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ABSTRACT Although an Internet-of-Things-based smart home solution can provide an improved and better
approach to healthcare management, yet its end user adoption is very low. With elderly people as the main
target, these conservative users pose a serious challenge to the successful implementation of smart home
healthcare services. The objective of this researchwas to develop and test a theoretical framework empirically
for determining the core factors that can affect the elderly users’ acceptance of smart home services for
healthcare. Accordingly, an online survey was conducted with 254 elderly people aged 55 years and above
across four Asian countries. Partial least square structural equation modeling was applied to analyze the
effect of eight hypothesized predicting constructs. The user perceptions were measured on a conceptual level
rather than the actual usage intention toward a specific service. Performance expectancy, effort expectancy,
expert advice, and perceived trust have a positive impact on the behavioral intention. The same association
is negative for technology anxiety and perceived cost. Facilitating conditions and social influence do not
have any effect on the behavioral intention. The model could explain 81.4% of the total variance in the
dependent variable i.e., behavioral intention. Effort expectancy is the leading predictor of smart homes for
healthcare acceptance among the elderly. Together with expert advice, perceived trust, and perceived cost,
these four factors represent the key influence of the elderly peoples’ acceptance behavior. This paper provides
the groundwork to explore the process of the actual adoption of smart home services for healthcare by the
elderly people with potential future research areas.

INDEX TERMS Elderly, healthcare, smart homes.

I. INTRODUCTION
With an increase in age, the need for medical support also
grows, which may lead to unplanned visits to the doctors fre-
quently. The recent developments in Internet-of-Things (IoT)
technology can play an important role in designing suitable
healthcare systems for the elderly [1]. In most of the Asian
countries, severe pressure on the public healthcare sector
and lack of adequate facilities are driving the way in which
health services are delivered to the patients [2], [3]. There is
a paradigm shift from the once physician-centered environ-
ment to a more patient-centric healthcare system [4]. Smart
homes, which integrate health and other ambient assisted
living (AAL) technologies, can play a lead role in revolution-
izing the way in which healthcare services are being provided
to the elderly people [5]–[7]. In fact providing healthcare
facility is one of the core functionalities offered by the smart

homes that have been discussed in detail later in the literature
review section of the paper.

Although a lot of work is being done on the technological
aspects of smart homes, yet their adoption rate is very low
mainly due to their disruptive nature and inherent conser-
vativeness of the older people towards any new technol-
ogy [8], [9]. Current research on IoT and smart homes point
out towards the benefits of using such a system by the elderly
along with a strong thrust in developing new underlying
technologies and services [3], [10]–[12]. However, there is
a lack of evidence of how the subjective opinion of the people
can be influenced towards using these services/systems [10].
Understanding the entire process of how and why people
tend to develop close relationships with certain technologies
and services and make them an integral part of their life is
the key to understanding the success of any new technology.
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Physical and psychological needs of people change with
age [13]. Older people tend to show certain specific behaviors
that need to be taken into account during the development and
commercialization of health-specific smart homes for this
target group [14]. Understanding their basic needs, specific
requirements, interaction with new technology and services
along with the motivational factors that influence their deci-
sionmaking process are key to the success of the smart homes
meant for their well-being. Clearly, there is a research gap in
this aspect, which we aim to answer through this work.

The main objective of this study is to assess the interac-
tion between elderly human factors and the success of smart
homes in the health context by framing two main research
questions: firstly, what are the factors influencing the older
adults’ acceptance behavior of smart homes for health and
what is the underlying model? Secondly, how does such a
model perform in an empirical setting?

The key challenge is to understand the behavior of the
elderly people towards using a service that currently is not
available on a commercial scale. Hence, there is a serious lack
of a theoretical/conceptual approach in acceptance modelling
as the current focus is on the underlying technologies and ser-
vices rather than an end-user perspective [15]. In this study,
we concentrate on the factors affecting the elderly acceptance
of the smart homes for healthcare from a conceptual view-
point rather than a specific product or service. Thus, the take-
away of this research is a framework that suitably explains
the acceptance behavior of smart homes for healthcare among
the elderly on a conceptual level that will provide the initial
groundwork for potential future research.

The remaining paper has been divided into six sec-
tions. Section II provides the relevant literature review.
In Section III, we propose the theoretical framework and the
underlying hypotheses. Section IV provides themethodology,
while the results are given in Section V. Finally, Section VI
presents the discussions, while the conclusion and scope of
future work is dealt with in Section VII.

II. LITERATURE REVIEW
Developments in IoT technology have resulted in the evolu-
tion of traditional homes to smart homes which according to
Rosslin et.al. is defined as ‘‘ an amalgamation of technology
and services through home networking that ensures a better
quality of life for its inhabitants’’ [16]. Fig. 1 shows the basic
concept of the smart homes in a healthcare perspective. The
sensors and actuators along with the backbone communica-
tion network (wired or wireless) form the core part of such
smart homes. Artificial intelligent (AI) techniques are often
used to gather and analyze the information of the occupants’
health status and report any kind of abnormalities; thereby
enabling to take certain decisions and provides recommenda-
tions. Fig. 1 also shows the key five areas of elderly healthcare
that current research focuses on. Most of the studies provide
specific solutions to address the needs of the patients/elderly
people, such as chronic disease management, assistance in
independent living, preventive care, etc. [17]–[20] or use

FIGURE 1. Smart homes from healthcare perspective.

specific technologies like mobile phones, web-applications,
wearable sensors or software [21]–[24]. All these systems
include a combination of sensors, software and networking
technology to collect, process, analyze, and transfer the data
either to the smart home service providers or to a remote
healthcare center. TABLE 1 provides the detail of the liter-
ature review.

Although a lot of work is going on in the aspect of elderly
healthcare and smart homes, yet the adoption of these services
is quite low [3], [8], [40]. The main cause for such a low
adoption rate is the lack of a holistic approach towards smart
home systems for healthcare in general. Most of the ongoing
research focus on the underlying technologies and services
without talking into account the dependence of human char-
acteristics on technology and the social background. Hence,
there is a mismatch between the users’ expectations and the
services available [3], [40]–[42].

The concept of smart homes is relatively new and the
engagement of the elderly users’ with these systems/services
is less probable, since traditionally they are reluctant to accept
any new innovative solutions [43]. The older adults’ adoption
of technology is a complex issue that is affected by many
factors [44]. In the present context, a proper understanding
of the behavior, motivations, and decision-making by the
elderly people represents the main challenge in the successful
acceptance of the smart homes for healthcare among this
target population [44]–[46].

Therefore, theories about technology acceptance should be
used to study the factors that can affect the elderly inten-
tion. The Technology Acceptance Model (TAM) has been
widely used in a variety of contexts to have an idea about the
acceptance of any new technology [47]–[49]. Over the years,
TAMhas evolved to become a keymodel in predicting human
behavior towards the potential acceptance or rejection of
technology [50]. The Unified Theory of Acceptance and Use
of Technology (UTAUT) is the latest derivative of TAM [51].
Since its inception, UTAUT has been tested extensively in a
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TABLE 1. Overview of literature review.
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variety of contexts including technologies related to health
assistance [52], [53].

The UTAUT model has four independent core constructs:
Performance Expectancy (PE), Effort Expectancy (EE),
Social Influence (SI), and Facilitating Conditions (FC) as
direct determinants of the dependent construct; Behavioral
Intention (BI). This framework is often supplemented by
additional factors that have moderating effects on the core
constructs like age, gender, experience, voluntariness of use,
etc. depending upon the usage context [51]. In addition
to this, it is also common to add relevant external factors
depending on the actual use-case [54]–[56]. The primary
motive behind adding these additional contextual factors is to
enable a better and more accurate understanding of the users’
acceptance of technology. Based upon the literature review
of smart homes for elderly healthcare, we have identified
four external factors: Technology Anxiety (TA), Perceived
Trust (PT), Perceived Cost (PC), and Expert Advice (EA)
as potential factors to study and explain the user behavior.
Thus, our model has two types of constructs: the original
UTAUT constructs or the internal factors and the contextual
constructs or the external factors.

The outcome of literature review clearly indicates that a
lot of work is being done towards the elderly healthcare by
utilizing the advantages of IoT technology. Typically, most
of them are experimental projects that assume a technology
based perspective. However, in order to promote andmotivate
the elderly people to use smart homes, it is very important
to gauge their behavior and perception towards using these
services. Accordingly, we propose our theoretical framework
in the next Section.

III. THEORETICAL FRAMEWORK AND HYPOTHESES
In the core UTAUT model, Performance Expectancy (PE)
and Effort Expectancy (EE) are closely related to the Per-
ceived Usefulness (PU) and Perceived Ease of Use (PEOU)
constructs of the Technology Acceptance Model (TAM) [57].
A detailed description of all the constructs proposed is pre-
sented next:

A. PERFORMANCE EXPECTANCY (PE)
Venkatesh et.al defined PE as ‘‘the degree to which using a
technology will provide benefits in performing certain activ-
ities’’ [51]. With respect to the elderly users’ intention to
use any new technology, the perception of the technology
being beneficial and helpful plays a key role in its accep-
tance [58]. However, if these users’ fear and doubt about the
usefulness of the technology, it can create a negative influ-
ence and affect the adoption rate [59], [60]. Prior research
establishes the relationship between usefulness and intention
to use healthcare services [57], [61]. If the elderly users feel
that using smart homes for health support will enable them to
manage their health in a better manner, provide better access
to healthcare facilities, and improve their overall life quality,
then it can create a positive perception towards using these
systems. Thus, for our context, PE is defined as ‘‘ the extent

to which using smart homes will provide direct benefits to
the elderly people with respect to their overall health.’’ The
corresponding hypothesis is:

H1: Performance Expectancy affects the Behavioral Inten-
tion of the elderly users’ to use the smart homes for healthcare
purpose in a positive way.

B. EFFORT EXPECTANCY (EE)
EE is defined as ‘‘ the degree of ease associated with the use
of any system’’ [51]. EE has a strong influence on the users’
intention to use health information systems and has a positive
effect on its acceptance. Especially, when a technology is
new, the degree of ease associated with using it, strongly
affects the acceptance behavior particularly in case of the
elderly users’ [57]–[59], [62].

In addition to the direct impact of PE and EE on BI, EE also
affects PE i.e. the usefulness of any technology is determined
by the degree to which the users’ feel that the technology is
easy to learn and use [57], [58]. We therefore hypothesize:

H2a: Effort Expectancy affects the Behavioral Intention
of the elderly users’ to use the smart homes for healthcare
purpose in a positive way.

H2b: Effort Expectancy has a positive influence on the
Performance Expectancy of the elderly users’.

C. SOCIAL INFLUENCE (SI)
When any technology is at its beginning stage, the users of
such a system lack enough information regarding its usability.
In those cases, the user may be influenced by the opin-
ions or suggestions provided by their homecare nurse, friends
and/or relatives [46], [63]. The positive relationship between
SI and the usage intention has been verified in a number of
previous studies [57], [59], [62]. We therefore hypothesize:

H3: Social Influence affects the Behavioral Intention of the
elderly users’ to use the smart homes for healthcare purpose
in a positive way.

D. FACILITATING CONDITIONS (FC)
FC is defined as ‘‘ the degree to which an individual believes
that an organizational and technical infrastructure exists to
support the use of the system’’ [51]. FC is a direct determinant
of behavioral intention and use of technology [64]. This fact
was further confirmed by Bhattacherjee et.al in the context
of using a health information system [65]. In the context
of elderly users’ of health related ICT, ready access to and
availability of technical support significantly increases the BI
[59], [62], and [66]. Therefore, we hypothesize as:

H4: Facilitating Conditions affects the Behavioral Inten-
tion of the elderly users’ to use the smart homes for healthcare
purpose in a positive way.

Next, we present the contextual constructs/external factors
unique to our model:

E. TECHNOLOGY ANXIETY (TA)
Technology Anxiety is defined as ‘‘ the fear, apprehen-
sion and hope that people feel when considering use or
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actually using certain technology’’ [67]. Studies show that
technology anxiety, particularly in the context of com-
puter related systems and information services are very
common [68], [69]. This is especially true for the elderly
people that we consider for our research. The older people
tend to use those technology and services, which they are
accustomed to, and using for a long period of time, rather
than switching over to some new technology and platform
[54], [70]. A higher level of TA, should therefore negatively
affect the intention to use any technology. Therefore, we
hypothesize as:

H5: Technology Anxiety affects the Behavioral Intention
of the elderly users’ to use the smart homes for healthcare
purpose in a negative way.

F. PERCEIVED TRUST (PT)
When smart homes are used for providing healthcare facil-
ities, they can collect, manage, monitor, and analyze the
personal health data belonging to the individuals. This raises
severe security and trust issues that current literature reports
and it can adversely affect the adoption of these smart homes
by the end-users in general [3], [71], [72]. The elders also
have negative views regarding the security aspect [45], [46],
[58], [73]. Trust in technology also has a strong positive influ-
ence on the perceived usefulness [74]. In the present context,
we define PT as ‘‘ the state of mind of the elderly people
where they feel that their personal data will be safe, care-
fully protected, and anonymous.’’ The relevant hypotheses
are:

H6a: An increase in Perceived Trust will increase the
Behavioral Intention of the elderly users’ to use the smart
homes for healthcare purpose.

H6b: An increase in Perceived Trust will increase the
Performance Expectancy of the elderly users’ to use the smart
homes for healthcare purpose.

G. PERCEIVED COST (PC)
The cost of affording any new technology is a crucial factor
responsible for its success [75], [76]. If the cost associated
with the healthcare services provided by the smart homes is
high, it can lead to a negative effect on the elderly mindset.
In the present context, we define PC as ‘‘ the price which
the elderly users’ considers to be an appropriate monetary
sacrifice in return of the services that they get from using the
smart homes.’’ Clearly, if the price if not reasonable, then the
users’ will show resistance in using those products/services
[77], [78]. Thus, we hypothesize as:

H7: Perceived Cost affects the Behavioral Intention of the
elderly users’ to use the smart homes for healthcare purpose
in a negative way.

H. EXPERT ADVICE (EA)
The elderly users’ are often conservative by nature and they
tend to use heuristic methods in their decision making pro-
cess [79]. Previous research reports that these groups of
users’ rely heavily on external experts’ opinion like doctors,

nurses, or pharmacists in taking decisions related to their
health [80]. Therefore, in a healthcare perspective these users’
tend to defer their decision to the expert’s authority [81].
If the experts’ feel and believe that using smart homes for
healthcare will be beneficial, it will increase the percep-
tion of the technology as being useful among the elderly
people [82]. Thus, we hypothesize:

H8: Expert Advice affects the Performance Expectancy
of the elderly users’ to use the smart homes for healthcare
purpose in a positive way.

The final construct that we measure is BI. Fig. 2 shows our
proposed research model.

IV. METHODOLOGY
A. DATA COLLECTION AND SAMPLE CHARACTERISTICS
An online survey instrument has been developed to measure
the perception of the elderly people in using smart homes
for healthcare purpose. The target population is from India,
Thailand, Indonesia, and Malaysia. Before distributing the
questionnaire to the participants, opinion has been sought
from two independent experts for ensuring the question-
naire validity and relevance. The survey instrument has
been structured in two parts. Part 1 contains certain socio-
demographic questions (respondent age, gender, household
size, and household income) and a basic question on smart
home awareness that has been used as a screening ques-
tion. The screening question has been used in order to min-
imize the hypothetical response biases from those people
who absolutely have no idea or prior knowledge about smart
homes. The screening question used was ‘‘Do you knowwhat
smart home technologies are?’’ Response options ranged
from ‘‘no idea’’, ‘‘vague idea’’, ‘‘general idea’’, ‘‘and good
idea’’ to ‘‘already using some form of smart home technol-
ogy/service.’’ Respondents answering ‘‘no idea’’ were fil-
tered out from the remaining survey. For all other respondents
they moved on to part 2. In order to get sufficient number of
subjects to generalize our model, the age group that we have
considered for the elderly is 55 years and above instead of
the 60 years and up criterion. In addition, in order to ensure
that the questionnaire reaches out to as many elderly people
as possible our contacted subjects were requested to further
contact their friends or relatives matching the age criterion.
254 responses were obtained out of which 15 did not pass
the screening requirement. Hence, for the final analysis we
have data from 239 elderly people. The relevant descriptive
statistics showing the respondents demographic information
has been shown in Table 2.

B. MEASUREMENT INSTRUMENT
Part two of the survey contains open-ended questions that
measure the intention of the respondents to use smart homes
for healthcare. Table 3 gives the detail of the questions that
has been administered. All the questionnaire items have been
evaluated on a 5-point Likert scale (1 = ‘‘strongly disagree’’
to 5= ‘‘strongly agree’’). Since, UTAUT was originally used
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FIGURE 2. Proposed research model.

TABLE 2. Demographic information of the respondents.

to measure the acceptance of technology in an organizational
environment, the end-user perspective in a smart home for
healthcare context, have to be considered when formulating
the individual survey questions and measurement scale. The

changes that are incorporated for every construct are repre-
sented in Table 3 under the references column. Table 4 shows
the relevant descriptive statistics that has been carried out in
SPSS 17.0.
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TABLE 3. Details of measurement instrument used in our study.

TABLE 4. Descriptive statistics of the research constructs.

C. MATHEMATICAL TOOL
The data that is collected from the online questionnaire survey
is analyzed using a Confirmatory Factor Analysis (CFA) and
Structural Equation Modelling (SEM) approach to test our
research model. CFA is conducted to test the convergent
validity of each of the constructs used. The results have been
provided in detail in the next section. While conducting the
SEM, we have used specifically the Partial Least Square
SEM (PLS-SEM) algorithm as it is best suited for exploratory
studies like ours where there is less of a theoretical backing to

the underlying concepts and hypothesis and where the sample
size is small to medium [83], [84].

In case of PLS-SEM the error variables are not part of the
model at all; hence they are un-correlated and uncovariated.
It is a powerful technique as it assumes that the individual
constructs are variated one by one with the rest in the model
and the final model fit indices are monitored in the measure-
ment part of the model. Although this technique enables us
to create the measurement model, but it does not have any
biased parameters for the variables.
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TABLE 5. Internal consistency of the used questionnaire.

TABLE 6. Convergent validity test.

V. RESULTS
In this Section, we present the details of the results that are
obtained from this study. SPSS 17.0 has been used to conduct
the Confirmatory Factor Analysis (CFA), while Smart PLS
3.0 is used to test the proposed model and the corresponding
hypotheses.

A. TESTS OF VALIDITY
The internal consistency for reliability of the used ques-
tionnaire has been measured by using the Cronbach’s alpha
values and presented in Table 5. For all the constructs
that are used, the value of Cronbach’s alpha obtained is
greater than 0.7 that suggests a high degree of internal
reliability [101].

In order to measure the convergent validity, the average
variance extracted (AVE) and the composite reliability has
been calculated for every construct. This is shown in Table 6.
The corresponding factor loading for every construct exceeds
the threshold value of 0.60, which is a minimum requirement
criterion for the convergent validity test to pass [102]. In addi-
tion, for every construct, the value obtained for AVE is greater
than the recommended level of 0.5 [103].

We also test for the discriminant/divergent validity in order
to check whether the measurements that are not supposed to
be related are actually unrelated. The result of the discrim-
inant validity test is reported in Table 7. When examining
the discriminant validity, the square root of the AVE for
each construct should be greater than the correlational values
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TABLE 7. Test for discriminant validity.

TABLE 8. Pls-sem path analysis and test statistics.

between any two constructs. This is exactly what happens
in our case as evident from Table 7, where all the diagonal
elements (which represent the square root of AVE) have a
higher correlation level between any two specific factors.
Thus, the discriminant validity test is also sufficed for our
model.

In case of PLS-SEM, Tenenhaus. et.al. has provided an
alternative way to assess the goodness of fit (GoF) of any
research model [101]. The GoF value is calculated with the
AVE and R-square values of the structural model as per the
formulae given in equation (1):

GoF =
√
(averageAVE)× (average− R2) (1)

The recommended GoF value should be greater than 0.36
[101], [102]. We obtain a GoF value of 0.78, which shows the
validity of the model.

B. HYPOTHESES TESTING
The hypothesis testing has been done in Smart PLS 3.0.
For testing the significance level and obtaining the path
coefficients, we followed the bootstrapping procedure [103].
In bootstrapping, subsamples are created with randomly
drawn observations from the original set of data (with
replacement). The sub-sample is then used to estimate the
PLS path model. This process is repeated until a large number
of random sub-samples have been created (we used a maxi-
mum iteration value of 300). Table 8 and Fig. 3 present the
results of the research model.

Results show that all the hypotheses except H3 and H4
are supported and have a high level of statistical significance
of p < 0.001. For each path, if the value of the β- coeffi-
cient is greater than 0.30, it indicates a strong impact on the

dependent variable. Thus, for our case, relationships pro-
posed by hypotheses H2a, H2b, H7, and H8 have a strong
effect size, while the hypotheses H1, H5, H6a, and H6b have
a moderate effect. EE, PT, and EA account for 73.6% of the
variance in PE collectively, whereas PE, EE, PT, TA, and PC
account for 81.4% of the variability in BI.

VI. DISCUSSIONS
In this study, we applied an extended UTAUTmodel to deter-
mine the elderly users’ intention to use the smart homes for
healthcare purpose in an Asian context. The analysis yielded
eight significant predictors as a part of our research model,
with 81.4% of the total variance being explained by the final
measured construct BI. This indicates a strong predictive
power of the model. The results also offer various useful
insights into the acceptance behavior of the smart homes for
healthcare among the elderly people.

A. THEORETICAL IMPLICATIONS
Previous research in the domain of smart healthcare systems,
found PE to be a significant predictor of the actual system
usage intention. For example, findings by authors in [62]
and [104] reveals PE to be the most significant predictor
of BI. However, the results that we obtain are quite different
from the previous findings. In our case, although PE has a
contribution to BI, the effect of EE on the actual system
usage is far greater than PE. This variation can be attributed
to the unique elderly population that we consider for this
research. With an increase in age, there is a decline in the
cognitive capability of a person in terms of the speed of
information processing [79]. These group of people tend to
use certain heuristic algorithms as a part of their decision
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FIGURE 3. Summary of our research model.

making process [79]. Hence, for them the level of effort
that goes into learning any new technology or service far
outweighs the perceived benefit and overall usefulness of the
system.

The effect of expert advice (EA) has not been taken into
account in any previous research of smart healthcare systems.
A moderately high β value of 0.479 indicates a significant
role played by EA as a part of the overall research model.
The elderly users tend to rely a lot on the diagnosis and advice
from experts like doctors, pharmacists, etc. rather than relying
on the smart systems alone. Therefore, assurance from the
experts about the real benefits and advantages of using the
various smart solutions for healthcare will definitely improve
the system acceptance.

Perceived trust (PT) is another important construct that
affects the entire system usage. The older users’ are extremely
concerned and sensitive about the privacy and security of
the health data that the smart homes can collect. In addition,
they worry about the data anonymity, meaning that they are
reluctant to share their private health data with their close
friends and relatives. This important factor must be kept in
mind by the smart home service providers for healthcare,
because they must be able to provide independent technical

support and advice in real time to its customers. This can
be done by opening of call centers and dedicated hotline
numbers that can provide the elderly people with customized
help as and when needed.

Quiet strangely, the effect of social influence (SI) on
BI was found to be non-significant. This observation is
in sharp contrast to the findings by the original UTAUT
model and also by other researchers, where SI plays a sig-
nificant role in determining the intention to actually use a
system [46], [49], [59], [62], [63]. This means that the
elderly users’’ do not bother about the opinions from their
peers, social status or other societal pressures and are more
motivated to derive an emotional meaning from their life,
rather than expanding one’s horizon [105]. Non-significance
of SI can also be attributed to the perceived trust PT construct
that we discussed before. Since, the elderly users’ want more
data security and anonymity, hence they perceive the external
social environment around them as a source of potential threat
and thereby reluctant to share their personal sensitive health
data with peers, friends or relatives. Thus, we find the effect
of SI on BI to be non-significant.

The effect of facilitating conditions (FC) on BI is also
non-significant. This observation is quiet surprising as pre-
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vious studies have reported a positive relationship between
FC and BI in technology adoption [59], [62], [64]–[66].
We attribute this fact, to the unique characteristics of the
elderly population. Inherently, the elderly people tend to rely
less on technology [43], [44]. IoT in general and the con-
text of smart homes providing health support is a relatively
new idea, the underlying technologies for which are still
evolving. Consequently, the aged people perceive the current
smart home technologies and services to be immature and
in an early developmental state, due to which FC has a non-
significant effect on the BI.

Technology anxiety (TA) affects BI in a negative way,
as proposed by our hypothesis and established by previous
research [67]–[70]. The elderly people are more resistant to
changes and they prefer to use healthcare services as they
have been doing so in the same manner without any radical
changes.

Perceived cost (PC) is another major factor that affects
the behavioral intention in a negative way. This implies that
a high cost of smart home implementation can inhibit the
elderly people to invest in such a service. The psychological
mindsets of the elderly people are different from the early
adopters of any new technology to whom a high price can be
a less important factor [106]. Thus, the smart home device
manufacturers must consider cost to be an important factor if
they want the smart homes to be widely used by the elderly
people for healthcare purpose.

B. METHODOLOGICAL IMPLICATIONS
This research provides a number of important insights into
the acceptance behavior of smart homes for healthcare
among the elderly people. There is very limited research
towards acceptance modelling of smart homes for health-
care, as the major thrust lies on the underlying technolog-
ical aspects rather than the psychological viewpoint of the
users [15], [46]. This is the core essence of the research where
we provide a theoretical framework tomeasure the perception
of a non-existent service on a commercial scale among the
elderly people.

C. MANAGERIAL AND POLICY IMPLICATIONS
The elderly people belong to a special age group and therefore
there are certain factors, which are unique to them. In order
to increase the adoption rates, the manufacturers should focus
on designing systems that are simple to operate. This can be
in the form of easy to understand user-interfaces or simple
hardware actions that can trigger a specific function. While
designing smart homes for the elderly, the focus should be on
usage simplicity rather than various system functionalities.
In addition, large-scale investments have to be made in the
form of data centers and big data analyzing solutions that can
track the smart home residents’ lifestyle and provide them
with the right type of health information when needed in a
timely fashion. These recommendations should serve as a
baseline for the various smart home stakeholders that will
increase its chances of adoption by the elderly people.

VII. CONCLUSION, LIMITATIONS AND
SCOPE OF FUTURE WORK
This is the first empirical study that assesses the intention
of the elderly people to use smart homes from a healthcare
perspective, which are still in an early stage of diffusion.
In order to properly understand the elderly intention, we first
conducted an in-depth literature review and identified five
different healthcare scenarios onwhich current research focus
upon. Nine constructs are then identified which are used to
build our research model based upon the UTAUT frame-
work. The model that we propose and validate is exclusively
associated with the elderly people and includes features that
are unique to such a population. The empirical results show
that our framework has a good explanatory power with a R2

value of 81.4%. This implies that the integration of UTAUT
along with our proposed constructs is able to create a useful
theoretical framework to explain the usage intention of smart
homes among the elderly in a health context.

One of the limitations of our research is we measured the
usage intention of a service that is currently not available on
a commercial scale (future service). Therefore, this research
should be followed up by further investigations into the actual
acceptance of the system usage (the step following BI).

The issue of data privacy and overall trust in the smart
home services for healthcare is an important factor that needs
a more detailed analysis. More threat factors (if any) should
be identified and subsequently a threat/risk model can be
created that will enable the various smart home stakeholders
to create better strategies and policies which can ensure a
greater success of these services.

Another limitation of this work is the geographical dis-
tribution of the elderly subjects. All the elderly people are
from India, Thailand, Indonesia, and Malaysia. However,
more number of elderly people from across the globe should
be included in order to test for any significant differences
in opinion. In addition, we can extend our current findings
by investigating the moderating effects of gender, cultural
background, etc. that will be undertaken as a part of future
work.
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