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Abstract: The rapid development of smart technologies and data analytics empowers most indus-
tries to evolve their systems and introduce innovative applications. Consequently, smart metering
technology, an internet of things-based application service, is diffusing rapidly in the energy sector.
Regardless of its associated benefits, smart meters continue to struggle from consumers’ acceptance.
To promote smart meters’ successful deployment, research is needed to better understand consumers’
acceptance of smart metering. Motivated by these concerns, a smart meter acceptance model is
developed to evaluate the moderation role of experience and personal innovativeness factors among
residential consumers. A cross-sectional research design was used in this study. Data were collected
using a self-administrated questionnaire from 318 smart meters consumers who have had experi-
ence in using it. Hypothetical relationships were assessed and validated using partial least squares
structural equation modelling. The empirical findings exert the moderating role of experience and
personal innovativeness of smart meter acceptance that achieved an acceptable fit with the data, and
specifically, five out of nine hypotheses were supported.

Keywords: smart meter; internet of things; personal innovativeness; users experience; technology ac-
ceptance

1. Introduction

Smart metering technology has been used for the development of smart grids [1],
in which power grid components are connected through communication networks (e.g.,
internet or sensor networks). Smart metering is one of the key elements of the smart grid,
which can provide a solution for climate change and energy efficiency. Therefore, it was pre-
sented to the consumers as an alternative to the conventional electricity meters. Traditional
electricity meters must be read by the metering worker from utility companies, while smart
metering uses the Internet of things (IoT) technology which enables consumers to remotely
monitor, track, control and automate the energy consumption more accurately [2–5].

Apart from just recording and tracking energy consumption, smart metering systems
also have enormous advantages, including easy processing of bills, automated reading
and data processing, energy loss detection, early warning for blackouts, rapid detection
of energy supply interruption, potential real-time pricing schemes, energy-saving de-
mand/response, and efficient use of generated energy [6]. Therefore, the adoption of this
technology is rapidly gaining momentum, and businesses are facing various technological,
social, and competitive pressures to transform and adapt. As this technology progresses
and the number of adoptions increases, the smart metering technology acceptance becomes
subject of great interest.

Due to the high cost and technological investments involved in smart metering tech-
nology, companies have to understand the challenges of its implementation to ensure that
their resources are spent wisely. However, these companies may face negative responses
due to the fact that while many innovations are beneficial to society, new risks may also
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be introduced [7]. As a result of these trends, public controversy and concerns are also
influenced [8]. For instance, a consumer backlash against the acceptance of smart metering
due to breach of privacy, health risks regarding frequency radiation and higher cost might
be occurring [9]. One of the key problems that energy service providers may face and
suffer from, is the low consumer acceptance, as the smart meter was reported to be one
of the IoT applications that has received low acceptability from different industries in
several countries in Europe and the United States [10–12]. Likewise, TNB, Malaysia’s
largest electric utility firm, announced a low smart meter application use rate in their smart
billing project, with statistics from device logs indicating that only 10% of users actively
and regularly use the service [13,14]. The low usage rate of the application is indicative of
the low acceptance level of using smart meter systems. A limited number of studies have
determined that consumers have misperceptions about smart meters, which contributed to
their low level of acceptance [9,15].

Energy efficiency and savings are among the priorities of smart meters, and these ob-
jectives are unlikely to be reached unless the problem of customer acceptance is addressed.
The success of smart meter systems’ implementation is attributed to consumer acceptance
that leads to actual utilisation of the system. All of the possible advantages of smart meters
will only be realised if customers are able to embrace and use them. As a result, before
smart meters are widely spread and installed in homes, it is critical to resolve customer
concerns that may limit their adoption and usage of the technology. This could save utility
providers money by avoiding the expensive effects of customer rejection and backlash after
implementation, which could hinder the adoption of this new technology.

In previous work, we have evaluated the direct impact of several factors on the be-
havioral intention to use the smart metering system. These factors include eco-effective
feedback, privacy concerns, and technology awareness, which were assessed in [16]. Fur-
thermore, environmental awareness and electricity saving knowledge factors were investi-
gated in [17]. The current study aims to investigate the moderation role of experience and
personal innovativeness on the acceptance of smart metering technology by evaluating
smart meters users who have had experience in using it. Many studies have found that
previous experience with a particular technology is a key factor in evaluating technology
acceptance [18,19]. This demonstrates that user’s acceptance of technology is affected by
user’s experience with it. Therefore, familiarity with the intended or related technology will
predict technology acceptance, whereby a user’s experience will determine if the technol-
ogy is useful and simple to use. On the other hand, users with low personal innovativeness,
knowledge, and involvement with the new technology do not pay attention to the effect of
the new technology in achieving a task. The work of [20] found that individuals who are
more innovative are likely to adopt innovation more readily than others. This confirms the
fact that an innovative individual is more capable of cultivating positive attitudes towards
the perceptions of using the innovation compared to a less innovative individual. The
findings of this extended model will result in a greater understanding of the acceptance
of smart meters from the perspective of the users. In addition, the results of this study
emphasize the experience and personal innovativeness related to the use of smart meters.

The remaining of this paper is organized as the following. Section 2 explains the
theoretical concept and choices behind this study, followed by Section 3, which reviews the
related work, and Section 4 evaluates the research models and hypothesis. The research
methodology is assessed in Section 5. The findings of the analysis are summarized in
Section 6, followed by Section 7, where the results of the analysis are discussed. The
implication of the findings is summarized in Section 8, and Section 9 concludes the article.
Here, the study’s shortcomings are discussed, and future directions for work are proposed.

2. Theoretical Background and Concept

The main focus of this study is on users’ acceptance of smart metering technology.
Hence, we found that the constructs of UTAUT2 are more appropriate because they are
more closely related to consumer use, while other models, such as TAM, TAM2, and UTAUT,
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were not considered because they were primarily developed to demonstrate technology
acceptance in an organisational context. However, the proposed technology acceptance
model of smart meter is more personalized and focuses on the available services made by
the smart meter system. This section introduces the UTAUT2 model and highlights its role
in investigating users’ acceptance of similar technology.

2.1. The Extended Unified Theory of Acceptance and Use of Technology (UTAUT2)

The current literature suggests that there is a controversy surrounding the applicability
of technology acceptance model (TAM) and UTAUT within the customer context [21],
which contributes to its the growth. The UTAUT2 was introduced by Venkatesh et al. [18]
in response to the ongoing upgrades regarding the initial model, and with the aim of
catering new constructs that provide a better explanation of the latest emerging technology
adoption within the context of consumer. Centered on the outcomes of a Hong Kong
study, the original UTAUT model was modified by Venkatesh et al. [18], and three new
constructs were used to propose the UTAUT2. These constructs are habit, price and hedonic
motivation. UTAUT2 clarified 74% of the variance in the behavioral intent of customers to
use a technology and 52% of the variance in the use of consumer technology [22,23].

Due to its parsimonious structure and higher explanatory power (R2), UTAUT2 was
commonly used in different studies that were related to technology acceptance and use
(see Table 1). These studies involve applications, replications and extensions of the whole
model or part of the model that help to expand the understanding of technology adoption.
The findings are shown in Table 1 which demonstrates all the studies have explanatory
power (R2) greater than 50%, suggesting that the proposed factors of UTAUT2 match the
model in multiple contexts.

Table 1. Applications of UTAUT2 in different sectors.

Author(s) Field of Study Respondents Modification of
Constructs R2

Arenas et al. [24] Internet banking Elderly None 62.3%
Alalwan et al. [25] Mobile banking Bank Customers Trust 65%
Alalwan et al. [26] Internet banking Bank Customers Perceived risk 64%

El-Masri & Tarhini [27] E-learning
systems

University
Students Trust 68%

Herrero & Martín [28] Social network
sites

Tourism
industry

Substitute price
value with privacy
concern

77%

Oliveira et al. [29] Mobile payment
Mobile
customers in
Portugal

Perceived security
and intention to
recommend.

61.3%

Gupta et al. [30] Travel apps Tourist - 58.1%

Chopdar et al. [31] Mobile shopping Consumers in
USA and India

Perceived Risk was
added 64%

Tohir [32] Smart meters
acceptance

Consumers in
Indonesia

Perceived Security
and Risk 63%

2.2. Critiques of Technology Acceptance Models

The technology acceptance models include TAM, TAM2, and UTAUT, each model has
its own limitations. For example, TAM has been tested in numerous empirical work such
as [18,33,34], it was criticized for not providing an adequate information on user’s opinion
regarding specific technologies and thus, requires further investigations. Another two
major limitations were found in TAM related studies, including (i) the explanatory power
of TAM (at an average of 40%) and (ii) the mixed relationship results between constructs,
with only few studies showing significant relationships, while others were insignificant.
For instance, inconsistent findings were reported in the work of [21,35] regarding the PEOU
influence towards attitude, behavioural intention and actual use of technology. Hence,
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more models were then proposed with extensions, including human and social variables
(e.g., TAM2 and UTAUT).

Regarding UTAUT, in spite of having high explanatory power as mentioned earlier, a
few limitations still exist. For instance, Bagozzi [36] stated that UTAUT has not explored
direct effects that could expose new relationships. In another research, it was criticised
that the high coefficient of determination value of UTAUT was obtained only when the
moderating key variables are present [37]. However, Dwivedi et al. [38] suggested that the
proposed moderators in UTAUT should be reconsidered. They clarify the reasons behind
not utilizing all the moderators by prior studies as there may not be any variation in the
moderator for the adoption and use context. For example, the adoption of a particular
technology may have been required by the organization in which all the individuals should
use it. In this case, the voluntariness moderator may not be applicable. Another critical
element missing from the UTAUT model is the individual behaviour engagement [38].
For instance, the personal characteristics that express the tendency of the individuals
may be influential in showing their behaviours. The literature outlines a few personal
characteristics involving computer self-efficacy, attitude, and personal innovativeness
(e.g., [39,40]). UTAUT2 on the other hand is different from UTAUT, because it is developed
to adapt to the context of customer use, while UTAUT is based on the organizational
context. UTAUT2 has been widely accepted and used in other contexts, such as the context
of consumer technologies which involve a high cost of implementation in view of the large
number of technology devices, applications, and services that targeting consumers [18].
In addition, the constructs which were provided by UTAUT2 are more appropriate for
consumer technology acceptance. For example, the theoretical constructs that were found
to be significant for consumer decision-making in the use of technology include hedonic
motivation, cost (i.e., price), and habit, which were not provided by TAM nor UTAUT.

Considering the above, UTAUT2 was selected as the theoretical base for this study,
where the moderating role of personal innovativeness and experience factors and their
influence on consumers’ acceptance toward smart metering technology are investigated. It
is worth mentioning that the UTAUT2 requires further modifications in order to suit the
smart metering context as shown in our proposed model (see Figure 1).
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3. Related Works

The determinants of smart metering technology were thoroughly examined in recent
years. However, on the basis of reviewing the related literature, it was noticed that only a
limited understanding exists on the factors that influence the acceptance of smart meters.
In an online survey-based research, Kranz et al. [41] applied TAM and included additional
variable, such as subjective control (which refers to the ability to control a technology), in
addition to perceived usefulness and perceived ease of use. This work found that perceived
usefulness, perceived ease of use, and subjective control had a significant influence on
attitude toward the use of technology. In another study, 1365 households were polled
about the smart gas meter deployment [42]. The aim of the study is linking end-user
characteristics (age, education, social class, and employment status) to their views on
saving resources, improving home behaviour, and lowering carbon emissions. When this
research was conducted, it discovered a statistically significant correlation between certain
attributes of end-users and using the smart meter. The data indicate that the households’s
employment status, age, and social class have statistical significance on the end-users’
variance, particularly when it comes to lowering their bill and changing their behaviour
around the house.

The authors of [43] investigated the determinants of consumers’ intention to continue
using smart metering technology through TAM as well. They conducted a survey to
212 smart meter customers in Southern Germany and found that perceived usefulness,
perceived ease of use, and subjective control, and attitude toward use had a significant
influence on intention to use the smart metering. Furthermore, the authors of [44] took
a quantitative approach and performed several experiments to determine the motives,
processes and outcomes of the development of smart grid in the South Korean context
and also to identify the relationships between macroeconomic policy and the government
role. The study showed that smart grid systems are being adopted by participants as a
solution to climate change and energy problems. They preferred renewable energy and
energy saving to address these concerns. In the same line of work, behavioural decision-
making experiments to assess the perceptions of consumers in Korea was conducted by
Krishnamurti et al. [9], who found that participants preferred the smart meters. However,
the participants expected instant savings to be achieved. Some threats were also viewed
by them, including less control over their use of electricity, privacy breaches, and higher
costs. Regarding the aforementioned theories and models used in smart meters, TAM
was frequently cited by several authors (e.g., [45,46]). Meanwhile, other scholars such as
Tohir [32] used UTAUT2 to explore smart meters acceptance in Indonesia. The authors
have not examined the experience and habit factors, as their primary concern was about
the behavioural intention towards the use of smart meters rather than its actual use.

The literature review indicates that there are several opportunities for improvement
in various domains. Many studies on smart meters have investigated the acceptance of
individuals, yet there are limited studies that examine the exogenous factors that determine
its acceptance. Table 2 illustrates and summarizes additional studies regarding the smart
meter acceptance, the extracted data from these studies are based on their targeted case,
observed behaviour, models used and main findings. Firstly, the targeted case represents
the type of participants involved in these studies. Most of the participants were electricity
consumers who were users of smart meters. However, no study has examined the users of
smart meters. Secondly, the observed behaviour describes the outcome variables. Several
behaviours were observed, such as intention, support, acceptance, attitude, and adoption.
Furthermore, the intention to use was the dominant variable among these studies. However,
no study has examined the actual use of the smart meter system. Considering the most
important factors shaping smart meter acceptance, privacy, ease of use and usefulness are
frequently investigated. Other significant factors that influence the behavioural intention
to use smart meters, such as attitude, satisfaction, behavioural control, personal norm,
energy price, health, affordability, social influence, and environmental concern, did not
receive much attention. It was noticed that a few studies did not apply any theoretical base
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related to technology acceptance rather than just general concepts. for example, Karlin [47]
reviewed reports gathered from 20 utilities in USA that were either undergoing deployment
of smart meters or in the planning phase. It was concluded that effective feedback is very
important for the consumer to react and use of smart meters.

The results in [48] showed, on the other hand, a lack of understanding of energy
efficiency solutions and potential for more visual, mobile, engaging, and target-driven
energy data interfaces.

Addition, the findings showed the importance of technology awareness for consumers
to get engage with smart meters. In the same line of study, Vassileva and Campillo [49]
showed essential role of feedback in accepting the smart meter.

Table 2. Related studies on smart meter acceptance.

Study Targeted Case Observed
Behaviour Model Method Location Findings Limitations

[50]
Householders
who have not
installed smart
meters

Smart meter
support and
adoption
intention

TAM, SETA
Online-
based
survey

USA

Privacy, usefulness,
and problem
perception affect
support.
Privacy, usefulness,
and problem
perception affect
intention.
Problem perception
affects Usefulness.

The participants were
volunteers. As a
predictor of the outcome
variables, only electricity
curtailment behaviors
were used. The effect of
certain primary TAM
variables has not been
investigated.

[46]
Customers
with smart
meter
awareness

Intention to
use TAM

Online-
based
survey

Germany

Perceived ease of use,
perceived usefulness,
and subjective control
affect attitude.
Attitude affects
intention to use.

Potential antecedents
(e.g., social influence,
self-efficacy) of the
outstanding values
integrated in the
proposed model that
could provide more
insights were not
included.

[51] Online users Likelihood
of adoption

General
Concepts

Online-
based
survey

USA

Global warming,
privacy, security,
health, and
affordability affect the
likelihood of adoption

The effect of some
primary variables in
adoption and acceptance
models, such as ease of
use and usefulness, was
not investigated.

[52]
Electricity
consumers in
five EU
countries

Penetration
rate

General
Concepts

Comparative
case study

Sweden,
Finland,
Denmark,
Germany,
Netherlands

Countries with a
policy composition
that introduces
various hurdles to
smart meters tend to
be pioneers, while
laggards frequently
ignore or refuse to
adopt policies.

Most of the countries
studied were all relatively
small markets with active
smart meter policies &
penetration, so it is not
possible to generalize
them.

[53] Electricity
consumers Acceptance TAM, NAM

Online-
based
survey

Danish,
Norwegian,
Swiss

Perceived ease of use
and perceived
usefulness affect
attitude and personal
norm. Attitude and
personal norm affect
acceptance.

The social norm was not
investigated as a main
variable in the TAM. Only
the variables used in the
model were examined,
and all external factors
were omitted.

[54]
Customers
who had not
used smart
home services

Behavioural
intentions TPB

Online-
based
survey

Korea

Mobility,
security/privacy risk,
& trust in service
provider are affecting
the adoption of smart
home services.

The individual variations
of the survey participants
in this sample were not
investigated.

[47] Secondary data Public
acceptance DPT Review USA

The study is more on
deployment strategies,
but it highlighted the
importance of
technology awareness
and effective feedback
on accepting the smart
meter.

The findings do not
provide sufficient
information about factors
influencing the public to
accept the smart meter.
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Table 2. Cont.

Study Targeted Case Observed
Behaviour Model Method Location Findings Limitations

[55]

Residential
customers of
power
suppliers

Willingness
to pay

General
Concepts

Online-
based
survey

Germany

Expected savings,
intention to change
usage behaviours,
usefulness of
consumption
feedback, trust in
data protection,
environmental
awareness affect
willingness to pay.

Instead of capturing
individual payment
behaviors that are
strongly and positively
linked, the study relies on
specified maximum
levels for different SM
price components.

[45] Residents Intention to
adopt PMT

A
paper-based
survey

Taiwan

Perceived severity,
perceived,
vulnerability,
response cost,
response efficacy,
self-efficacy,
secondary data
influence, social
influence affects the
intention to adopt.

Did not examined use
behaviour.

[56] Expected users
of smart meter

Acceptance
&
Behavioural
Intention

General
Concepts Mail survey USA

Climate change risk
& familiarity of smart
meters have
strongest effect on
acceptance, Age &
income have
strongest effect on
engagement.

Did include
technical-based factors
such as usefulness, ease
of use, and feedback.

[57]
Residents with
smart meter
awareness

Behavioural
Intention

General
Concepts

Online-
based
survey

Jordan

Residents’ intentions
to use smart meters
are influenced by
perceived control,
perceived enjoyment,
sustainability & trust.

Did not include sufficient
variables which can
reflect user’s perception
from technology context.

[58] Householders
& SMEs Perception General

Concepts Focus group UK

The opportunities
and threats of smart
metering initiatives
from the consumers
perspective.

As the methodology was
a focus group, the
findings obtained could
only reflect the groups
which were sampled.

[59] Electricity
consumers

Intention to
use TAM, PRT Interview Korea

Perceived usefulness,
perceived ease of use
& perceived risk are
significant factors.

The impact of some main
variables in TAM, e.g.,
social norm, was not
investigated.

Current
study

Electricity
consumers/
Households
with smart
meters
installed

Intention to
use & actual
use behavior

UTAUT2

Paper &
Online-
based
survey

Malaysia

Confirmed users
experience of smart
meter is moderating
the relations between
IVs & DVs in
UTAUT2 model.
Personal
Innovativeness only
moderate
relationship between
privacy concerns &
behavioural
intention.

Did not evaluate other
moderators such as age,
gender, and income.

Sustainable Energy Technology Acceptance (SETA), Norm Activation Model (NAM), Theory of Planned Behavior (TPB), Dual Process
Theory (DPT), Perceived Risk Theory (PRT), Protection Motivation Theory (PMT), Independent Variables (IVs), Dependent Variables (DVs).

4. Research Model and Hypothesizes

In a prior discussion, a well-known technology acceptance theory, i.e., UTAUT2, was
introduced as a theoretical base for the smart meter technology acceptance model. The
semantic of the model was also discussed previously in light of the smart meter system
in the energy context. The smart meter is an example of the energy sector’s IoT-based
device, which is still being installed on a small scale. The device was subjected to an in-
depth study of elicit variables that could have a negative effect on the acceptance of smart
meter by consumers. In our previous work [16,17], in order to examine its shortcomings
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and benefits, an in-depth study of the smart meter system was carried out. The process
resulted in a number of constraints (challenges) and advantages (benefits) that influenced
the acceptance and usage of this technology by consumers. The set of identified challenges
and benefits of smart meter system were translated into acceptance factors. These factors
were used to extend the UTAUT2 model to fit the smart meter acceptance model and
achieve a comprehensive view of the individuals regarding the IoT-based smart meter.
The composition of the identified challenges and benefit factors and UTAUT2 factors are
adopted in this study.

The current study investigates the moderating role of personal innovativeness and
user experience toward smart meter acceptance model. This study can help to understand
if these two moderators are suited for this technology acceptance within the energy domain.
This will also assist in discovering the consumer’s opinion and behaviour on the system
itself and explore the impact of these moderators on the acceptance factors of smart
metering. This section presents the moderating variables and provide a discussion in
terms of their content. The justification of the model is done based on the viewpoint of its
enhancement from the base model, namely UTAUT2 [18], and its adaptation to suit the
smart meter (see the work of [16,17]). However, this work does not include all moderators
involved in UTAUT2, as it only uses the experience moderator from UTAUT2 and the
personal innovativeness as an external moderator.

4.1. Experience

Many studies found that the use of experience in investigating a specific technology
serve as an important factor to determine its acceptance. This indicates that technological
acceptance is influenced by experiences. In other words, experience will say whether any
technology is useful and easy to use. Hence, experience of expected or related technologies
will lead to the estimation of their acceptance. Other research has shown that greater
technology usage contributes to greater familiarity and that “people with more computer
experience tend to have fewer negative feelings towards the technology” [60]. Venkatesh
et al. [21] confirmed that new technology experience has affected the intensity of the effects
of effort expectancy, social influence and the facilitating conditions of the intention to use
new technology [21]. The ease of use becomes less important in predicting the user’s
behavioral intentions after many years of technology experience. This led to the first
hypothesis of this study:

H1. The user’s experience of using the smart meter negatively moderates the influence of effort
expectancy on behavioural intention to use the smart meter.

A meta-analysis study confirmed that users with low experience of using the technol-
ogy need conditions that are more favourable than users with higher experience levels. [61].
However, in the work of [18] the moderating role of experience on the influence of facili-
tating conditions on behavioral intention was not found to be significant., the facilitating
conditions is the degree to which a user believes that the technical infrastructure exists to
support the use of smart meter. Nevertheless, in this study, since the smart meters were
mounted and used for two years, the experience will be evaluated at once. Hence, it is
anticipated that the influence of the experience moderator on the whole research model
will be significant, especially on the effect of facilitating conditions on behaviour intention.
This led to the second hypothesis of this study:

H2. The user’s experience of using the smart meter positively moderates the influence of facilitating
conditions on behavioural intention to use the smart meter.

Venkatesh et al. [21] reported that users with good experience of using the technology
are less impacted by the social influence. Instead of social influence, users with a greater
degree of experience are practically driven. [18]. Hence, the effect of social influence on
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behavior intention will decrease if the experience increases. Thus, the proposed third
hypothesis of this study is as follows:

H3. The user’s experience of using the smart meter negatively moderates the impact of social
influence on behavioural intention to use the smart meter.

It was noticed that experience strengthens the habit. Limayem et al. [62] stated that
due to the repeated behaviour, the relationship between experience and habit is shaped
and improved [63]. The work of [64] has also reported the greater impact of habit on
behavioural intention and actual use of smart metering with customers who have more
experience. Hence, the experience moderator is hypothesized as follows:

H4. The user’s experience of using the smart meter positively moderates the impact of habit on
behavioural intention to use the smart meter.

With more experience, behavioral intention to use a particular technology would be
decreased. Jasperson et al. [65] pointed out that having extensive experience in the use
of technology would contribute to automatic routine behaviour. As experience increases,
the effect of habit on the use of technology can decrease. [18]. Therefore, the experience
moderator is hypothesized as follows:

H5. The user’s experience of using the smart meter negatively moderates the impact of habit on
smart meter use behaviour.

Experience develops sense of knowledge and risk awareness. Several studies have
shown that more experienced consumers have greater confidence in online technology,
as they know the anticipated risks involved in such technology [66,67]. Consequently,
a consumer with a high degree of smart meter device experience would have a greater
effect of privacy concerns on behavioral intention. Thus, the experience moderator is
hypothesized as follows:

H6. The user’s experience of using the smart meter positively moderates the influence of privacy
concerns on behavioural intention to use the smart meter.

4.2. Personal Innovativeness

Many researchers have concluded that personal innovativeness can influence concep-
tion through the use of new technology [68]. The work of [69,70] suggested that in the IT
sense, personal innovativeness may play the role of a moderating variable on the factors
which form the perception to adopt a specific technology, and they concluded that there
is a need for further studies to examine the personal innovativeness as a moderator with
different samples and IT innovations. Xu and Gupta [20] found that people who are more
innovative are likely to accept technology more quickly than others. This reinforces the
fact that an innovative person is more capable of cultivating optimistic attitudes relative
to others towards the expectations of using innovation. Thus, the effect of performance
expectancy on behavioural intention is more visible among innovative individuals. Sim-
ilarly, effort expectancy has greater effects on behavioural intention to use smart meter
among innovative individuals compared to less innovative individuals. This has led us to
the following hypotheses:

H7. The user’s personal innovativeness positively moderates the influence of performance expectancy
on behavioural intention to use smart meter.

H8. The user’s personal innovativeness positively moderates the influence of effort expectancy on
behavioural intention to use smart meter.
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A number of studies have shown that risk and uncertainty are related to any inno-
vation [69,71]. For example, Xu and Gupta [20] believed that “personal innovativeness
characterizes the risk-taking tendency of some individuals and not others”. However, we
believe, there are some risks when using smart meters, in particular with regard to user’s
personal data, which may be made available without permission to other parties. There is
a greater likelihood that more knowledgeable users are more likely to face higher privacy
threats in a way that will impact the perception of the service provider. Therefore, the
impact of privacy on the behavioral intention of using the smart meter system tends to be
more apparent to innovative people relative to less innovative people. Thus, the personal
innovativeness moderator is hypothesized as follows:

H9. The user’s personal innovativeness positively moderates the influence of privacy concern on
behavioural intention to use smart meter.

The current research model for investigating the moderating role of experience and
personal innovativeness of smart meter acceptance (see Figure 2) is developed by incorpo-
rating the constructs from UTAUT2 and the constructs originating from our previous work,
which examined the benefit factors [17], and explored the challenge factors related to smart
meters acceptance [16].
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5. Method and Materials
5.1. Development of Measures

In the proposed research model, the initial items for the scales were adopted from the
literature and modified to suit the smart meter system context.

Hence, before the development of theinstrument’s measurements for the research
model, a review of literature was carried out to gather an extensive list of measures to
include in the form of scales that were generated and validated previously. Measures were
adapted from UTAUT2.

5.2. Survey Design

Most of the items, used a ten-point Likert scale ranging from (1) “strongly disagree”
to (10) “strongly agree,” to assess the independent variables (IV) and behavioral intention.
Related scales of the five-point and seven point Lickert were used in IS research primarily
in the adoption and acceptance of IS/IT. In the work of [72], the 10-point Likert scale has
been found to be more preferable than others because both measurement and structural
models can expect more success in evaluating the validity of the construct.

In addition, a 10-point Likert provides better opportunity to detect changes, and
provides more variance than a smaller Likert scale [73]. The questionnaire included closed
questions only. Each construct was enclosed with its definition to guarantee that the
participants interpret the questionnaire items correctly (see Appendix A).

Four academic experts and one expert from the industry were involved to verify if
the items represent the variables correctly and their degree of redundancy. The experts’
validations results stated that all the items had a congruency percentage (ACP) for the
constructs higher than 90%, hence the acceptability standard was achieved.

To ensure that the instruments reached most of targeted participants this research
tended to give choices to answer in two languages (English and local language). An
academic translator translated the instrument from English to the local language to ensure
the accuracy of the translations. A pilot analysis was performed in the last stage of the
instrument development process to test the validity of measurement items in the survey.

In the survey instrument, the reliabilities scales were examined. A sample of 40 electricity
consumers from Malaysia was surveyed in this pilot study, with the help of Tenaga Nasional
Berhad (TNB). Using the internal consistency test Cronbach’s alpha (CA), the reliability of
the measured items used in the survey was tested and composite reliability (CR), which
show an excellent value that indicates an acceptable level and ideal internal quality of
the model.

5.3. Sampling

In this study, each individual who uses the smart meter system is a part of the
population. Thus, the individual customer or user who was currently using the smart
meter system was selected. The management of smart meter project had the lists and
other related information about customers. TNB launched the smart metering project to
handle implementation program of smart meter systems. The management of smart meter
project had the lists and other related information about customers. According to the users’
data provided by TNB, there were 698 users registered in the smart meter systems. The
provided list consisted of 954 consumers. However, upon checking the list, 256 records
were removed due to the duplication of records. This appeared because some consumers
had more than one unit registered under their same name.

In deciding on the minimum sample size required to fit this research, a few issues
were discussed and set as conditions to define the sample size. First, this research used
the structural equation modelling (SEM) technique to analyze the data, which requires
careful attention to the sample size [74]. Several researchers argued that in studies where
SEM was used, the average sample size should be around 200 cases [75], which reflects the
approximate median sample size in published studies up to 2006 [76].
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Secondly, on the basis of population size, Saunders et al. [77] further noted that the
study requires 217 research participants as the minimum sample size obtained from the
population of 698 in order to achieve a 5% error margin and a 95% degree of certainty.
Finally, based on the findings above and comparing to the previous studies related to
technology acceptance, it was concluded that the sample size required to fit this study
should be greater than 220 cases.

5.4. Data Collection

The TNB Smart Meter Project provided information that only contained the con-
sumer name and email. Addresses and contact numbers were not provided. Hence,
postal and telephone surveys were not suitable in this particular case–only personal ad-
ministered questionnaire, and electronic questionnaires survey were possible given the
information provided.

The Smart Meter Project set out several initiatives in various states to promote the
smart metering awareness among the consumers and these initiatives called for personally
administered questionnaire with participants.

The questionnaire administration was started through an email survey on October
2017 and was completed by March 2018. This was conducted during the TNB Smart
Meter Project’s public events in two states. Upon questionnaire distribution, some of the
participants filled them in and submitted them, while others dropped their emails for later
contact. To ensure that the smart meters existed in their houses, prior to the responding to
the questionnaires, the participants were first checked. From the 898 questionnaires dis-
tributed, 698 were through email among registered consumers and 200 through personally
administered distribution. A further 85 questionnaires remained undelivered owing to
wrong email addresses or invalid email accounts. Email responses returned 179 after the
follow-ups, with the rate of response increasing after every follow-up. With regards to the
personal-administered survey, 159 responses were received.

The total retrieved questionnaires were 338 with 20 returned blank or had missing
information, making the answer rate 318 (usable questionnaires). The collected data yield a
rate of response of 39.1%. According to Cornford & Smithson [78], in IS studies, a response
rate of 20% or greater is acceptable.

6. Results
6.1. Descriptive Analysis of the Sample

A descriptive analysis to explain the demographic characteristics of the respondents
was conducted on the basis of the final results. Data such as gender, age, education, location
and experience with smart metering technology were collected.

As shown in Figure 2 (the gender), 109 of the participants were females (34.3%) while
209 were males (65.7%). Furthermore, Figure 2 (the age group) shows that most of the
respondents (39%) were in the age group between 45 and 54, followed by the group of
35 and 44 (36.5%) and group “25–34” is (17%). The rest of the participants were above
55 and above (7.5%).

As shown in Figure 2 (education), the majority of the respondents (61%) had a bache-
lor’s degree, followed by a master’s degree (18.6%) and diploma (13.2%). The remainders
were the respondents with PhD (3.1%) and high school (4.1%). Based on Figure 2 (location),
most of the respondents were from Malacca (64.5%) while only 28.3% were from Putrajaya.
The rest were from various locations.

Finally, Figure 3 shows the period of experience of using applications, with the mean
of experience in using applications is 4.7 years (SD = 1.43 years). This shows that almost all
the participants have been experiencing the use of smart metering technology.
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6.2. Assessment of the Research Model

For data analysis, the PLS-SEM method was used, as this research is an extension
of an established theory [79]. Chin [80] indicates that less constraints on measurement
scales, sample size, data distribution, and normality are the benefits of PLS. Accordingly,
the sample size and the response rate have to be sufficient. The response rate gained in this
study iwas 39.1% that is more than the minimum response rate (20%) established by [81].
This study had a good sample size of respondents, higher than the minimum sample size
required for PLS. It was explained that 217 is the number of participants needed for the
proposed model by heuristics [77]. In relation to this, the responses obtained were 318,
which is obviously higher than 217.

6.2.1. Assessment of the Measurement Model

Hulland [82] stated that the measurement model adequacy could be specified
by obtaining item reliability, internal consistency reliability, convergent validity, and
discriminant validity.

Item Reliability

According to [80], the threshold value for individual item loadings should be above 0.7
to determine item reliability. In this study, all the items (46 items) exceeded the threshold
value indicating that the survey instrument was adequate for measuring each construct
individually. Therefore, all 46 items were kept for further analysis. Their item loadings, as
presented in Figure 4, ranged from 0.865 to 1 and all indicated statistical significance.

Internal Consistency Reliability

The internal consistency reliability was examined by determining the composite
reliability (CR) values. In this study, the CR values were all above 0.9 (over the mini-
mum 0.80) (See Table 3), which indicated that the constructs measures had high internal
consistency reliability.

Convergent Validity

The three conditions laid down by Fornell & Larcker [83] concerning the measures,
convergent validity was used. First, the item factor loadings have to be over 0.70 (item
reliability) and second, each construct should have composite reliability (CR) value of over
0.80 (internal consistency reliability). Lastly, the construct’s average variance extracted
(AVE) should be more than 0.50. Previous sections confirmed that the entire items factor
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loadings exceeded 0.70 and the entire composite reliability values exceeded 0.80. With
regards to AVE values, they ranged from 0.83 (over 0.50) as presented in Table 3, which
confirmed their convergent validity.
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Table 3. Results of PLS Analysis: Measurement Model.

Construct Composite Reliability (CR) Average Variance Extracted (AVE)

Performance expectancy 0.982 0.947
Effort expectancy 0.985 0.942

Environmental awareness 0.985 0.943
Facilitating conditions 0.978 0.918

Habit 0.979 0.938
Eco-effective feedback 0.981 0.945

Privacy concerns 0.985 0.942
Social influence 0.975 0.93

Technology awareness 0.963 0.837
Electricity saving knowledge 0.988 0.943

Behavioral intention 0.981 0.945
Use behaviour 0.988 0.977

Discriminant Validity

Discriminant validity was evaluated for each construct by observing the AVE square
root (diagonal line in Table 4), which must be higher compared to the correlations between
the construct and other model constructs. The discriminant validity of the constructs is
presented in Table 4.

6.2.2. Assessment of the Structural Model

Bootstrapping was performed using 500 samples to determine the significance of
the paths within the structural model. Aside from the single path tests, the amount of
variance explained by the independent variables, gauged using R2 of the dependent ones,
which revealed that independent variables collectively explained 86% of the variance in
behavioural intention towards smart meter system use. The next section discusses the
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hypotheses results one by one. The results of the hypotheses testing for each hypothesis
are interpreted in relation to the relevant studies in the literature.

Table 4. Correlations between constructs compared to square roots of AVE.

BI EEF EE ESK EA FC H PE PC SI TA UB

BI 0.972
EEF 0.903 0.972
EE 0.924 0.851 0.971
ESK 0.909 0.827 0.854 0.983
EA 0.816 0.74 0.814 0.742 0.971
FC 0.9 0.86 0.838 0.819 0.768 0.958
H 0.828 0.836 0.789 0.764 0.681 0.766 0.969
PE 0.916 0.848 0.863 0.837 0.77 0.831 0.747 0.973
PC −0.557 −0.431 −0.527 −0.492 −0.469 −0.452 −0.337 −0.461 0.97
SI 0.753 0.769 0.724 0.666 0.643 0.748 0.755 0.741 −0.201 0.964
TA 0.68 0.623 0.636 0.608 0.464 0.646 0.64 0.64 −0.204 0.696 0.915
UB 0.529 0.508 0.518 0.5 0.434 0.441 0.492 0.468 −0.245 0.409 0.395 0.988

Moderating Effect of Experience

This study made use of the PLS-SEM indicator method to conduct an estimation
of the strength of the moderating effects of experience on effort expectancy, facilitating
conditions, social influence, eco-effective feedback, habit, and privacy concerns. In order
to determine such moderating effects, Cohen’s [84] guidelines were followed for effect
size. The proceeding figures and table presents the moderating effect on the relationship
between the independent and dependent variables.

Under the moderating effects hypotheses, the experience was hypothesized to mod-
erate the effects of effort expectancy, facilitating conditions, habit and privacy concerns
on behavioural intention, and the effects of habit on technology use. Hypothesis H1 was
supported by the results in that experience moderated the effort expectancy-behavioural
intention relationship (β = −0.027, p = 0.003). Along a similar line of findings, experience
also moderated the habit-behavioural relationship (β = 0.019, p = 0.006) in H4, and the
habit-technology use relationship (β = −0.072, p = 0.011) in H5. The findings of the privacy
concerns–behavioural intention relationship (β = −0.017, p = 0.000) in H6 was supported.
In contrast, the experience did not moderate effect of facilitating conditions on behavioural
intention, and the result was found insignificant. Practically, the magnitude and effect size
of the moderating effects were small. In H3, the moderation effect was not considered since
the social influence-behavioural intention relationship was not significant. The hypotheses
results (H1–H6, excluding H3) are provided in Table 5.

Table 5. Moderating effect of experience.

Hypothesis Beta Coefficient (β) T-Value p-Value Result

H1 Experience × Effort Expectancy→ Behavioural Intention −0.027 2.908 0.003 Supported
H2 Experience × Facilitating Conditions→ Behavioural Intention −0.011 1.408 0.189 Not-Supported
H4 Experience × Habit→ Behavioural Intention 0.019 2.977 0.006 Supported
H5 Experience × Habit→ Use Behaviour −0.072 2.367 0.011 Supported
H6 Experience × Privacy concerns→ Behavioural Intention −0.017 3.686 0.000 Supported

In Figure 5, it is evident that the effort expectancy-behavioural intention relationship
is direct with higher levels of the former expected to lead to higher levels of the latter.
Added to this, the moderating effect scope was examined in detail. The upper blue line
represents low level of moderator construct (experience), while the green line represents a
high level of experience, with a steeper slope. This is logical with a negative interaction
effect. Therefore, the simple plot supports the prior discussion on the negative interaction
term, where higher levels of experience are expected to lead to lower relationship strength
between effort expectancy and behavioural intention.
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Figure 6 shows that the upper line, representing a low level of moderation (experi-
ence), is flatter in slope, whereas the lower line, representing a high level of moderation
(experience), takes on a steeper slope. The positive relationship shows that the relationship
is less positive among users with high experience compared to users with low experience.
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Figure 7 presents the privacy concerns-behavioural intention inverse relationship.
High privacy concerns, therefore, correspond to low behaviour intention levels. The lower
line, representing high experience level, indicates a steeper slope and this is attributed
to the negative interaction effect. Therefore, the relationship was more negative among
high-experienced users compared to low-experienced ones. Experience had a negative
moderating effect on habit and technology use (See Table 5), with the plot in Figure 8
showing that high experience corresponds to a lower habit–technology use relationship.
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Moderating Effect of Personal Innovativeness

This study proposed the significant and moderating effect of personal innovativeness
on the effects of performance expectancy, effort expectancy, and privacy concerns on be-
havioural intention. All the hypotheses in this line were not supported, with the exception
of H9 (privacy concern-behavioural intention relationship, β = 0.009, p = 0.001). Practically,
the magnitude and effect size of the moderating effect was low. Table 6 illustrates the
results of hypotheses H7 to H9.

Figure 9 presents the inverse relationship between privacy concerns and behaviour
intention, with high privacy concerns among users expected to lead to lower behavioural
intention levels. The lower line represents a high level of personal innovativeness and it
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has a steeper slope. Thus, the relationship was less positive for those with high personal
innovativeness compared to their counterparts with low ones.

Table 6. Moderating effect of personal innovativeness.

Hypothesis Beta Coefficient (β) T-Value p-Value Result

H7 PI × Performance Expectancy→ Behavioural Intention 0.005 1.190 0.152 Not-supported
H8 PI × Effort Expectancy→ Behavioural Intention −0.004 0.885 0.298 Not-supported
H9 PI × Privacy concerns→ Behavioural Intention 0.009 3.171 0.001 Supported
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7. Assessment and Discussions

The moderators adopted in this study were the experience and personal innova-
tiveness. The experience was proven to moderate the effects of effort expectancy, social
influence, eco-effective feedback, habit and privacy concerns on behavioural intention,
along with the effect of habit on technology use. By contrast, personal innovativeness
was found to moderate the effect of privacy concerns on behavioural intention but not the
effects of performance expectancy and effort expectancy on behavioural intention.

7.1. Experience Moderation

The findings of this study indicated that increased experience in using smart meter
systems will boost relationships with the constructs and increase consumer intention to
use such systems. The positive values of interaction in terms of the moderating variable
indicated that the experience moderates relationships positively, which is in line with
the hypothesis (H4) developed in this study. The relationship between habit towards
behavioural intention was confirmed to be stronger amongst experienced users. By con-
trast, the negative values of interaction imply that a higher level of experience results in
reduced relationship strength. This study indicated that the relationships between effort
expectancy towards behavioural intention is weaker amongst experienced users. Similarly,
the relationship between habit and use behaviour was weaker amongst experienced users.
This study is consistent with prior studies that show higher level of experience negatively
influences relationship strength of effort expectancy on behavioural intention, and habit on
use behaviour by Venkatesh et al. [18]. The negative value of interactions can be explained
by the fact that consumers who are more experienced in using smart meter systems will be
more engaged in the systems and find effort expectancy, and habit less important because
of the simplicity of such systems. This study found the moderating effect of experience
on privacy concern toward behavioural intention was significant. This indicated that
higher experience consumers have a stronger concern of privacy when tended to use smart
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meter system. These findings were in line with prior studies by [66,67]. Furthermore, the
moderating effect of experience was not found significant to facilitating conditions when
accepting smart meters. This finding implied that the moderating effect of experience on
the relationship between the facilitating conditions and behavioural intention was insignif-
icant. Hence, H2 was not supported in accordance with our empirical analysis. Although
it was not empirically supported, the results of the moderating impact of experience are
in line with those of previous studies, that is, people with experience are more likely to
adopt technologies [85,86].

7.2. Personal Innovativeness Moderation

Personal innovativeness was the second moderator investigated in this study. The
results indicated that the relationship between privacy concerns and behavioral intention
was stronger amongst consumers with high personal innovativeness. This suggested
that a more innovative person was likely to face higher privacy risks inherent in the use
of smart meters. It is also fair to argue that personal innovativeness characterizes the
potential for risk-taking that occurs in some people and not in others. In particular, the
risks associated with the use of LBS relates to privacy, whereby one’s personal details
could be exchanged without permission with other parties or used for any other nefarious
purposes. Rogers [87] argued that higher levels of ambiguity should be dealt with by
innovators and early adopters. It is probable that the insignificant outcome can be clarified
by the IoT context. The considerable attention received by the widely available information
regarding IoT’s ‘effort expectancy’ and ‘performance expectancy’ may result in knowledge
and awareness levels for consumers, thereby rendering the moderating effects of personal
innovativeness insignificant.

8. Implications
8.1. Implications for Research

The feasibility of UTAUT2 was tested in this study by evaluating the established model
in the context of energy saving. UTAUT2 was extended by testing new moderators and
introducing other constructs from the energy-saving perspective to study the consumers’
use of smart meters and their decision to accept this technology. One of the first research
to use UTAUT2 to investigate smart meter acceptance was this study. This study adopted
personal innovativeness as a new moderator in addition to experience in the UTUAT2
model. This step was taken after conducting the literature review, in which the personal
innovativeness of the respondents was determined to be a good moderator. The proposed
model could successfully be generalized to the acceptance of similar technologies from
the same context (energy), such as a gas smart meter or smart grid applications, or from
the same domain (IoT), such as a water smart meter. In addition, this research can be
extended to other developing countries, which are planning to deploy the smart meters.
The following justifies generalizability of the proposed model.

8.2. Implications for Practice

Developers must understand user requirements. The smart meter acceptance variables
defined in this study provide developers with useful information. Developers need to
consider consumer views of smart meters at this early stage and how these systems are
viewed within the energy and IoT sectors. The proposed model will also enable the
development of new approaches or update their strategies for managing and implementing
the service in order to increase the degree of acceptance. For example, this study shows
influence of identified factors on consumers’ intention of use. These variables can encourage
developers to design functions and interfaces that provide insightful feedback and eco-
wages or icons that can sustain usage and allow connected devices or neighbors to compare
the use of electricity. Also, they can design interfaces that include saving plans, tricks, and
forecast scenarios.
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Governments must ensure that the implementation of smart meter systems does not
affect personal data and human rights. The privacy concern factor that was identified in
this study confirms the finding of a comparative study among five countries including
leading countries in adopting smart meters by Zhou & Brown [52], which demonstrated
that countries with a range of policy initiatives that introduce multiple barriers to smart
meters appear to be pioneers, while laggards frequently ignore or refuse to implement
policies to address key barriers. Thus, public policy makers and government regulators
can direct authorities to monitor and control privacy frameworks, to ensure the protection
of privacy. The standard use of consumer data will protect privacy and reduce concerns
regarding smart meter use.

9. Conclusions and Future Work

This study investigated the moderation role of experience and personal innovativeness
on the acceptance of IoT-based smart metering technology. The results of this extended
model will lead to a deeper understanding of smart meter acceptance from the customer’s
perspective. In addition, the results of this study emphasized the experience and personal
innovativeness related to the use of smart meters. The implications for practice indicated
that electricity suppliers use the smart meter acceptance model to update the requirements
of customers in their schemes, hence increasing the rate of acceptance.

Smart meter manufacturers can be guided by following the proposed model to create
products with better user specifications, which will improve user interaction. Two UTAUT2
moderators were excluded in light of the limitations of this study: gender and age. Al-
though this omission is justified and in accordance with previous literature, investigat-
ing further and determining the effect of different groups on the proposed model will
be interesting.

For future direction, studies can further determine the group comparison of technology
acceptance by assessing groups. For example, electricity consumers can be grouped into
different categories, such as type (residential or commercial), location (urban or rural),
and lifestyle (lavish or normal). Future studies can compare these categories and assess
group differences or similarities in accepting smart meter systems. This study confirms
a statistical difference between two groups, namely high-experience and low-experience
users, in terms of their behavioral intention to use smart meter systems. Such assessments
are expected to provide a deeper understanding of the consumer acceptance of smart
meter systems.
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