and behavioral inten-
tion was 0.216. This evidence implies that the M-Banking
users in Oman have the desire to explore new technology.
This enthusiasm or curiosity is one of the key factors for au-
tonomous motivation. It is recommended to banks to identify
groups of enthusiastic users and motivate them to use new
services offered through M-Banking. Such motivating users
may serve as the ambassadors of M-Banking facility to their
relatives, peers, and friends. Controlled motivation with the
beta value of −0.111, is another antecedent influencing the
behavioral intention towards M-Banking services in Oman.
Creating the feeling of backwardness among users may reduce
the negative influence of controlled motivation on behavioral
intention. On the other hand, a positive technique may involve
offering points and rewards to the mobile banking users to
increase the user base. For example, the earned/ accumulated
points or rewards should be able to generate free transactions
and other advantages. Further, the peer pressure and social
pressure can be used to motivate the customers to use M-
Banking services. Introducing some customized plans or of-
fers for college students and company employees will attract
people to use M-Banking. For example, first 50 transactions
throughmobile banking are free. This can motivate them to try
M-Banking and once they start using, it could motivate their
friends, relatives, and colleagues to use the service.

It is interesting to note the results obtained from the two ana-
lytical models in Section 4. On the basis of the beta values ob-
tained in structural models, the importance of antecedents can be
summarized as follows from higher to lower: perceived trust,
autonomous motivation, perceived usefulness, perceived ease
of use and controlled motivation in terms of absolute values.
The results obtained from neural network model were slightly
different and ranking of predictors was as follows from higher to
lower: perceived trust, perceived usefulness, autonomous moti-
vation, perceived ease of use and controlled motivation. The
main reason behind the change in the ranking of antecedents
can be the nature of the relationship among decision variables.
The neural network models detect linear as well as nonlinear
relationships among decision variableswhereas structuralmodels
detect linear relations only (Chong 2013; Sharma et al. 2016).

6.1 Theoretical implications

This study has mainly three theoretical implications. Firstly,
this study used perceived usefulness and perceived ease of

use, the key antecedents of TAM as potential predictors of
M-Banking acceptance. The results revealed that perceived
usefulness and perceived ease of use are the significant pre-
dictors of M-Banking acceptance. The results are consistent
with some information systems studies (Kim et al. 2007;
Chong 2013; Liébana-Cabanillas et al. 2014; Liébana-
Cabanillas et al. 2017). Secondly, this study extends the liter-
ature by extending TAM incorporating two cognitive con-
structs namely autonomous motivation and controlled moti-
vation in the context of M-Banking acceptance. Some re-
searchers (Bremer 2012; Zhou 2016) have explored the influ-
ence of cognitive constructs in the other domains of informa-
tion systems such as MOOCs. There is no evidence in the
extant literature where these cognitive constructs have been
studied in the context of M-Banking, mobile commerce, etc.
The results of this study reveal that autonomous motivation
and controlled motivation have a positive and significant im-
pact on the decision to use M-Banking services. Finally, inte-
gration of trust in the extended research model has added
knowledge in the existing literature. We have developed a
new research model with five predictors (perceived useful-
ness, perceived ease of use, controlled motivation, autono-
mous motivation, and trust), which have given a new dimen-
sion to the understanding of users’ decision to accept M-
Banking. This study fills the theoretical gap with this new
research model, validating and testing with the help of an
innovation methodology in two stages: structural equation
modeling and neural network model.

6.2 Practical implications

This study can provide useful insights to the decision makers
of telecommunication service providers, mobile banking app
developers, and M-Banking service providers to enhance and
maintain their customer base. The M-Banking services are in
its initial stage in Oman, it is, therefore, essential for govern-
ment and service providers to spread awareness about the
benefits offered by this relatively new technology. The M-
Banking technology has potential to change the way of life
of people. Users can do a lot more with the help of this tech-
nology in comparison to the traditional banking. For example,
users can get access to newly launched products without vis-
iting physical location of banks. This study found that per-
ceived usefulness of the M-Banking services influences the
decision to adopt this technology along with its ease of oper-
ations. The developers of M-Banking apps need to focus on
the development of the user-centric apps to create the percep-
tion of usefulness as well as ease in operations of users in their
view. It will have a positive impact on the increase of M-
Banking adoption rate.

With regard to increasing customer base, the autonomy of
users has the significant influence on the decision to adopt M-
Banking services from a developing country perspective. The
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developers of M-Banking apps are advised to develop apps
with the user-centric approach, which supports the users’ au-
tonomy (Guàrdia et al. 2013; Zhou 2016). With the help of
such approach, Government and services providers can better
understand the needs and motivations of M-Banking users. In
addition to the cognitive constructs, trust is the key construct
influencing the decision to accept M-Banking services. As
mobile banking is a relatively new information communica-
tion technology, trust among customers is increasing slowly.
To expedite the trust component among users, banking sys-
tems providing M-Banking services need to minimize the fear
of users by providing multi-level security features. Mobile
banking systems need to develop structural assurances to min-
imize the possible frauds and potential risks in the transactions
of M-Banking (Gu et al. 2009). M-Banking service providers
should develop different strategies for different demographics
to enhance users’ trust (Zhou 2012). For example, younger
generation prefers to have higher quality information and ser-
vices whereas older generation prefers to have structural as-
surances. The initial trust among users will increase the M-
Banking services adoption. The findings of this study will
help the decision makers in developing appropriate strategies
to attract a high number of users to justify the cost incurred in
the implementation ofM-Banking systems (Hanafizadeh et al.
2014). To further boost the trust level among users, it is sug-
gested to share about the data protection systems with users
(Yadav et al. 2016; Liébana-Cabanillas et al. 2017). There
should be a very well documented policy, known to users in
case of transaction failure. In such cases, if money deducted
from users’ account should be refunded within a very short
and fixed time period to motivate mobile banking users.

7 Limitations and future research

This study has a number of limitations that would pave way
for future research. First, this study was cross-sectional, future
research could be done to understand the behavioral intention
in the longitudinal settings. Second, this research was

conducted in one of the Gulf Cooperation Council (GCC)
countries. Therefore, it is recommended to conduct a compar-
ative study between one developing and one developed coun-
try. Third, the researchmodel in this study does not include the
moderating effect of any variable. It is recommended to study
the moderating effect of demographic variables as a future
study for better understanding of mobile banking behavioral
intention from a different segment of the population. Finally,
the variance explained in the behavioral intention towards M-
Banking by predictors was 65.4%, it suggests including addi-
tional variables such as mobility, involvement, and customi-
zation in the future research models.

8 Conclusion

Mobile banking is one of the latest innovative applications of
mobile technologies in the recent times. Owing to the lower
acceptance of mobile banking in Oman, this study realized the
importance of understanding and examining key antecedents
influencing mobile banking acceptance. Thus, a well-known
technology acceptance model (TAM) developed by Davis
(1989), was selected as the theoretical base to develop re-
search model in this study. This study presented and tested a
new research model with five potential independent variables
namely perceived usefulness, perceived ease of use, autono-
mous motivation, controlled motivation, and trust to under-
stand the users’ behavioral intention towards the acceptance of
mobile banking from a developing country perspective. In
addition, this study explored the impact of these potential
independent variables on the growth of the M-Banking indus-
try in Oman, one of the prominent countries in the Middle-
Eastern region. A two stage innovative methodology was
employed, which is one of the many unique features of this
study. In the first stage, structural equation modeling was
employed to test the research hypotheses and in the second
stage, neural network modeling was employed to rank the
predictors influencing the behavioral intention of users to-
wards M-Banking acceptance.

Appendix 1

Table 6 Descriptive statistics, Cronbach alpha, factor loading, and communalities

Indicators Mean Std. Deviation Skew-ness Kurtosis Communalities Factor loadings Cronbach Alpha

TR1 4.18 1.191 −1.558 1.512 .831 .852 .948
TR2 4.40 1.221 −2.030 2.739 .898 .842

TR3 4.32 1.219 −1.820 2.144 .915 .864

TR4 4.06 1.207 −1.311 .813 .828 .809

PEOU1 3.55 1.129 −.370 −.856 .809 .856 .906

824 Inf Syst Front (2019) 21:815–827



Appendix 2

References

Adams, D. A., Nelson, R. R., Todd, P., &A. (1992). Perceived usefulness,
ease of use and usage of information technology: A replication.MIS
Quarterly, 16(2), 227–247.

Akturan, U., & Tezcan, N. (2012). Mobile banking adoption of the youth
market. Marketing Intelligence & Planning, 30(4), 444–459.

Alalwan, A. A., Dwivedi, Y. K., Rana, N. P., & Simintiras, A. C. (2016).
Jordanian consumers' adoption of telebanking: Influence of perceived
usefulness, trust, and self-efficacy. International Journal of Bank
Marketing, 34(5), 690–709.

Alalwan, A. A., Dwivedi, Y. K., & Rana, N. P. (2017). Factors influencing
adoption of mobile banking by Jordanian bank customers: Extending
UTAUT2 with trust. International Journal of Information Management,
37(3), 99–110.

Table 6 (continued)

Indicators Mean Std. Deviation Skew-ness Kurtosis Communalities Factor loadings Cronbach Alpha

PEOU2 3.75 1.131 −.702 −.359 .881 .863

PEOU3 3.69 1.221 −.642 −.583 .854 .842

PU1 3.43 1.029 −.508 −.316 .780 .817 .857
PU2 3.39 .971 −.546 .082 .795 .862

PU3 3.44 .990 −.457 −.224 .780 .836

AM1 3.51 1.044 −.433 −.415 .823 .857 .885
AM2 3.59 .974 −.553 −.195 .863 .859

AM3 3.44 1.030 −.295 −.434 .774 .844

CM1 2.42 1.115 .948 .261 .845 .898 .929
CM2 2.32 1.196 1.011 .183 .910 .918

CM3 2.44 1.305 .785 −.505 .893 .933

BI1 3.87 1.242 −.996 .018 .939 .969 .969
BI2 3.82 1.270 −.997 −.017 .951 .975

BI3 3.82 1.260 −.949 −.098 .935 .967

Table 7 Survey items

Constructs No Items References

Perceived Trust TR1 I trust in M-Banking. Alalwan et al. (2017); Liébana-Cabanillas et al. (2017),
Lin (2011)TR2 I think M-Banking is trustworthy.

TR3 M-Banking transactions are safe.

TR4 M-Banking transactions are reliable.

Perceived Ease of use PEOU1 It is easy to use M-Banking. Wang et al. (2009); Davis (1989)
PEOU2 Learning to use M-Banking is easy.

PEOU3 M-Banking is understandable and clear.

Perceived Usefulness PU1 M-Banking improves my work performance. Liébana-Cabanillas et al. (2017); Davis (1989)
PU2 M-Banking improves my productivity.

PU3 Overall, M-Banking is useful.

Autonomous Motivation AM1 I enjoy M-Banking usage. Zhou (2016)
AM2 M-Banking is a pleasurable activity.

AM3 M-Banking is beneficial to me.

Controlled Motivation CM1 I use M-Banking because others are using. Zhou (2016)
CM2 I feel pressure to use M-Banking from my family.

CM3 Not using M-Banking makes me uncomfortable.

Behavioral Intention BI1 I plan to use M-Banking in the future. Liébana-Cabanillas et al. (2017)
BI2 I intend to continue to use M-Banking.

BI3 I will use M-Banking for banking activities.

825Inf Syst Front (2019) 21:815–827



Barati, S., & Mohammadi, S. (2009). An efficient model to improve
customer acceptance of mobile Banking. Proceedings of the world
congress on engineering and computer Science, vol II WCECS,
October 20–22, 2009, San Francisco.

Bellenger, D. N., & Korgaonkar, P. (1980). Profiling the recreational
shopper. Journal of Retailing, 56(3), 77–82.

Bremer, C. (2012). New format for online courses: The open course
future of learning. Proceedings of eLearning Baltics eLBa, 2012,
63–90.

Brown, I., Cajee, Z., Davies, D., & Stroebel, S. (2003). Cell phone bank-
ing: Predictors of adoption in South Africa-an exploratory study.
International Journal of Information Management, 23(5), 381–394.

Chang, S. C., & Tung, F. C. (2008). An empirical investigation of stu-
dents' behavioural intentions to use the online learning course
websites. British Journal of Educational Technology, 39(1), 71–83.

Chong, L.-Y. A. (2013). A two staged SEM-neural network approach for
understanding and predicting the determinants of m-commerce
adoption. Expert Systems with Applications, 40, 1240–1247.

Chong, A. Y. L., Chan, F. T., & Ooi, K. B. (2012). Predicting consumer
decisions to adopt mobile commerce: Cross country empirical ex-
amination between China and Malaysia. Decision Support Systems,
53(1), 34–43.

Chong, A. Y. L., Liu, M. J., Luo, J., & Keng-Boon, O. (2015). Predicting
RFID adoption in healthcare supply chain from the perspectives of
users. International Journal of Production Economics, 159, 66–75.

Dai, H., & Palvi, P. C. (2009). Mobile commerce adoption in China and
the United States: A cross-cultural study. ACM SIGMIS Database,
40(4), 43–61.

Davis, F. D. (1989). Perceived usefulness, perceived ease of use, and user
acceptance of information technology. MIS Quarterly, 13(3), 319–
340.

Davis, F. D., Bagozzi, R. P., &Warshaw, P. R. (1989). User acceptance of
computer technology: A comparison of two theoretical models.
Management Science, 35, 982–1003.

De Naeghel, J., Van Keer, H., Vansteenkiste, M., Haerens, L., &
Aelterman, N. (2016). Promoting elementary school students' auton-
omous reading motivation: Effects of a teacher professional devel-
opment workshop. The Journal of Educational Research, 109(3),
232–252.

Deci, E. L., & Ryan, R. M. (2002). Handbook of self-determination
research. University Rochester Press.

Delone,W. H., &McLean, E. R. (2003). The DeLone andMcLean model
of information systems success: A ten-year update. Journal of
Management Information Systems, 19(4), 9–30.

Drewes, D. W. (2000). Beyond the spearman-Brown: A structural ap-
proach tomaximal reliability. Psychological Methods, 5, 214–227.

Fishbein, M., & Ajzen, I. (1975). Belief, Attitude, Intention and
Behavior: An introduction to Theory and Research. Addison-
Wesley, Reading.

Gagne, P., & Hancock, G. R. (2006). Measurement model quality, sample
size, and solution propriety in confirmatory factor models.
Multivariate Behavioral Research, 41(1), 65–83.

Goodhue, D. L., & Thompson, R. L. (1995). Task-technology fit and
individual performance. MIS Quarterly., 19, 213–236.

Gu, J. C., Lee, S. C., & Suh, Y. H. (2009). Determinants of behavioral
intention to mobile banking. Expert Systems with Applications,
36(9), 11605–11616.

Guàrdia, L., Maina, M., & Sangrà, A. (2013). MOOC design principles:
A pedagogical approach from the learner’s perspective. eLearning
Papers, 33,1–6.

Gulf News (2015). GCC Banks lag in Smart-Phone Banking and Digital
Customer Experience. http://gulfnews.com/business/sectors/
banking/gcc-banks-lag-in-smartphone-banking-and-digital-
customer-experience-1.1620262. Accessed 15 Nov 2015.

Hagger, M. S., Chatzisarantis, N. L., & Biddle, S. J. (2002). A meta-
analytic review of the theories of reasoned action and planned

behavior in physical activity: Predictive validity and the contribution
of additional variables. Journal of Sport & Exercise Psychology,
24(1), 3–32.

Hair, J. F., Anderson, R. E., Babin, B. J., & Black, W. C. (2010).
Multivariate data analysis: A global perspective (Vol. 7). Upper
Saddle River: Pearson.

Hanafizadeh, P., Behboudi, M., Koshksaray, A. A., & Tabar, S. J. M.
(2014). Mobile banking adoption by Iranian bank clients.
Telematics & Informatics, 31, 62–78.

Hartnett, M. K. (2015). Influences that undermine learners’ perceptions of
autonomy, competence and relatedness in an online context.
Australasian Journal of Educational Technology, 31(1), 86–99.

Haykin, S. S. (2001). Neural networks: A comprehensive foundation.
Beijing: Tsinghua University Press.

Kapoor, K. K., Dwivedi, Y. K., &Williams, M. D. (2015). Examining the
role of three sets of innovation attributes for determining adoption of
the interbank mobile payment service. Information Systems
Frontiers, 17(5), 1039–1056.

Kim, H. W., Chan, H. C., & Gupta, S. (2007). Value-based adoption of
mobile internet: An empirical investigation. Decision Support
Systems, 43(1), 111–126.

Laukkanen, T., & Kiviniemi, V. (2010). The role of information in mobile
banking resistance. International Journal of Bank Marketing, 28(5),
372–388.

Lee, Y., Lee, J., & Hwang, Y. (2015). Relating motivation to information
and communication technology acceptance: Self-determination the-
ory perspective. Computers in Human Behavior, 51, 418–428.

Liébana-Cabanillas, F., Sánchez-Fernández, J., & Muñoz-Leiva, F.
(2014). The moderating effect of experience in the adoption of mo-
bile payment tools in virtual social networks: The m-payment ac-
ceptance model in virtual social networks (MPAM-VSN).
International Journal of Information Management, 34(2), 151–166.

Liébana-Cabanillas, F., Marinković, V., & Kalinić, Z. (2017). A SEM-
neural network approach for predicting antecedents of m-commerce
acceptance. International Journal of Information Management,
37(2), 14–24.

Lin, F. H. (2011). An empirical investigation of mobile banking adoption:
The effect of innovation attributes and knowledge based trust.
International Journal of Information Management, 31, 252–260.

Luarn, P., & Lin, H. H. (2005). Toward an understanding of the behav-
ioral intention to use mobile banking. Computers in Human
Behavior, 21(6), 873–891.

Luo, X., Li, H., Zhang, J., & Shim, J. P. (2010). Examining multi-
dimensional trust and multi-faceted risk in initial acceptance of
emerging technologies: An empirical study of mobile banking ser-
vices. Decision Support Systems, 49(2), 222–234.

Malaquias, F. R., & Hwang, Y. (2016). An empirical study on trust in
mobile banking: A developing country perspective. Computers in
Human Behavior, 54, 453–461.

Mallat, N., Rossi, M., Tuunainen, V. K., & Öörni, A. (2009). The impact
of use context on mobile services acceptance: The case of mobile
ticketing. Information Management, 46(3), 190–195.

Michou, A., Matsagouras, E., & Lens, W. (2014). Dispositional achieve-
ment motives matter for autonomous versus controlled motivation
and behavioral or affective educational outcomes. Personality and
Individual Differences, 69, 205–211.

Nikou, S. A., & Economides, A. A. (2017). Mobile-based assessment:
Integrating acceptance and motivational factors into a combined
model of self-determination theory and technology acceptance.
Computers in Human Behavior, 68, 83–95.

O’Connor, Y., & O’Reilly, P. (2016). Examining the infusion of mobile
technology by healthcare practitioners in a hospital setting.
Information Systems Frontiers, 1–21.

Riffai, M. M. M. A., Grant, K., & Edgar, D. (2012). Big TAM in Oman:
Exploring the promise of on-line banking, its adoption by customers

826 Inf Syst Front (2019) 21:815–827

http://gulfnews.com/business/sectors/banking/gcc-banks-lag-in-smartphone-banking-and-digital-customer-experience-1.1620262
http://gulfnews.com/business/sectors/banking/gcc-banks-lag-in-smartphone-banking-and-digital-customer-experience-1.1620262
http://gulfnews.com/business/sectors/banking/gcc-banks-lag-in-smartphone-banking-and-digital-customer-experience-1.1620262


and the challenges of banking in Oman. International Journal of
Information Management, 32(3), 239–250.

Ryan, R. M., & Deci, E. L. (2000). Intrinsic and extrinsic motivations:
Classic definitions and new directions. Contemporary educational
psychology, 25(1), 54–67.

Ryan, R. M., & Deci, E. L. (2000). Self-determination theory and the
facilitation of intrinsic motivation, social development, and well-
being. American Psychologist, 55(1), 68.

Shaikh, A. A. (2013). Mobile banking adoption issues in Pakistan and
challenges ahead. Journal Institute Bankers Pakistan, 80(3), 12–15.

Shaikh, A. A., & Karjaluoto, H. (2015). Mobile Banking adoption: A
literature review. Telematics and Informatics, 32, 129–142.

Sharma, S. K., Joshi, A., & Sharma, H. (2016). A multi-analytical ap-
proach to predict the Facebook usage in higher education.
Computers in Human Behavior, 55, 340–353.

Shmueli, G., &Koppius, O. R. (2011). Predictive analytics in information
systems research. MIS Quarterly, 35, 553–572.

Sim, J. J., Tan, G. W. H., Wong, J. C., Ooi, K. B., & Hew, T. S. (2014).
Understanding and predicting the motivators of mobile music ac-
ceptance–a multi-stage MRA-artificial neural network approach.
Telematics and Informatics, 31(4), 569–584.

Sinha, P. K. (2003). Shopping orientation in the evolving India market.
The Journal of Decision Makers, 28(2), 13–22.

Sripalawat, J., Thongmak, M., & Ngramyarn, A. (2011). M-banking in
metropolitan Bangkok and a comparison with other countries.
Journal of Computer Information System, 51(3), 67–76.

Suoranta, M., & Mattila, M. (2004). Mobile banking and consumer be-
havior: New insights into the diffusion pattern. Journal of Financial
Services Marketing, 8(4), 354–366.

Tam, C., & Oliveira, T. (2016). Understanding the impact of m-banking
on individual performance: DeLone & McLean and TTF perspec-
tive. Computers in Human Behavior, 61, 233–244.

Telecommunication Regulatory Authority Report (2016). https://www.
tra.gov.om/pdf/q2-2016.pdf. Accessed on 03 Nov 2016.

TOO (2016). http://timesofoman.com/article/84406/Business/Oman's-
banking-sector-achieves-robust-growth-despite-oil-price-slump.
Accessed 03 Nov 2016.

Vansteenkiste, M., Neyrinck, B., Niemiec, C. P., Soenens, B., Witte, H.,
& Broeck, A. (2007). On the relations among work value orienta-
tions, psychological need satisfaction and job outcomes: A self-
determination theory approach. Journal of Occupational and
Organizational Psychology, 80(2), 251–277.

Venkatesh, V., & Davis, F. D. (2000). A theoretical extension of the
technology acceptance model: Four longitudinal field studies.
Management Science, 46(2), 186–204.

Venkatesh, V., Morris, M. G., Davis, G. B., & Davis, F. D. (2003). User
acceptance of information technology: Toward a unified view. MIS
Quarterly, 27, 425–478.

Wang, Y. M., & Elhag, T. M. (2007). A comparison of neural network,
evidential reasoning and multiple regression analysis in modelling
bridge risks. Expert Systems with Applications, 32(2), 336–348.

Wang, Y. S., Wu, M. C., & Wang, H. Y. (2009). Investigating the deter-
minants and age and gender differences in the acceptance of mobile
learning. British journal of educational technology, 40(1), 92–118.

Wessels, L., & Drennan, J. (2010). An investigation of consumer accep-
tance of M- banking. International Journal of Bank Marketing,
28(7), 547–568.

Yadav, R., Sharma, S. K., & Tarhini, A. (2016). A multi-analytical ap-
proach to understand and predict the mobile commerce adoption.
Journal of Enterprise Information Management, 29(2), 222–237.

Yu, T. K., & Fang, K. (2009). Measuring the post-adoption customer
perception of mobile banking services. Cyberpsychology &
Behavior, 12(1), 33–35.

Zhang, L., Zhu, J., & Liu, Q. (2012). A meta-analysis of mobile com-
merce adoption and the moderating effect of culture. Computers in
Human Behavior, 28(5), 1902–1911.

Zhou, T. (2011). An empirical examination of initial trust in mobile bank-
ing. Internet Research, 21(5), 527–540.

Zhou, T. (2012). Understanding users’ initial trust in mobile banking: An
elaboration likelihood perspective. Computers in Human Behavior,
28, 1518–1525.

Zhou, M. (2016). Chinese university students' acceptance of
MOOCs: A self-determination perspective. Computers &
Education, 92, 194–203.

Dr. Sujeet Kumar Sharma holds Ph.D. in Statistics along with three
masters’ degrees in Mathematics, Statistics and Computer Science from
premier universities in India. Dr. Sharma has 17 years experience in
teaching and research environment in three different countries namely
Oman, Bahrain and India. His teaching interests include the areas of
Business Statistics, Structural Equation Modeling, Computer Software
for Business Statistics (SPSS), Business Analytics, Multivariate Data
Analysis, Data Mining in Business Decisions, and Big Data. He has
published a number of articles in the international refereed journals in-
cluding Computers in Human Behavior (Elsevier), Measurement
(Elsevier), Management Research Review (Emerald), Interactive
Learning Environment (Taylor & Francis), INFO (Emerald), Journal of
Information Enterprise Management (Emerald), TGPPP (Emerald),
Education, Business and Society (Emerald), European Journal of Sports
Sciences (Taylor & Francis), Journal of Modeling in Management
(Emerald), Journal of Indian Business Research (Emerald), International
Journal of Performance Analysis in Sport (Cardiff University, U.K),
Journal of Reliability and Statistical Studies, Lecture Notes on
Computer Science: World Congress of Engineering and Computer
Science (USA) and others. In addition to articles in journals, Dr.
Sharma has presented 17 conference articles in many countries including
USA, Italy, Malaysia, and India.

827Inf Syst Front (2019) 21:815–827

https://www.tra.gov.om/pdf/q2-2016.pdf
https://www.tra.gov.om/pdf/q2-2016.pdf
http://timesofoman.com/article/84406/Business/Oman's-banking-sector-achieves-robust-growth-despite-oil-price-slump
http://timesofoman.com/article/84406/Business/Oman's-banking-sector-achieves-robust-growth-despite-oil-price-slump

	Integrating cognitive antecedents into TAM to explain mobile banking behavioral intention: A SEM-neural network modeling
	Abstract
	Introduction
	Literature review:
	TAM and its extensions
	Self-determination theory of motivation
	Integration of technology acceptance model and self-determination theory
	Neural network

	Research model and development of hypotheses
	Perceived usefulness
	Perceived ease of use
	Autonomous motivation
	Controlled motivation
	Perceived trust


	Research methodology
	Variable measurement
	Data collection

	Results
	Respondents’ profile and characteristics
	Results of measurement model
	Testing of hypotheses
	Neural network results

	Discussion
	Theoretical implications
	Practical implications

	Limitations and future research
	Conclusion
	Appendix 1
	Appendix 2
	References


