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Abstract

Background Evidence from the literature suggests that mobile health (mHealth) services can potentially improve
healthcare outcomes among older adults. Hence, the government of Hong Kong has recently taken several com-
munity and information technology (IT) services initiatives to train older adults on how to enhance their abilities

and interest in using mHealth technology. Although mHealth services have been widely implemented globally, their
adoption and use by older adults are very low, including those in Hong Kong. This study aims to understand key fac-
tors influencing mHealth use intention among the older Chinese population in Hong Kong.

Methods We extended the Unified Theory of Acceptance and Use of Technology (UTAUT2) as the basis of our
conceptual framework. We applied Partial Least Squares path modeling method to conduct the Structural Equation
Model (SEM) technique that allows measuring the theoretical validity of any conceptual framework. Convenience and
snowball sampling methods were used to recruit participants aged 65 or above. In total, 201 valid responses were
used for testing the theoretical validity of the proposed conceptual framework.

Results The primary finding shows that the widely used UTAUT2 model falls short in explaining mHealth service
acceptance behavior in the Chinese older population in Hong Kong. We further propose a simplified model, the
Healthcare Technology Service Acceptance (HTSA) model, to understand the formation of mHealth service accept-
ance behavior. The findings show that trust is an important component of technology service acceptance intention
behavior that was missing in the UTAUT2 model. The results also show that several antecedent factors (i.e., social influ-
ence, government policy, and service quality) are critical in forming technology trust beliefs.

Conclusions The study shows that the HTSA model can better explain mHealth acceptance behavior than the
UTAUT2 model. This study advances knowledge in the mHealth technology adoption domain by proposing a simpli-
fied new version of the UTAUT2 model for understanding healthcare technology service acceptance and use inten-
tion among older adults. The findings of the study provide valuable information to the Hong Kong government and
healthcare organizations for wider adoption of mHealth services, especially in older adults.
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Background

In recent decades, we have been experiencing a demo-
graphic shift due to increased life expectancy and a
sharp decline in birth rates. Although these are clearly
as a result of major achievements of modern sciences
and improved healthcare, a new set of challenges have
emerged in recent years regarding the independent liv-
ing of older adults. Governments of various countries are
also reportedly working to address challenges due to the
aging population. Ensuring adequate quality of care for
older adults and managing their health, therefore, pose a
challenge for many governments.

Technology, such as mobile health (mHealth), has the
potential to provide solutions for various health problems
suffered by older adults [1]. Rapid advances in mobile
and telecommunication technologies worldwide brought
new opportunities, especially in delivering healthcare
services to remote, elderly, and mobile-impaired popula-
tions. mHealth is defined by World Health Organization
(WHO) as “medical and public health practice supported
by mobile devices, such as mobile phones, patient moni-
toring devices, personal digital assistants (PDAs), and
other wireless devices” [2]. The mHealth technology
allows convenient and ubiquitous access to health ser-
vices and health-related information at an affordable low
cost [3]. In addition to the low-cost healthcare services,
there is growing evidence that mHealth services facilitate
improved overall health and wellbeing of older adults [3,
4]. Applications of mHealth technology have increased
recently following the COVID-19 pandemic, which saw
older adults be most impacted among all others [5].

Although various mHealth technologies evolved over
time to support an aging population in place, existing lit-
erature suggests that there is only low-level acceptance
of these technologies among this population group [6].
Our review of extant literature reveals a large body of lit-
erature that is focused on understanding the underlying
mechanism and interplay of various factors influencing
the use of mHealth technology by older adults across dif-
ferent geographical regions. A closer look at healthcare
technology adoption literature reveals a wide range of
factors contributing to the low acceptance. For example,
fear of technology, technophobia among older adults,
dependence on family support for technology adoption
and usage, and the associated cost of using these plat-
forms [7] prevent older adults from utilizing services
using mobile technologies. Others have reported that
personal attributes, such as self-efficacy, anxiety, social
influence, training, and encouragement, have influence
on healthcare technology usage among older adults [8].
A large group of researchers have reported usability
factors, such as usefulness, ease of use, compatibility,
intuitiveness of graphical user interfaces, performance
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expectancy, effort expectancy, and resistance to change
[9, 10], are some of the major factors that contribute to
the likelihood of mHealth technology usage by older
adults. Moreover, aging has been found to be negatively
related to the perceived ease of use and perceived useful-
ness of technology, two significant predictors of technol-
ogy acceptance, which could represent a barrier to the
adoption of mHealth by older adults [10].

In addition to the various factors mentioned above,
some studies suggest that national and government
health policies may have important influence on users’
perceptions of the health system and their actual use. For
example, better management, organization, and effec-
tive use of resources through national health policies
can strengthen the health system and enhance the qual-
ity of healthcare delivery [11]. Studies also show that
government funding, plans, and policies have significant
impacts on the wider adoption of mHealth services [11,
12]. Furthermore, some studies suggest that technology
trust is an important factor that seems to have signifi-
cantly influenced on the intention to use mHealth ser-
vices by older adults [13].

More attention is needed to explain the factors that
influence technology adoption by older adults, particu-
larly because of conflicting findings. Researchers often
extend the existing technology acceptance models, such
as the unified theory of acceptance and use of technol-
ogy (UTAUT) [14] or extended UTAUT (UTAUT?2) [15]
model, to explain mHealth acceptance behavior. However,
despite many studies, there is still a lack of empirical stud-
ies testing the influence of government health policies on
health technology, especially mHealth acceptance and
usage. Typically, when explaining mHealth acceptance
behavior, the UTAUT2 model does not consider the influ-
ence of government health policies and trust and their
antecedents. Hence, we argue that developing a new model
and comparing its ability to explain mHealth acceptance
behavior with regard to the UTAUT2 model is necessary.

Therefore, the objectives of this study are threefold:
first, to check the adequacy of the UTAUT2 model in
explaining mHealth technology adoption among older
adults; second, to extend the UTAUT2 model with addi-
tional variables such as Trust and Government health
policy if the extension improves the predictive power of
the UTAUT2 in the Hong Kong Context; finally, to fur-
ther propose and test a simplified health technology
service acceptance (HTSA) model to better understand
factors that are behind the process of healthcare technol-
ogy services acceptance.

When experimenting with the data, we first applied
the original UTAUT2 model in the context of mHealth
adoption by the older Hong Kong population. We
then extended the UTAUT2 model by including three
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additional constructs (Government Health Policy, Service
Quality, and Trust). After analyzing the results from the
first two models, we finally proposed a simplified model
that we believe has better explanatory power of mHealth
services adoption intention by older adults in Hong Kong.

Methodology

Theoretical models and hypotheses

While some theories, such as the technology accept-
ance model (TAM) and theory of reasoned action (TRA),
laid the foundation for understanding users’ technology
acceptance behavior, the UTAUT?2 is widely recognized
as one of the leading theoretical models with its strong
empirical support for the acceptance of various forms
of technology by end-users. Given the widespread and
global acceptance of UTAUT2, this study is grounded
in this theoretical model. Individuals’ intended use pro-
vides insights into users’ technology adoption behavior.
In existing technology adoption literature, intentions
are assumed to predict individuals’ actual behavior [16]
and have direct impact on actual technology use [17].
Some researchers, such as Hennington & Janz [18], have
shown a direct relationship between intention and their
actual technology use. As intended use helps to explain
underlying reasons for the adoption, success or failure of
a specific technology, some studies suggested that more
focus should be given to understanding users’ percep-
tions and attitudes in relation to different technology
adoption and use [19]. Moreover, many information sys-
tem (IS) researchers (see for example [20]:) supported the
use of intended use as a proxy for actual technology use
behavior. Therefore, following this IS research trend and
the suggestion of many IS researchers, we used intended
behavior as a proxy for actual use behavior.

The original UTAUT [14] theory was incepted in 2003
to explain users’ intention to adopt new technology and
their subsequent use behavior. According to UTAUT,
the core constructs that influence individuals’ inten-
tion to use technology are performance expectancy,
effort expectancy, and social influence [14]. UTAUT also
asserts that facilitating conditions are important in form-
ing individuals’ actual use behavior, which together with
intention, can explain the actual technology use behavior
[14]. This unified view was later extended to UTAUT?2
by including three additional factors — hedonic motiva-
tion, price value, and habit for enhancing understanding
of both behavioral intention and the actual use behavior.

Since its inception, UTAUT-based research has thrived
and made significant impact in both research and prac-
tice in the past decade. A review of extant literature sug-
gests the utilization of UTAUT theory in a wide area of
research, including healthcare settings [21] as well as
many other areas of technology use. Despite the wide use

Page 3 of 17

of UTAUT in information systems (IS) research, there
are several limitations with UTAUT in explaining indi-
viduals’ technology adoption behavior regardless of tech-
nological and demographical contexts. For example, the
UTAUT model does not consider cultural factors even
though some studies (see for example [22]:) suggest a sig-
nificant role of culture on technology adoption. In addi-
tion, UTAUT theory does not take into consideration the
aspect of trust in determining behavioral intention and
technology use behavior formation. Noting some of these
limitations with the utilization of UTAUT, Venkatesh
et al. [23] called for a paradigm shift of UTAUT exten-
sions in technology acceptance and use. The authors of
UTAUT further recommended the use of this model
using the theoretical notion of contextualization because
“context has become one of the important theoretical
lens” in IS research [23]. Thus, in this study, we grounded
our foundation using the UTAUT2 (Fig. 1) and contextu-
alized the theory in the context of mHealth services use
by older adults in Hong Kong,

Performance expectancy

Performance expectancy (PE) refers to “the degree to
which an individual believes that using the system will
help him or her to attain gains in performance” [14]. In
the context of this study, we define PE as the degree to
which an individual believes that using mHealth services
will enhance the condition of his or her health. PE has
been found as one of the strongest predictors [9, 15, 21]
of individuals’ behavioral intention (BI) to adopt and use
technology, including new healthcare related technolo-
gies such as mHealth. Therefore, we proposed the follow-
ing hypothesis.

HI: Performance expectancy is positively associ-
ated with an individual’s behavioral intention to use
mHealth services.

Effort expectancy

Venkatesh et al. [14] defined effort expectancy (EE) as
“the degree of ease associated with the use of the system”.
We define EE in the context of this study as the degree
to which an individual believes that receiving mHealth
services is easy without needing significant effort. EE
has been reported to have a significant positive impact
on technology, including healthcare technologies such as
mHealth, use behavioral intention (see for examples [9,
15, 21]:). Based on these findings, we proposed the fol-
lowing hypothesis:

H2: Effort expectancy is positively associated with
an individual’s behavioral intention to use mHealth
services.



Liu et al. BMC Geriatrics (2023) 23:73

Performance
Expectancy \
Hl
Effort
Expectancy \HZ
Social
Influence
Facilitating H4
Conditions
Hedonic
Motivation H7a
/ H5
Price Value /
Habit

Fig. 1 Research Model 1 - UTAUT2 [23]

Social influence

Venkatesh et al. [14] defined social influence (SI) as “the
degree to which an individual perceives that important
others (e.g., family and friends) believe they should use
the new system” In this study, we define SI as the degree
to which an individual believes that his or her decision to
receive mHealth services is influenced by significant oth-
ers. Existing research suggests Sl is a significant contribu-
tor to individuals’ behavioral intention decision when
pertaining to technology use, including mHealth technol-
ogy (see for example [24]:). Therefore, we posited the fol-
lowing hypothesis:

H3a: Social influence is positively associated with
an individual’s behavioral intention to use mHealth
services.

H3b: Social influence positively influences an indi-
vidual’s trust belief in mHealth services.

Facilitating conditions

In the original UTAUT study, Venkatesh et al. [14] refer
to facilitating conditions (FC) as “the degree to which an
individual believes that an organizational and technical
infrastructure exists to support the use of the system” To
fit the context of this study, we defined FC as the degree
to which an individual believes they have the necessary
knowledge, resources, and supports for using mHealth
services. FC is a determinant in BI for using different
technologies, including healthcare technologies such as
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mHealth Use
Intention

mHealth (see for example [14]:). However, Venkatesh
et al. [14] stated that the influence of facilitating condi-
tions on behavioral intention diminishes and it is non-
significant in predicting intention if both performance
expectancy and effort expectancy is present in the model.
Other studies (see for examples [9, 25]:) also found non-
significant relationships between these two constructs
in the presence of performance expectancy and effort
expectancy. Thus, we proposed the following hypothesis
regarding the relationship between facilitating conditions
and behavioral intention to use mHealth services.

H4: Facilitating conditions do not have a positive
influence in determining behavioral intention to use
mHealth services.

Habit

Venkatesh et al. [15] described habit (HA) as “the extent
to which people tend to perform behaviors automati-
cally because of learning” In the context of this study,
we define habit as an individual’s belief about his or her
frequent use of mHealth services and one’s natural reli-
ance on this technology for healthcare needs. Existing
research (see for examples [14, 26, 27]:) suggests that
consumers’ habits play a significant impact on technol-
ogy use, both directly and as a behavioral intention path
to affect their behavior. As it can be safely assumed that
“habitual previous behavior in a given context will pre-
dict behavioral intentions in the same context” [28], the
following hypothesis was proposed.
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HS: Habit is positively associated with an individu-
al’s behavioral intention to use mHealth services.

Hedonic motivation

Venkatesh et al. [15] defined hedonic motivation (HM)
as “the fun or pleasure derived from using technology”
Research has shown strong relationship between this
construct and behavioral intention to the acceptance
and use of technology, including healthcare technol-
ogy such as mHealth. Therefore, relying on the evidence
from existing literature, we posited the following
hypothesis:

H6a: Hedonic motivation is positively associated
with an individual's behavioral intention to use
mHealth services.

Hedonic motivation is also known to influence people’s
habits. Although most technology adoption studies sug-
gest a strong relationship between hedonic motivation
and intention to use technology, a few studies investi-
gated the interrelationship between hedonic motivation
and habit. Habit is found as a mediator between hedonic
motivation and intention to use technology [29]. Further-
more, Chiu [30] found that hedonic motivation leads to
the building of habit of technology use. Based on this evi-
dence in existing literature, the following hypothesis was
posited.

H6b: Hedonic motivation is positively associated
with habit in the use of mHealth services.

Price value

Price value (PV) is an outcome of a cost-benefit deci-
sion as individuals go through a process of cost and ben-
efit analysis to gauge their perception about the value
of certain products or services. The tradeoff between
consumers’ benefits (i.e., efficiency, convenience, qual-
ity, etc.) and costs (i.e., monetary expenses, the difficulty
of use, sacrifice, etc.) perceptions determine their value
perceptions, which then further influence their decision.
Thus, researchers defined perceived value as “consumers’
cognitive tradeoff between the perceived benefits of the
applications and the monetary cost for using them” [15].
In this study, we define perceived value as the degree to
which an individual believes that the use of mHealth ser-
vices will provide more benefits than the costs of using
the technology. A number of studies have shown that
users’ perception of value derives from people’s inten-
tion to use and continue to use technologies and tech-
nological services (see for example [15]:). As mHealth is
a cost-effective medium of receiving healthcare service,
the researchers infer that it is a strong determinant of
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behavioral intention to continue to use the technology
[26]. Thus, the following hypothesis was posited.

H7a: Price value is positively associated with an
individual’s intention to use mHealth services.

Although no studies to date show a direct relationship
between price value and habit, studies on the formation
of people’s habit suggest that people’s habit can be influ-
enced by increasing or decreasing value or reward. For
example, Loewenstein et al. [31] reported that increasing
incentives help in forming habits with regards to healthy
food consumption. Thus, we hypothesized the following
relationship between price value and habit.

H7b: Price value is positively associated with an
individual’s habit of using mHealth services.

Trust

Technology trust is defined as “the belief that specific
technology has the capability, functions, or features to do
for one what one needs to be done” [32]. In the context
of this study, we define technology trust (TR) belief as
the degree to which an individual believes that mHealth
technology has the capability to provide adequate and
responsive help to fulfill their healthcare needs. Tech-
nological trust is even more important in healthcare as
more and more healthcare services are being delivered
using technology that requires patients’ interaction,
engagement, and disclosure of their sensitive health and
personal information. Lack of trust in healthcare technol-
ogy can result in many adverse effects on patients’ health.
Zulman et al. [33] studied technology trust and the use
of healthcare resources by older adults and reported that
distrust of Internet technology is responsible for avoid-
ing the use of technology as a health resource. Greater
Trust is believed to affect behavioral intention posi-
tively, especially in behavioral intention to use healthcare
technologies [34]. Therefore, we proposed the following
hypothesis:

HS8: Technology trust is positively associated with
an individual’s behavioral intention to use mHealth
services.

As mHealth services are provided and received
remotely, many factors can hinder or facilitate their suc-
cessful delivery and reception. For example, the quality of
service delivered is often time and serves as a factor that
helps to gain trust, which in turn determines continuous
use of the technology. In addition, the use of mHealth
services requires clients to disclose and exchange their
personal and sensitive data over the Internet using dif-
ferent devices, such as tablets, cellphones, etc. The con-
cern for security and privacy is an important factor
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in situations where data are exchanged between hosts
and clients. Thus, given the complex nature of the trust
construct, it is imperative that we dig deeper to under-
stand how individuals’ perceptions are formed for this
construct. Thus, we include two additional constructs
(Service Quality and Government Policy) that will serve
as antecedent factors. We believe these two additional
factors will provide important insights into the formation
of mHealth services users’ trust beliefs.

Service quality

Although delivering quality service has been an essen-
tial component in the success of technology adoption,
the construct service quality (SQ) has found little atten-
tion in IS literature. The prevalent use of I'T for improv-
ing customer satisfaction garnered much attraction on
IT service quality in recent years. The perception of
service quality is the consequence of individuals’ evalu-
ation of the quality of service received using technology.
This construct has been extensively studied in mar-
keting as well as consumer behavior literature, where
service quality is commonly defined as individuals’
judgement about the overall superiority of service expe-
rience [35]. In the context of this study, we define ser-
vice quality perception as the degree to which mHealth
services can meet the needs of its users. Several stud-
ies [36] reported indirect relationships where service
quality influences satisfaction, which in turn influences
behavioral intention. Perceived service quality has also
been studied in the healthcare context. For instance,
Akter et al. [37] studied mHealth continuance intention
in Bangladesh and found that service quality perception
significantly influences the continuance of mHealth ser-
vices use. Based on the evidence, we posited the follow-
ing hypothesis.

HOYa: Service quality perception positively influences
an individual’s behavioral intention to use mHealth
services.

Individuals often rely on their experience with the qual-
ity of service they receive to gain a level of trust in the
technology. Positive service quality experience increases
their trust, whereas negative experience with service
quality lowers their trust toward the technology. Existing
literature also suggests a strong relationship between per-
ceived service quality and individuals’ trust beliefs. In the
context of healthcare, Akter et al. [37] studied mHealth
services continuance use behavior and found that service
quality not only influences behavioral intention but also
influences trust beliefs, which in turn influences indi-
viduals’ mHealth services continuance intention. Thus,
based on these findings, the following hypothesis was
proposed.
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HO9b: Perceived service quality positively influences
an individual’s trust belief.

Government policy

Government policy (GP) is known to shape the direction
of citizens’ product use. For example, if the government
of a country imposes sanctions on using a certain type or
brand of technology (e.g., US sanctions on using Huawei
devices), it will prevent citizens from using that technol-
ogy. On the other hand, if the government passes laws
and regulations to promote certain product or services,
citizens will find it easy to use them. Thus, government
policies play a critical role in diffusing certain technol-
ogy in society by making favorable policies and envi-
ronments. In investigating technology adoption issues,
researchers suggest that various government policies
play an important role in influencing citizens’ technol-
ogy adoption. A recent study by Wang et al. [38] reports
that government policy, such as use promotion, is one of
the most important factors in users’ continuance inten-
tion in using technology. Llewellyn et al. [39] reported
that healthcare policies act as a significant barrier or
facilitator for promoting hospital and community-based
services. Many studies recommended that government
policymakers pass policies to increase mHealth adoption.
For example, Hoque et al. [9] and others proposed to
make government policies to maximize mHealth services
adoption. Based on this evidence, we posited the follow-
ing hypothesis:

HI10a: Favorable government policy positively influ-
ences an individual’s behavioral intention to use
mHealth services.

Government policy is also known to influence peo-
ple’s trust in technology or service. Government policy
often shapes whether individuals view certain technol-
ogy or service as safe or risky. Especially if the technol-
ogy requires people to disclose their sensitive personal
information. In studying human resource information
systems, Lippert & Swiercz [40] suggest that policy is an
important factor in establishing technology trust, and the
level of trust among users guide their decisions whether
to use or not to use the technology. The absence of an
appropriate policy leads to uncertainties that motivate
individuals to avoid technologies. Lu et al. [41] studied
facilitating conditions of trust for wireless technology
and found that policies play a key role in establishing
users’ trust, which in turn influences intention to use
the technology. Although we found no study examining
the relationship between government healthcare policies
and healthcare technology trust and technology adop-
tion, given the sensitive nature of health information, we
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believe healthcare policies promoted by the government
are a critical antecedent and have more impact on shap-
ing users’ healthcare technology trust beliefs. Thus, we
posited the following hypothesis.

HI0b: Favorable govermment policy is positively
associated with an individual’s trust belief.

In addition to the service quality and government
policy, we believe social influence will also serve as an
important antecedent factor for forming individuals’
trust beliefs toward mHealth services. Existing research
suggests that social influence greatly influences individu-
als’ trust beliefs toward specific technologies (see for
example [42]:).
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Figure 2 shows the extended UTAUT2 model that we
propose as the second research model for this study.
Based on the findings of our first two (UTAUT2 and
Extended UTAUT2) research models, we propose the
third simplified research model for this study. We refer
to the simplified model as Health Technology Service
Acceptance (HTSA) model, shown in Fig. 3, with the fol-
lowing hypotheses.

H3b: Social influence positively influences an indi-

vidual’s trust belief in mHealth services.

HS5: Habit is positively associated with an individu-
al’s behavioral intention to use mHealth services.
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Fig. 3 Research Model 3 - Health Technology Service Acceptance (HTSA) Model
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H6b: Hedonic motivation is positively associated
with Habit in the use of mHealth services.

H7b: Price value is positively associated with an
individual’s habit in using mHealth services.

H8: Technology trust is positively associated with
an individual’s behavioral intention to use mHealth
services.

HOb: Perceived service quality positively influences
an individual’s trust belief.

HI0b: Favorable govermment policy is positively
associated with an individual’s trust belief.

Instruments development and pretest

To ensure the validity of all measures, the measurement
items (see Additional file 1) for latent constructs within
the proposed model were developed from prior studies.
Items for PE, EE, SI, FC, HM, PV, and HA, were derived
from Dwivedi et al. [43], Venkatesh et al. [14] and Ven-
katesh & Davis [24]. TR was derived from Fischer et al.
[44]. Items for SQ were derived from Akter et al. [37]
and items for HP from Llewellyn et al. [39]. A structured
questionnaire was originally developed in English by all
authors and then translated into Chinese.

First, the original English version was translated into
Chinese by a professional translator a bilingual speaker
of native Chinese and English. Then, the first author
(JL), who have doctor degree in nursing and is in native
Chinese and English, backward-translated the draft into
English. Finally, the backward-translated English version
was compared with the original English scale by the two
translators to reach a consensus on the Chinese version
questionnaire. An expert panel, with an excellent com-
mand of the English language and good knowledge of
mHealth, was then set up for the determination of the
content validity index (CVI) of the translated Chinese
questionnaire. Each question was rated on a 4-point
Likert scale, with 4 as most relevant. Any item in the
Chinese questionnaire with a score below 3.5 was modi-
fied based on the panel's recommendations until the
score was above the desired mean score of 3.5. These
modifications were done a maximum of three times for
only a few items. We also had a professor from the lan-
guage department ensure the accuracy between English
and Chinese versions. All items were rated using a five-
point Likert scale, ranging from “strongly disagree” to
“strongly agree”
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Data collection procedure

Convenience and snowball sampling methods were used
to recruit older adults aged 65 or above who were able
to read and communicate in Chinese. They had to be liv-
ing in Hong Kong for at least 7 years. Older adults were
excluded if they had cognitive impairment and / or physi-
cal impairment (such as blindness) that rendered them
unable to use smartphones and mobile apps. Accom-
modating a diverse group of older adults, this study
recruited participants with different levels of experience
using mobile apps on smartphones regardless of their
dependency on others to use the technology.

Ethical approval for this study was obtained from The
Human Subjects Ethics Committee of The Hong Kong Poly-
technic University. Permission to conduct the study was also
sought from the person in charge of the community center
for older adults. Flyers introducing the aims of this study
were posted at the centers. Older adults who wanted to join
the survey were enrolled through the centers. According
to sample selection criteria, the eligibility of those wanting
to participate in this study was assessed by a well-trained
research assistant (RA). Written informed consent was
obtained from each participant before they took part in
a structured face- to- face interview. All of the interviews
were conducted by the RA according to a structured inter-
view guideline developed by the principal investigator.

Participants could also complete the survey through
an online platform — mySurvey. Those eligible and inter-
ested in participating completed an online informed con-
sent document and proceeded to the questionnaire. Data
were collected anonymously. IP addresses were used to
identify and eliminate potential duplicate entries from
the same user.

Demographic profiles

A total of 201 valid responses (among them 47 online
and 154 paper based) were used for testing the pro-
posed model. The sample size requirements may differ
in different types of statistical analysis, and a variety
of opinions were also observed in the literature even
when applying the same tools. In SEM-PLS reference
for determination of sample size, many scholars recom-
mend a sample size equivalent to 10 observations per
model construct. There are 11 constructs in this study.
The recommended sample size for this study should
be more than 110. The sample size calculation for con-
ducting the structural equation model (SEM) shows
that the recommended sample size for this study is
195. In the calculation, the expected effect size was 0.3,
the number of latent variables was 11, the number of
observed variables was 44, the p-value was set as 0.05,
and the statistical power was 0.8. So, the sample size
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of 201 in this study was more than the recommended
sample size of 195. The demographic characteristics of
respondents are presented in Table 1. Most respond-
ents were between the age of 65—-69 years old (45.27%)
or 70-74years old (36.8%). A total of 65.17% of the
sample was female. Although all participants used a
smart phone, only n=29 (14.4%) indicated that they
had used health applications related to nutrition advice,
fall prevention, fitness, etc.

Results

SmartPLS software was used for conducting struc-
tural equation modeling (SEM) using the partial least
squares (PLS) path modeling method [45]. This method
allows estimating the theory-based framework pro-
posed in this study by measuring the latent variables
at the observation level (i.e., measurement model) and
testing the relationships between the latent variables
on the theoretical level (i.e., structural model). First, we
conducted a measurement model analysis to ensure the
validity and reliability of the instrument. Then, we con-
ducted the structural model analysis to test our hypoth-
eses. In this section, we present our results from both
analyses.

Table 1 Demographics of respondents

Variable Frequency Percentage
Gender
Male 70 34.8%
Female 131 65.2%
Age
60 to 64 0 0.0%
65 to 69 91 45.3%
70to 74 74 36.8%
75t0 79 18 9.0%
80 and above 18 9.0%
Educational Qualifications
None 3 1.5%
Primary 40 19.9%
Secondary 38 18.9%
Higher Secondary 87 43.3%
Bachelor’s Degree 24 11.9%
Master's Degree 6 3.0%
Doctorate 1 0.5%
Others 1 0.5%
Marital Status
Single or never married 32 15.9%
Married or in a partnership 137 68.2%
Widowed 24 11.9%
Divorced or separated 8 4.0%
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Measurement model

According to Hair et al. [45], the measurement model
needs to be assessed for internal consistency reliability,
discriminant validity, and convergent validity to confirm
the model fit. In this study, Cronbach’s alpha («), Dijk-
stra-Henseler’s rho, and composite reliability were used
to evaluate the internal consistency reliability. All con-
structs had Cronbach’s alpha ranging from 0.842 to 0.950,
composite reliability values ranging from 0.895 to 0.968,
rho values ranging from 0.853 to 0.951 that are well
above 0.7, a minimum recommended threshold for both
of these measurement criteria [45]. Thus, based on meas-
ures provided in Table 2, all constructs have high internal
consistency reliability.

We confirmed the convergent validity of our instru-
ment using factor loadings and latent variables average
variance extracted (AVE) values. While factor loadings
are recommended to be higher than 0.6 to ensure the
convergent validity of the instrument, the AVE values are
recommended to be higher than 0.5. Table 2 shows that
the factor loading values for items and the AVE values for
each construct were much higher than the recommended
thresholds, confirming a strong convergent validity of our
measurement instrument.

The discriminant validity of the model was examined
by following Chin’s [46] recommendation to use the
square root of the AVEs. To have a satisfactory level of
discriminant validity, the square root of AVE should be
higher than its correlation with other constructs in the
model. The Fornell-Larcker criteria analysis is often used
for discriminant validity, where the diagonal values need
to be higher than the elements in the corresponding rows
and columns to satisfy the conditions for discriminant
validity. The results in Table 3 reveal that the measure-
ment instrument used in this study sufficiently met the
criteria of discriminant validity. We used another meas-
uring criterion, the heterotrait-monotrait ratio of correla-
tions (HTMT), to ensure the discriminant validity of our
model. Our results show HTMT values ranging between
0.319 and 0.806 that are much lower than the recom-
mended threshold of one [47].

We examined the model fit using the results from
bootstrap-based statistical analysis. We used the only
approximate model fit criterion implemented for PLS
path modeling, standardized root means square residual
(SRMR). A cut-off value of 0.08 indicates an acceptable
fit for the model. Results from our bootstrap-based test
show an SRMR value of 0.044, which is much lower than
the recommended acceptable value for a good model fit.
Therefore, our measurement model has overall good-
ness of fit.

We have also tested the multicollinearity and com-
mon method bias, two common issues with any survey
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Table 2 The measurement model

Constructs Items Loadings Cronbach’s alpha Rho_ CR AVE VIF
(a)
Use Intention cn 0.955 0.950 0.951 0.968 0910 5499
c2 0.961 5.969
ci3 0.945 4.305
Performance Expectancy PE1 0.718 0.896 0.905 0.920 0.658 1.991
PE2 0.833 2.687
PE3 0.855 2.591
PE4 0.861 2711
PES 0.770 2113
PE6 0.821 2.347
Effort Expectancy EE1 0.907 0911 0.925 0.937 0.788 3429
EE2 0.871 2244
EE3 0.904 3443
EE4 0.867 2.788
Facilitating Conditions FC 0.825 0.842 0.853 0.895 0.683 2.061
FC2 0.875 2.758
FC3 0.885 2.568
FC4 0.707 1.498
Social Influence S 0.885 0.921 0.922 0.944 0.810 3.220
SI2 0.909 3336
SI3 0.940 4917
Sl4 0.863 2.561
Habit HA1 0.927 0.922 0.924 0.950 0.865 3.192
HA2 0.921 3333
HA3 0.941 3.968
Hedonic Motivation HM1 0.945 0.929 0937 0.955 0.876 4538
HM2 0.958 5410
HM3 0.903 2915
Price Value PV1 0.878 0.902 0.909 0.939 0.837 2.328
PV2 0936 3.655
PV3 0.929 3.361
Trust TR1 0.899 0935 0938 0.953 0.836 3.188
TR2 0.888 3.071
TR3 0.945 6.375
TR4 0924 5.256
Service Quality SQ1 0.823 0.939 0.949 0.952 0.768 2.544
SQ2 0.879 3.500
SQ3 0916 4.538
SQ4 0.866 3.020
SQ5 0.899 3752
SQ6 0.872 3.148
Government Policy GP1 0.925 0.940 0.941 0.957 0.848 4.500
GP2 0.926 4.705
GP3 0.925 4.165
GP4 0.908 3.515

CR Composite Reliability, AVE Average Variance Extracted
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Table 3 Fornetll-larcker criteria analysis
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Cl EE FC GP HA HM PE PV sQ Sl TR
@ 0.954
EE 0.531 0.887
FC 0.545 0616 0.826
GP 0453 0.308 0.288 0.921
HA 0.755 0.530 0.538 0.399 0.930
HM 0.588 0.553 0.642 0.370 0.648 0.936
PE 0.547 0.574 0452 0.535 0.539 0.527 0811
PV 0.549 0422 0.406 0.502 0.595 0.482 0.499 0915
SQ 0.658 0428 0.560 0.527 0.629 0.624 0.468 0.588 0.876
S| 0.558 0.503 0477 0498 0.549 0.628 0.552 0.577 0.590 0.900
TR 0.550 0.360 0.368 0.521 0441 0421 0.466 0.534 0.626 0.561 0915

Cl Continuance Intention, EE Effort Expectancy, FC Facilitating Conditions, GP Government Policy, HA Habit, HM Hedonic Motivation, PE Performance Expectancy, PV

Price Value, SQ Service Quality, S/ Social Influence, TR Trust

method study. We used the variance inflation factor (VIF)
values as shown in Table 2 to rule out the multicolline-
arity issue. All but three items have VIF values that are
much lower than the recommended maximum threshold
of 5, indicating that multicollinearity is not an issue in
our measurement instrument. In order to rule out com-
mon method bias, we conducted the Harman single-fact
test and found that no single factor is apparent in the un-
rotated factor structure, which is an indication that com-
mon method bias is not an issue in this study.

Structural model and hypothesis testing

We tested the hypotheses using three different models.
First, we tested the original UTAUT2 model (Fig. 1) to
validate the applicability of the model in the healthcare
context. Second, we tested using our proposed extended
UTAUT2 model (Fig. 2) with trust and antecedents of
trust. Third, after evaluating the results of the second
model analysis, we re-tested the data using our proposed
simplified HTSA model (Fig. 3). To identify the hypoth-
esized relationships among the factors in the study, the
structural model was tested by path coefficients (), t-sta-
tistics, and p-values, presented in Table 4.

The results for original UTAUT2 (Model 1) show that
the latent variables: performance expectancy, effort
expectancy, social influence, facilitating conditions,
hedonic motivation, and price value, had no influence
on individuals’ intention to use mHealth services. On the
other hand, only the latent variable, habit, was found to
have significant and strong influence on the intention to
continue to use mHealth services.

We then performed the same analysis using the
extended UTAUT2 research model (Model 2). The
results show that only habit from the original UTAUT2
model significantly influenced the intention to use

mHealth services (3=0.572, t=3.684, p=0.000), sup-
porting H5. The results further show that the Trust also
significantly influenced the intention (p=0.164, t=1.967,
p=0.049), supporting H8 in our extended research
model. The results did not support the relationships
between all other latent variables in the original UTAUT
model and the dependent variable, intention. Thus, H1,
H2, H3a, H6a, and H7a were not supported by model 2
analysis. The results show that the relationships between
social influence and trust (f=0.243, t=2.346, p=0.019);
service quality and trust (=0.401, t=3.926, p=0.000);
and government policy and trust ($=0.199, t=2.618,
p=0.009) were all significant, supporting H3b, H9b,
and H10b. Similarly, the relationships between habit
and its antecedent factors: hedonic motivation and price
value ($=0.492, t=6.066, p=0.000; p =0.393, t=4.609,
p=0.000, respectively) were both significant, support-
ing H6b and H7b. However, we found no support for
service quality and government policy as antecedent fac-
tors for individuals’ intention to continue to use mHealth
services. Thus, H9a and H10a were not supported. Fig-
ure 4 shows the path significant results for the extended
UTAUT2 model.

Based on the findings from our first two model analy-
ses, we tested our proposed HTSA model (Model 3). The
results show that the relationship between both habit and
intention (f=0.683, t=7.648, p=0.000) and trust and
intention (f=0.259, t=2.415, p=0.016) were significant,
supporting H5 and H8. The results further show the rela-
tionships between social influence and trust (f=0.242,
t=2.349, p=0.019); service quality and trust ( =0.402,
t=3.979, p=0.000); and government policy and trust
(B=0.200, t=2.607, p=0.009) were all significant, sup-
porting H3b, H9b, and H10b. Finally, for the antecedents
of habit, the results show that the paths between hedonic
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Table 4 PLS-SEM path analysis results summary for structural model

Hypotheses Model 1 (UTAUT2) Model 2 (Extended UTAUT2) Model 3 (HTSA)

B T Stat. Support B T Stat. Support B T Stat. Support
H1 PE—C 095 1.528 No 055 0.718 No
H2 EE—Cl 050 0.694 No 062 0.606 No
H3a SI—Cl 098 1.028 No 020 0.191 No
H4 FC—Cl 112 1436 Yes+ 086 0.610 Yes+
H5 HA—Cl 513%%% 3.736 Yes 572%%* 3.684 Yes 683%** 7.648 Yes
Héa HM— Cl 011 0.127 No -.070 0.572 No
H7a PV—Cl 071 0.830 No -.060 0.596 No
H8 TR—Cl 164* 1.967 Yes 259% 2415 Yes
H9a SQ—dl 145 1214 No
H10a GP—Cl 032 0.351 No
H10b GP—TR 199%* 2618 Yes .200%* 2.607 Yes
H9b SQ—TR A07¥* 3926 Yes A02%** 3.979 Yes
H3b SI—TR 2243% 2.346 Yes 242% 2.349 Yes
He6b HM — HA AQ2¥** 6.066 Yes A9 6.133 Yes
H7b PV— HA .393%x* 4.609 Yes 395%x* 4.781 Yes
Dependent Variables R’ Adj.R? R? Adj. R? R? Adj. R?
Use Intention 628%** 614%%% 725%%% 710%%* 707%%* 698%**
Trust Belief 525%** S17%%* 525%** 518%**
Habit 597%%* 593%** 607%%* S597%x%

Cl Use Intention, PE Performance Expectancy, EE Effort Expectancy, S/ Social Influence, FC Facilitating Conditions, HA Habit, TR Trust, HM Hedonic Motivation, PV Price
Value, SQ Service Quality, GP Government Policy

+ =Supported because H4 was hypothesized a non-significant relationship
"p<0.05

"p<0.01

" p<0.001
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Fig. 4 Path Significant Results for Extended UTAUT2 Model
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motivation and habit (f=0.491, t=6.133, p=0.00)
and between price value and habit ($=0.395, t=4.781,
p=0.00) were significant, supporting both s H6b and
H7b. Therefore, all of the hypotheses in our proposed
simplified HTSA model are found to be supported by our
analyses. Figure 5 shows the path significant results for
the proposed simplified UTAUT2 (HTSA) model.

Discussion

This study sought to understand underlying mecha-
nisms in the formation of the behavioral intention to
use mHealth services by older adults. We laid out three
specific goals for this study. First, we wanted to test the
applicability of Venkatesh’s [15] UTAUT2 model in the
healthcare domain, specifically to explain mHealth use
behavior by older adults. Second, to fill a limitation of the
UTAUT?2 model by extending the model with the inclu-
sion of a technology trust component. Third, to propose
a simplified model that could be more appropriate for
explaining healthcare technology use behavior.

The results suggest that six of the seven UTAUT2 core
factors are not significant determinants of older adults’
intention to use mHealth in the HK context (Table 4),
indicating that the UTAUT2 may not be reliable in
explaining context-specific technology adoption and/
or use behavior and results based on the model can vary
greatly contextually. This inconsistency in results yielded
by the UTAUT2 model is also reported in the meta-ana-
lytic study by Tamilmani et al. [48] when investigating the
reliability of UTAUT2.

The analyses of our extended UTAUT2 model also
reveal that six of the core factors are not significant
determinants of older adults’ behavioral intention to
use mHealth. These findings are consistent with the lit-
erature. For example, Alam et al. [34] found no significant
relationship between effort expectancy, price value and
intention in the Bangladesh context. The explanation of
the weak influence of effort expectancy can be because
the mHealth app interface is now more user friendly for
older adults [34]. To further explain the weak influence
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of price value, we believe that it might be because of the
fact that healthcare is a necessary need in people’s lives
and when the need for caring for their health is the great-
est concern for someone, the significance of price value
becomes low.

Venkatesh et al. [14] reported that the influence of
facilitating conditions on behavioral intention becomes
insignificant if both performance expectancy and effort
expectancy are present in a research model, which is in
line with our finding for the relationship between facili-
tating conditions and intention.

We found that social influence and hedonic motivation
are insignificant predictors of behavioral intention, also
consistent with existing literature [43, 49]. It might indi-
cate that older users are more concerned about the use-
fulness and benefits than fun and excitement about using
the mHealth app.

The findings of our extended model (model 2) show sig-
nificant relationship between trust and behavioral inten-
tion to use mHealth services. Among the three other
factors added to the UTAUT2 model, service quality,
social influence, and government policy were all found to
be strong determinants of trust and insignificant deter-
minants of intention, implying that trust is a stronger
antecedent of behavioral intention than service quality,
social influence, and government policy. Therefore, trust
should be a mediating factor for the relationship between
these three antecedent variables and behavioral inten-
tion. The strong relationship between service quality and
trust is also supported by Cao et al. [50]. Previous studies
also support our findings on the relationships between
social influence and users’ trust [51] as well as the influ-
ence of government health policy on user trust [52].
Additionally, the findings of our study show a strong rela-
tionship between habit and its antecedents: price value
and hedonic motivation, which is supported by previous
studies (see for example [29]:).

Moreover, this study explored the role of trust in influ-
encing the behavioral intention to use mHealth tech-
nology and found positive relationship consistent with

i Social
Hedonic /]
Mofivati 2424 Influence
otivation \.49|*** -t_ 3 35
t=6.13 603 259% e
t=7.65 nHealth Use t=2.42 . 4027 % Service
\ Habit ———» L € . —— ['rust <_( =3.98 = s
/' R?=.601- Intention LR2= 525 =9 Quality
Lrns ——R?=.701 .
-39 200%*
Price Value [/ t=478 " _— e t=2.61\| Government
| *p<0.05; ** p<0.01; *** p <0.001 Policy

Fig. 5 Path Significant Results for Simplified UTAUT2 — HTSA Model
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existing literature (see for examples [33, 44]:). The find-
ings of the present study in relation to the impact of habit
on behavioral intention are consistent with past studies
[15, 26].

Based on the findings in our second (extended
UTAUT?2) model, we proposed and tested a third model
(HTSA). This model analysis revealed interesting find-
ings compared to the previous two models. The empiri-
cal evidence of the original UTAUT2 model found only
one out of seven antecedents for behavioral intention
as significant with R-squared=0.628. Our proposed
HTSA resulted in a much better explanatory power. As
the results for the extended model (Model 2) showed
that only one of the factors from the original UTAUT2
was significant, our simplified model only kept the one
factor from the original UTAUT2 model along with the
new factor (technology trust belief) as antecedents for
behavioral intention. Together, these two factors explain
70.1% (R-squared=.701) of the variances for use inten-
tion, showing a significant improvement from the origi-
nal UTAUT?2 model results. This high variance for trust
also indicates that the extension of the UTAUT2 model
by adding trust (TR) has increased the model fitness in
ultimately explaining the variance in behavioral inten-
tion (BI) for the use of mHealth services by older adults.
The extended model analysis further suggests anteced-
ents for both habit and trust. The R-squared value of
0.525 for trust suggests that all the independent factors,
social influence, service quality, and government policy,
can explain up to 52.5% of the variance in trust, which
ultimately influences the behavioral intention to use
mHealth services. The R-squared value of 0.601 for habit
further suggests that the two antecedent factors, price
value and hedonic motivation, together explain 60% of
the variances in forming a habit, which also in turn helps
to explain better behavioral intention for using mHealth
services.

Implications

This study makes several key theoretical and practi-
cal contributions to technology adoption and diffusion
domain.

Theoretical contribution

First, although the UTAUT2 model was developed by
combining eight competing theories from the technol-
ogy acceptance domain, the model lacks a vital compo-
nent of technology adoption, which is technology trust.
A large body of researchers agrees that one of the big-
gest motivators to utilize sensitive technologies (such as
mHealth) is individuals’ trust in the specific technology.
This study addresses this missing concept by extend-
ing the UTAUT2 model by incorporating trust and its
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antecedent factors. We show that the addition of the
trust component significantly improves the explanatory
power of the UTAUT2 model for technology adoption
and further diffusion.

Second, this study also makes a significant theoreti-
cal contribution to the domain of technology adoption
by proposing a simplified healthcare technology service
acceptance (HTSA) model. Because “context has become
one of the important theoretical lenses” in IS research
[23], the authors of UTAUT further recommended using
this model using the theoretical notion of contextualiza-
tion. Responding to the call for contextualization of the
UTAUT?2 model, we believe that our simplified model is
a step forward in the contextualization of the UTAUT?2
model for understanding the use behavior of mHealth
services by older adults.

Third, the applicability of the UTAUT2 model for
understanding the use of technology by older adults is
largely unknown in existing technology adoption litera-
ture, specifically in the healthcare technology adoption
domain. This study provides important stride to fill this
void in the existing literature by providing empirical evi-
dence. Our analyses of the three different models provide
important direction for future researchers in studying
technology use behavior.

Practical contribution

The study provides valuable information for government
and healthcare organizations to improve the adoption
of mHealth by older adults in Hong Kong. The findings
suggest that if government policymakers could increase
the trust level of older adults in mHealth technology, it
would enhance the behavior intention for mHealth ser-
vices usage. Practical implications of the findings are fur-
ther elaborated below:

First, mHealth services providers need to increase
the trust level of older adults by showing their
achievement, skills and reliability as well as improv-
ing app design and presenting the advantages of their
services better.

Second, mHealth service providers are urged to
employ age-friendly strategies to design mHealth
services that can fit older adults with different levels
of digital health literacy. It can promote their service
quality to establish a trusting relationship between
service providers and older users.

Third, the government should undertake the respon-
sibility to reinforce the safety and effectiveness of
mHealth services. The government should formulate
regulations to govern the mHealth services provid-
ers. This policy indicates that the government sup-
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ports and monitors the development of mHealth ser-
vices. It can also enhance older adults’ confidence in
adopting mHealth services in their daily life.

Limitations of the study

This study has several limitations. First, the findings of
this study may not be generalizable to a broader geo-
graphical or age population as the source of data was
only from older adults (65years or older) in Hong
Kong. Future studies may include a more heteroge-
neous group of samples from a broader range of ages
and geographical regions. The second limitation is that
we used self-reported surveys for this study. Although
self-reported surveys are popular and widely used by
the research community for studying technology adop-
tion research, this method of collecting data is known
to contribute to many different biases in the study
results [53]. Future studies can be designed to avoid
these biases as well as appropriate steps can be taken
to mitigate some of these biases. The third limitation of
this study comes from the contextualization of a spe-
cific technology. This study was conducted in the con-
text of mHealth services, and the results may not be
applicable to understanding behavioral intention for
using other healthcare technologies and their asso-
ciated services (e.g., EHR, PHR, etc.). An additional
study must be conducted to test the validity of our pro-
posed simplified HTSA model in broader technologi-
cal, geographical, and population settings. The fourth
and final limitation is that this study did not consider
health-related variables, such as the health condition or
health status of the participants. We acknowledge that
different health conditions of older adults could influ-
ence their decision on mHealth technology use inten-
tion differently; therefore, this should be considered in
a future study.

Conclusion

This study investigated factors to understand behavio-
ral mechanisms for forming the intention to continue
to use mHealth services by older adults in Hong Kong.
We first analyzed the responses using the original
UTAUT?2 and our proposed extended UTAUT2 mod-
els. The analysis of these two models revealed inter-
esting results. Though our proposed extended model
showed better performance than the original UTAUT2
model in explaining behavioral intention to continue
to use mHealth services by older adults in Hong Kong,
six of the seven factors in the original UTAUT2 were
found insignificant in explaining the use behavior of
healthcare technology. Only trust and habit showed a

Page 150f 17

positive association with the behavioral intention for
the use of mHealth services by older adults.

Based on our findings of the first two models, we
further proposed and validated a third model (HTSA
model) that is a more simplified version of the extended
UTAUT model. The results showed that the HTSA
model performed better than the original UTAUT2 and
our previously proposed extended models in explaining
behavioral intention to continue to use mHealth ser-
vices by older adults in Hong Kong.

During the test of the HTSA model, it was found that
service quality, social influence, and government policy
were the strong determinants of trust and insignifi-
cant determinants of behavioral intention. Hence, the
authors conclude that trust should be used as a mediat-
ing factor for the relationships between service quality,
social influence, and government policy and behavioral
intention. We believe these findings are interesting and
novel and provide an in-depth understanding of the
formation of healthcare technologies use behavior of
older adults, especially in the Hong Kong context.
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