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Abstract
The adoption of e-healthcare services is critical for improving healthcare accessibility and efficiency, particularly in regions
with diverse populations, such as Malaysia. Although e-healthcare services offer numerous advantages, their adoption is
considerably low and requires a thorough understanding of the key factors that influence their use. This study investigated
the determinants and dynamics of e-healthcare adoption among adults over 40 years by extending the unified theory of
acceptance and use of technology. We employed a quantitative research approach, specifically a cross-sectional design.
Data were collected from 393 Malaysian respondents through a structured survey questionnaire, using convenience sam-
pling. They were analyzed using partial least-squares-structural equation modeling. The findings revealed that performance
expectancy, effort expectancy, social influence, and perceived product value significantly influenced individuals’ intentions to
use e-healthcare services. Meanwhile, perceived risk had an insignificant negative effect. Facilitating conditions significantly
influenced individuals’ intentions and actual usage of e-healthcare services. Furthermore, individuals’ intentions to use
e-healthcare services significantly affected their actual use of these services. Additionally, the intention to use e-healthcare
services mediated the relationship between the factors and usage of e-healthcare services, except for perceived risk.
Surprisingly, perceived service accuracy had no significant moderating effect on the relationship between individuals’ inten-
tion to use and their actual use of e-healthcare services. This study offers valuable insights for educators, practitioners, and
policymakers, enriching the scholarly discourse in this field. For education, integrating e-healthcare topics into curricula can
enhance digital health literacy. In practice, healthcare providers should focus on improving user experience and addressing
barriers to technology adoption. For policy making, developing supportive policies, and infrastructure to facilitate e-health-
care adoption is crucial to enhancing public health outcomes.
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Introduction
The fusion of technological advancements and healthcare
has ushered in a transformative era in healthcare world-
wide.1 One of the most striking developments is the emer-
gence of e-healthcare, a multifaceted approach that utilizes
digital technologies to enhance accessibility, efficiency,
and overall patient outcomes in healthcare.2 The benefits
of e-healthcare services are extensive, encompassing the
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entire spectrum of healthcare delivery. E-health, which
includes digital support and health informatics, has
emerged as another important advancement.2 The scope
of e-health primarily includes telemedicine consultation,
remote patient monitoring, digital health and medical his-
tories, medical and chronic illness supervision applications,
clinical decision-support systems, and e-prescription soft-
ware. Meanwhile, e-healthcare services include the
remote provision of physician consultation, surveillance,
health screening, and other healthcare services.3 E-health
is currently viewed as a creative, dependable, and effective
method of delivering healthcare because of its extensive
range of services and solutions. The global e-health
market is projected to exceed USD 206 billion by 2022.4

However, e-Health market growth may be influenced by
various drivers and challenges in government support and
regulations, culture, economics, and technology.

The adoption of e-healthcare services is a multifaceted
issue, influenced by various factors that determine its
success and widespread utilization. While e-healthcare ser-
vices offer convenience and accessibility, leading to
increased popularity among consumers,2 their adoption is
not uniform across demographics and regions. For instance,
despite the potential of mobile technologies to enhance
healthcare delivery in low-income countries, user accept-
ance remains a critical challenge.5 Moreover, healthcare
digitization introduces significant security concerns that
must be addressed to protect sensitive health data.6

Additionally, specific demographic groups, such as senior
citizens in Malaysia, show relatively low adoption rates,
which may be influenced by factors such as information
quality, privacy, security, trust, and health literacy.7,8

Furthermore, the IT revolution has transformed consumer
behavior in healthcare, necessitating an understanding of
the factors that drive behavioral intention to use and
actual usage of e-healthcare services.9

Malaysia is renowned for its technological advance-
ments and dedication to healthcare improvements. Thus,
the integration of e-healthcare services presents a promising
opportunity to usher in a new era of excellence in health-
care.10 Despite the benefits of e-healthcare services, an
ongoing challenge is understanding which factors influence
Malaysian adults’ intention and utilization of these services.
For instance, Hayat et al.8 highlighted that the actual adop-
tion of e-health applications is not directly influenced by the
intention to use them. This suggests a disconnect between
positive attitudes toward eHealth and real-world applica-
tion. Luai et al.11 provide insights into the barriers specific
to digitalizing oral health promotion, including the lack of
supportive infrastructure, facilities, resources, and stable
internet connections. Omar et al.7 identified challenges
such as information quality, privacy and security, trust,
and health literacy as barriers to the adoption of digital
healthcare services among senior citizens in Malaysia.
While research explores the general acceptance of

e-healthcare services, a comprehensive examination of the
key factors, particularly within the cultural and societal
context of Malaysia, is still lacking.12 Furthermore,
research has primarily focused on the design and implemen-
tation of these services from the service provider’s perspec-
tive, with a limited understanding of how patients perceive
technology usage and how it relates to behavioral aspects.
The intersection of technology and healthcare introduces
a complex interplay of factors spanning the technological,
social, and individual dimensions, including concerns
about privacy and potential consequences of the misuse
of health-related information.13 Gu et al.14 claimed that
few studies have expanded the original unified theory of
acceptance and use of technology (UTAUT) model to
include behavioral constructs in the context of healthcare
delivery. Dhagarra et al.13 found that most e-healthcare
studies have explored the barriers and obstacles to technol-
ogy adoption from a qualitative standpoint.

Healthcare technology adoption studies have employed
various theories to comprehensively understand this phe-
nomenon. For instance, Lu15 studied online health commu-
nity adoption using social exchange theory; Papa et al.16

examined smart healthcare device adoption using the tech-
nology acceptance model (TAM); Ye et al.17 explored
mobile healthcare technology adoption by integrating
stimulus-organism-response (SOR); and Arkorful et al.18

researched mobile health technology adoption incorporat-
ing the theory of planned behavior and IoT adoption in
e-healthcare.19 Although behavioral intention, or intention
to use, is a crucial element in technology adoption models
that explain decision-making processes and precedes
actual adoption, researchers are consistently discovering
new perspectives on technology adoption. Wilson et al.20

examined the enablers of and barriers to using e-healthcare
among older adults. The authors concluded that scholars
have not sufficiently emphasized factors influencing older
adults’ decisions to use technology to access healthcare.
Ross et al.21 studied various factors related to organiza-
tional context, technology, and user acceptance, and recom-
mended further exploring factors affecting successful
e-health implementation. Endeshaw9 recommended
further in-depth investigation of factors which affect
e-healthcare service quality. To address these research
gaps, we aim to explore the behavioral and contextual
factors in the context of e-healthcare usage among
Malaysian adults, focusing on the UTAUT model. To
enhance our understanding of the complex relationships
within this framework, we introduced a critical moderating
factor: perceived service accuracy.

We sought to address the following research questions
(RQs):

RQ1: Do individuals’ behavioral and contextual factors
(i.e., performance expectancy, effort expectancy, social
influence, perceived risk, and product value) affect the
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intention to use and actual usage of e-healthcare services
among Malaysian adults?

RQ2: Do facilitating conditions influence the intention to
use e-healthcare services?

RQ3:Does an individual’s intention to use e-healthcare ser-
vices affect their actual usage of these services?

RQ4: Do individuals’ intentions to use e-healthcare ser-
vices mediate the relationship between their behavioral
and contextual factors and actual usage of e-healthcare
services?

RQ5: Does perceived service accuracy moderate the rela-
tionship between the intention to use and actual usage of
e-healthcare services?

To answer the abovementioned RQs, we developed a
framework extending the UTAUT model to examine the
factors influencing e-healthcare services adoption among
Malaysian adults. The proposed model’s applicability was
empirically tested using data collected from 393 samples.
The significance of this endeavor lies not only in advancing
academic knowledge, but also in providing practical impli-
cations for healthcare stakeholders. The actionable insights
for policymakers, healthcare providers, and technology
developers can facilitate the development of targeted strat-
egies that resonate with Malaysia’s cultural and societal
nuances.

Theoretical background and hypotheses
development
The UTAUTmodel, developed by Venkatesh et al.,22 forms
the theoretical foundation of this study. This model serves
as a framework for understanding individuals’ behavioral
intentions in technology adoption scenarios. In the e-health-
care literature, UTAUT has been utilized to grasp indivi-
duals’ intentions to adopt technology. Wang et al.23

examined consumer willingness to use healthcare devices
by considering performance expectations, ease of use, sup-
portive conditions, social influence, and task-technology
alignment. Arfi et al.19 explored patient readiness to
embrace IoT in e-health considering performance expecta-
tions, ease of use, social influence, supportive conditions,
and credibility. Gu et al.14 investigated patient intentions
to adopt e-health technology by examining aspects such
as performance expectations, ease of use, social influence,
task technology fit, privacy, collision risk, and personal
innovation in trustworthiness of information technology.
Yang et al.24 investigated consumer acceptance of
m-health by analyzing health awareness, motivation,

technological accuracy, critical mass, privacy protection,
user-friendliness, and convenience as driving factors.

Next, in the context of e-healthcare services, users are
always concerned about concealing information. Thus,
understanding how perceived risk affects individuals’
intention to use and actual use of e-healthcare services is
important. Sahoo et al.25 examined the effect of perceived
risk on performance expectancy and effort expectancy in
the context of using an e-health consultation using the
stimuli–organism–behavior–consequence model; however,
the authors did not test the direct effect of perceived risk
on intention. Zhang et al.26 studied the effect of price
value, as well as other factors, on patients’ intention to
use online health communities. However, the authors did
not assess product value. Interestingly, while perceived
risk is acknowledged as a significant factor in technology
adoption, its impact can vary. For instance, Yin et al.27 indi-
cated that perceived risk does not significantly influence
behavioral intention in the context of wearable intelligent
medical devices. This suggests that the integration of per-
ceived risk into the UTAUT model may yield different
implications, depending on the technology and context
being studied.

Nonetheless, in the context of technology acceptance
models, product and price values are distinct concepts.
Product value generally refers to the perceived benefits or
utility a user gains from using a technology, which can
include aspects such as performance, efficiency, and effect-
iveness. Price value, on the other hand, is a construct spe-
cific to UTAUT2 that assesses the user’s cognitive
trade-off between the perceived benefits of the technology
and the monetary cost of using it.28 Interestingly, although
price value is a key construct in UTAUT2, it has been
adapted or replaced in some studies to better fit the
context. For instance, in the study of e-government ser-
vices, the price value was substituted with public value,
reflecting the non-commercial nature of public services.29

This indicates that, while price value is important in con-
sumer contexts, its relevance may vary in different settings.

Thus, we integrate perceived risk and product value into
the model and investigate their effects on e-healthcare ser-
vices adoption intention. Incorporating the construct of per-
ceived risk into the model aims to address issues related to
e-healthcare services, including confidentiality, data secur-
ity, and dependability of the system. Furthermore, we
include perceived service accuracy as a moderator in the
relationship between individuals’ intention to use e-health-
care services and their actual usage to gain a comprehensive
understanding of the phenomenon. Introducing perceived
service accuracy as a moderating construct in the context
of e-healthcare services could be theoretically justified by
the nature of these services. The importance of accuracy
is implicit in healthcare contexts where the consequences
of inaccurate information can be severe.23 These services
must provide accurate data that can be useful and trusted
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by the users. The perceived accuracy of the service pro-
vided could influence the relationship between core
UTAUT constructs and user behavior. If users perceive
the data provided by the services as accurate, they may be
more likely to find the service useful (performance expect-
ancy) and easier to use (effort expectancy), which could in
turn increase their behavioral intention to use the device and
their actual usage behavior.27 Grounded in the theoretical
frameworks of technology acceptance and trust, we posit
that users’ confidence in the accuracy and reliability of
e-healthcare services significantly influences their likeli-
hood to act on their intention, particularly in the context
of e-healthcare, where the accuracy of medical and
health-related information is crucial.

Performance expectancy and intention
to use e-healthcare services

Performance expectancy refers to a user’s perception of the
technology’s effectiveness in enhancing performance.22

Performance expectancy is the combination of two import-
ant dimensions, perceived usefulness and ease of use, which
originate from the constructs of TAM.25 Individuals who
perceive e-healthcare services as useful (e.g., improving
health outcomes and providing timely information) are
more likely to have the intention to use them. Moreover,
if individuals find e-healthcare services to be user friendly,
they are more likely to adopt them. Studies show that using
innovative technologies substantially impacts individuals’
intentions to use these technologies.30 Zhang et al.26

found a significant positive relationship between patients’
acceptance of online health communities in China and
their behavioral intention to use these communities.
Sahoo et al.25 found a significantly positive impact of per-
formance expectancy on adopting e-health consultation ser-
vices. Thus, we propose the following hypothesis:

H1: Perceived expectancy is positively associated with the
intention to use e-healthcare services.

Effort expectancy and intention to use
e-healthcare services

Effort expectancy centers on the perceived ease of use of
technology.22 The concept of ease of use is derived from
both the DOI and TAM theories.25 Studies show that
effort expectancy significantly influences individuals’
intentions to adopt new technologies, even in the healthcare
sector. Hossain et al.30 studied the electronic health records
in healthcare systems among Bangladeshi physicians and
found that effort expectancy substantially influenced physi-
cians’ decision-making in the adoption process. Gu et al.
(2021) revealed that effort expectancy significantly influ-
enced the intention to adopt e-health technology of patients

in hospitals. Srivastava and Raina31 explored e-pharmacy
adoption in India and found a positive and significant cor-
relation between effort expectancy and consumer adoption
intention. Thus, we propose the following hypothesis:

H2: Effort expectancy is positively associated with the
intention to use e-healthcare services.

Social influence and intention to use
e-healthcare services

Social influence plays a pivotal role in technological accept-
ance.22 This construct captures the impact of social interac-
tions, norms, and influences on an individual’s decision to
adopt e-healthcare services. This encompasses the influ-
ences of family, peers, and healthcare professionals on the
adoption process. Individuals who observe their family
and friends using e-healthcare services for health-related
activities and believe that they endorse the use of these ser-
vices are expected to express positive intentions to use
them.32 Moreover, the inclination to use e-healthcare ser-
vices because family and friends also engage in such activ-
ities results in an overall positive relationship, highlighting
the impact of familial and peer behaviors on individual
intentions.33 The influence of significant others who hold
sway over one’s behavior and those who generally influ-
ence behavior further strengthens the positive relationship.
Thus, individuals who perceive the endorsement and
encouragement of significant others are more likely to
express a positive intention to use e-healthcare services.30

Gu et al.14 and Arfi et al.19 found a positive impact of
social influence on the intention to use e-healthcare ser-
vices. Thus, we propose the following hypothesis:

H3: Social influence is positively associated with the inten-
tion to use e-healthcare services.

Perceived risk and intention to use
e-healthcare services

Perceived risk refers to an individual’s subjective evalu-
ation and assessment of potential uncertainties, hazards,
or negative consequences associated with a particular
action, decision, or choice.34 In the context of e-healthcare
service adoption, perceived risk encompasses the concerns
and uncertainties users may associate with using digital
healthcare platforms. Individuals who express concerns,
such as sharing their personal information without
consent and perceptions of financial risks, are expected to
have a negative intention to use these services.35

Additionally, concerns about financial or payment fraud,
uncertainty due to regulatory complexities, and an
increased likelihood of receiving spam or spam SMS ser-
vices after subscribing to e-healthcare services contribute
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to an overall negative relationship.36 This underscores the
impact of perceived risks, including privacy, financial
security, regulatory uncertainties, and potential inconve-
niences such as spam, as barriers to the adoption of
e-healthcare services within the Malaysian context. Lu
et al.37 and Upadhyay et al.3 empirically demonstrated the
negative impact of perceived risk on the behavioral inten-
tion to use smart healthcare services. Thus, we propose
the following hypothesis:

H4: Perceived risk is negatively associated with the inten-
tion to use e-healthcare services.

Perceived product value and intention
to use e-healthcare services

Perceived product value refers to an individual’s subjective
assessment of product quality and satisfaction derived from
using a particular product or service compared to the per-
ceived costs or efforts associated with its use.17

According to Zhang et al.26 perceived product value is a
multidimensional concept that requires individual assess-
ment of relevant determinants, including functional, sym-
bolic, and experiential characteristics. However, few
e-healthcare studies investigate the role of perceived
product value in influencing users’ intention to adopt
e-healthcare services. Immonen and Koivuniemi38 studied
the determinants of self-service technologies in the health-
care sector and the effect of perceived product value as a
dimension of perceived benefits, finding a significant rela-
tionship between the two constructs. Researchers have
revealed a substantial relationship between perceived
product value and positive intention to adopt innovative
technologies, particularly in the healthcare sector. When
users have a positive perception of the value of e-healthcare
services, they tend to adopt them very quickly.39 Thus, we
propose the following hypothesis:

H5: Perceived product value is positively associated with
the intention to use e-healthcare services.

Facilitating conditions, intention to use,
and actual usage of e-healthcare services

Facilitating conditions are external factors that facilitate or
hinder technology use.22 Facilitating conditions include
the adequacy of infrastructure, technical, and organizational
capabilities while using any application or technology.
Studies have shown that facilitating conditions significantly
influence individuals’ intention to use innovative technolo-
gies in healthcare services. Gu et al.14 found that favorable
conditions for the e-health technology positively affected
hospitalized patients’ willingness to adopt it. Sahoo
et al.25 discovered that the presence of adequate

technological infrastructure played a crucial role in
shaping users’ intentions to adopt e-health consultations.
These supportive conditions encompass resource accessi-
bility, technical assistance, and training opportunities,
which not only shape users’ intentions, but also facilitate
the effective utilization of e-healthcare services.14 Thus,
evaluating the impact of facilitating conditions on indivi-
duals’ intentions to utilize e-healthcare services and their
subsequent actual usage are important. Accordingly, we
hypothesized the following:

H6: Facilitating conditions are positively associated with
the intention to use e-healthcare services.

H7: Facilitating conditions are positively associated with
the actual usage of e-healthcare services.

Intention to use and actual usage
of e-healthcare services

Individuals expressing their intent to use e-healthcare ser-
vices for health management, planning frequent usage,
and predicting future usage may exhibit a positive correl-
ation with the actual usage of e-healthcare services. This
highlights the motivational aspect of intention in driving
individuals’ active consideration and planning for the adop-
tion of e-healthcare services.40 Continued time investment,
a desire for future health safety, plans for regular usage, and
intention to continue using e-healthcare services contribute
to the overall positive relationship.41 Users who actively
and consistently translate their intentions into tangible
actions by using these services are more likely to engage
with and adopt digital healthcare platforms. Yang et al.24

also found a strong relationship between intention to use
and actual adoption of new healthcare applications. Thus,
we hypothesized the following:

H8: Intention to use e-healthcare services is positively asso-
ciated with the actual usage of those services.

Moderating role of perceived service accuracy

Here, we consider the concept of perceived service accur-
acy as an individual’s belief that the e-healthcare services
will function without any errors or issues. A product with
higher perceived service accuracy should increase customer
satisfaction and reliability, ultimately creating a competitive
advantage for that product.42 Most studies investigate per-
ceived service accuracy as an independent variable and
measure how it influences the adoption intention of a par-
ticular technology or service. Johnson and Woolridge43

found that service accuracy substantially influences the
adoption of mobile self-checkout systems. Singh et al.44

investigated the determinants that influence the adoption
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of wearable healthcare technologies and found a significant
association between service accuracy and adoption deci-
sions. However, very few studies tested perceived service
accuracy as a moderator, particularly in the field of e-health-
care services, which we consider here. Accordingly, we
hypothesized the following:

H9: Perceived service accuracy moderates the association
between the intention to use and actual usage of e-health-
care services.

Mediating role of intention to use
e-healthcare services

We argue that the intention to use e-healthcare services sig-
nificantly mediates the relationships between various deter-
minants, including performance expectancy, effort
expectancy, social influence, perceived risk, perceived
product value, and facilitating conditions, and the actual
usage of e-healthcare services among Malaysian adults.
Individuals with higher performance expectations are
more likely to engage in actual usage with positive inten-
tions. Arfi et al.19 found that belief in the benefits of
using healthcare technology played a significant role in
influencing individuals’ actions. Moreover, those who
find e-healthcare services easy to use are more inclined to
use them based on their positive intentions, as highlighted
by Wang et al.23 Additionally, individuals influenced by
friends and family are more likely to use these services
because of their intentions, as emphasized by Gu et al.14

and Arfi et al.19 Conversely, those who perceived risk are
less likely to use these services.3,37 Meanwhile, individuals
who perceive value in a product are more inclined to use it
based on their positive intentions, as noted by Lee and
Lee45 and Yang et al.46 Furthermore, people with access
to resources and supportive environments are more likely
to engage with these services due to their intentions, as
demonstrated by Gu et al.14 Therefore, we argue that
users’ intentions serve as a bridge, translating the influence
of these determinants into tangible actions and ultimately
influencing their actual engagement with e-healthcare ser-
vices. Accordingly, we propose the following hypotheses:

HM1: Intention to use e-healthcare services mediates the
relationship between performance expectancy and actual
usage of e-healthcare services.

HM2: Intention to use e-healthcare services mediates the
relationship between effort expectancy and actual usage
of e-healthcare services.

HM3: Intention to use e-healthcare services mediates the
relationship between social influence and actual usage of
e-healthcare services.

HM4: Intention to use e-healthcare services mediates the
relationship between perceived risk and actual usage of
e-healthcare services.

HM5: Intention to use e-healthcare services mediates the
relationship between perceived product value and actual
usage of e-healthcare services.

HM6: Intention to use e-healthcare services mediates the
relationship between facilitating conditions and actual
usage of e-healthcare services.

Accordingly, we propose the following research frame-
work (Figure 1).

Research methodology
This study investigated individuals’ behavioral factors
influencing their intention to use and usage of e-healthcare
services. We adopted a quantitative research method using a
cross-sectional research design for the collection of data at a
single point in time that offered a snapshot of respondents’
attitudes, perceptions, and behaviors related to e-healthcare
services. We used a structured survey questionnaire to
collect data.

Population and sampling method

The sample population comprised Malaysians adults who
were older than 40 years. Thus, individuals were the unit
of analysis. Owing to shifts in lifestyles and the increasing
prevalence of chronic diseases, this age group requires com-
prehensive, accessible, and technology-driven healthcare
services. Thus, we collected data from this respondent
population. We used convenience sampling for data collec-
tion because we selected respondents based on their acces-
sibility and willingness to participate. The exploratory
nature of this study also made it suitable for convenience
sampling, as recommended by Andrade.47

Survey instrument

The measurement items were adapted from existing litera-
ture and modified slightly to match the context of this
study. However, we conducted a thorough review of rele-
vant literature to ensure that the constructs and items
included in the questionnaire were theoretically grounded
and aligned with the objectives of our study.
Additionally, we consulted with experts in the field to
assess content validity and refine the questionnaire items
based on their feedback. To establish reliability, we also
conducted a pilot study by collecting data from 35 partici-
pants to assess the clarity, comprehensibility, and internal
consistency of the items. We then performed statistical
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analyses, such as Cronbach’s alpha coefficient, to assess the
internal consistency reliability of the scales used in the
questionnaire. We used a 5-point Likert scale to assess
the variables, ranging from 1 = strongly disagree to 5 =
strongly agree. The questionnaire comprised two sections.
The first section included questions to obtain information
about the respondents, such as gender, age, employment
status, chronic illness, exercise frequency, monthly
income, marital status, education, weight category, and
physical fitness. The second section included questions on
integrated variables. The details of the survey instrument
are presented in Table 1 and Table S1 in the online
supplemental materials.

Sample size calculation and data collection process

We conducted a G*power test (version 4) to estimate the
approximate sample size, as recommended by Hair
et al.53 We set the parameters of effect size ( f2) as 0.15,
power 1-β err Prob as .95, and number of predictors as
8. This yielded a G*power generated minimum sample
size of 160. The respondents were recruited based on spe-
cific criteria. Only Malaysian residents aged 40 years or
older were eligible to participate in the study.
Additionally, individuals who had experience with or

were potential users of e-healthcare services were included
in the sample. We employed a self-administered survey
questionnaire to gather data from the participants. The
online survey questionnaire (Google Form) was dissemi-
nated over multiple online platforms and social media
groups, such as Facebook and WhatsApp. We added a
statement to the questionnaire that informed participants
that they had the option to withdraw from the survey at
any time and that their personal information would be safe-
guarded. A short explanation of e-healthcare services was
also included to help participants understand the topic of
the study. To foster participation, we regularly shared the
online form and extended an offer to take part in the
survey on a weekly basis from July to September 2023.
To avoid potential complications, a total of 393 responses
were collected versus a minimum sample size of 160. The
STROBE Statement includes a checklist of items that can
be found in Table S2 in the online supplemental materials.

Data analysis method

We used partial least-squares-structural equation modeling
(PLS-SEM) to evaluate the data and test our proposed
framework. This method is suggested when the nature of
the study is exploratory with the aim of providing new

Figure 1. Research framework.
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theoretical insights or expanding existing theories.54

PLS-SEM is also recommended for assessing complex fra-
meworks with numerous variables and indicators. This
method is appropriate for predicting a specific phenomenon
by evaluating a proposed model.55 Hence, we employed
PLS-SEM to develop and explore a novel theoretical
model that extended the UTAUT by including specific con-
structs with numerous indicators to predict individuals’
intentions to use e-healthcare services and their actual
usage.

Demographic details

The demographic data (Table S3 in the online supplemental
materials) display that 56.7% of the respondents were male,
and 43.3% were female. The age distribution of the respon-
dents showed that 53.7% were aged 51–60 years. Among
them, 44.3% were employed full-time, while 27% were
self-employed. Most of the respondents had a secondary
school certificate (45.8%) or a diploma (35.4%). The
marital status of the participants was primarily married
(66.7%), followed by single (12.7%) and divorced
(12.5%). More than two-thirds (65.1%) of the participants
reported not having a chronic illness, while the remaining

third (34.9%) reported having one. The majority of the
respondents (84.7%) were physically fit, while 15.3%
were physically unfit. In terms of weight, 60.1% reported
having a healthy weight range, and 32.1% were slightly
overweight. Regarding exercise, 49.1% of participants
reported sometimes exercising, 26% reported often,
16.8% reported rarely, 3.8% reported never, and 4.3%
reported always exercising.

Results

Common method bias

Common method bias (CMB) can occur when data are col-
lected from a single source.56 Hence, Harman’s single-factor
test was used to determine the presence of CMB.
Specifically, the variance explained by a single source
should be less than 50% of the total variance explained.
The results revealed that the variance explained by a single
factor was 22.892, which is lower than the recommended
threshold. Moreover, we tested the presence of CMB by
assessing the full collinearity of all constructs, as suggested
by Kock.56 Specifically, the variance inflation factor (VIF)
of the constructs should be lower than three. Table 2

Table 1. Details of the survey instrument.

Variable No. Operational definition Source

PE 4 The degree to which an individual believes that using a particular technology will help them to
attain gains in job performance.22

Puspitasari and
Firdauzy32

EE 5 The degree of ease associated with the use of a particular technology.22 Puspitasari and
Firdauzy32

SI 5 The degree to which an individual perceives that important others believe they should use the
new technology.22

Puspitasari and
Firdauzy32

PR 5 Potential negative consequences that users believe may arise from using a particular
technology.34

Princi and Krämer36

PP 3 Consumers’ overall assessment of the utility of a technology based on perceptions of what is
received and what is given.17

Kim et al.48

FC 4 The degree to which an individual believes that an organizational and technical infrastructure
exists to support the use of a technology. 22

Sitthipon et al.49

PA 3 The extent to which consumers believe that the services provided are correct, reliable, and meet
their healthcare needs.43

Yang et al.50

IeH 3 The degree of the likelihood that individuals will employ e-healthcare services in the
foreseeable future.51

Wei et al.40

AeH 4 The extent to which consumers engage with and utilize e-healthcare services in practice, as
opposed to their intentions or plans to use such services.52

Wu et al.41

Note. PE: performance expectancy; EE: effort expectancy; SI: social influence; PR: perceived risk; PP: perceived product value; FC: facilitating conditions; PA:
perceived service accuracy; IeH: intention to use e-healthcare services; AeH: actual usage of use e-healthcare services.
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shows the results, which indicate that all values were lower
than 3. Therefore, the data were free of CMB issues.

Multivariate normality

The Web Power online tool (https://webpower.psychstat.
org/models/kurtosis/) was used to examine the multivariate
normality. The Mardia skewness and kurtosis p-values were
less than .05, confirming the non-normality of the data.

Measurement model

The measurement model was assessed by verifying the reli-
ability, convergent validity, and discriminant validity of the
constructs. Reliability was achieved with Cronbach’s alpha
values greater than .70. Convergent validity was achieved
as composite reliability (CR) exceeded 0.70 and the
average variance extracted (AVE) exceeded 0.5 (as shown
in Table 3). Discriminant validity was assessed using the
Fornell and Larcker criterion, heterotrait-monotrait
(HTMT) ratio, and cross-loadings. According to the
Fornell and Larcker criterion, the square root of the AVE

of each construct should exceed its correlations with the
other constructs. The results are presented in Table S4 in
the online supplemental materials, which show that the
square root of the AVE of each construct exceed its corre-
sponding column and row. We then assessed the HTMT
matrix. According to this criterion, the HTMT values
should be lower than 0.90. The results are presented in
Table S4 in the online supplemental materials, which
show that all values were less than the recommended
threshold. We also evaluated cross-loadings by checking
whether the loadings of the intended construct exceeded
those of other constructs. The results presented in
Table S4 and Figure S1 in the online supplemental
materials meet the stipulated criteria. Overall, this ensured
the reliability and validity of the constructs used to create
the measurement model.

Structural model

We evaluated the structural mode by examining the results
of the direct and indirect effects, coefficients of determin-
ation, and effect sizes of the constructs.

Table 3. Reliability and validity.

Variables M SD CA CR (rho_a) CR (rho_c) AVE VIF

PE 4.363 0.505 0.782 0.794 0.857 0.600 1.232

EE 4.273 0.668 0.863 0.864 0.902 0.647 1.287

SI 4.082 0.698 0.753 0.754 0.832 0.501 1.237

PR 1.774 0.708 0.858 0.880 0.897 0.637 1.163

PP 4.485 0.484 0.715 0.723 0.843 0.643 1.410

FC 4.381 0.455 0.708 0.708 0.820 0.533 1.399

PA 4.333 0.462 0.719 0.723 0.842 0.640 1.004

IeH 4.363 0.547 0.749 0.756 0.856 0.666 1.690

AeH 4.466 0.543 0.814 0.817 0.877 0.642 –

Note. PE: performance expectancy; EE: effort expectancy; SI: social influence; PR: perceived risk; PP: perceived product value; FC: facilitating conditions; PA:
perceived service accuracy; IeH: intention to use e-healthcare services; AeH: actual usage of e-healthcare services; SD: standard deviation; CA: Cronbach’s
alpha; CR: composite reliability; AVE: average variance extracted; VIF: variance inflation factors.

Table 2. Full collinearity test.

PE EE SI PR PP FC PA IeH AeH

Variance inflation factor values 1.304 1.389 1.257 1.337 1.609 1.588 1.282 2.143 2.088

Note. PE: performance expectancy; EE: effort expectancy; SI: social influence; PR: perceived risk; PP: perceived product value; FC: facilitating conditions; PA:
perceived service accuracy; IeH: intention to use e-healthcare services; AeH: actual usage of e-healthcare services.
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Direct effects. The direct effect results are presented in
Table 4 and Figure 2. These results enabled us to achieve
RQ1, RQ2, and RQ3. Specifically, the relationships
between performance expectancy and intention to use
e-healthcare services (β= .163, p= .011), effort expectancy
and intention to use e-healthcare services (β= .175, p=
.002), and social influence and intention to use e-healthcare
services are positive and significant (β= .138, p= .002).
Hence, H1, H2, and H3 are supported. However, the rela-
tionship between perceived risk and intention to use
e-healthcare services is negative and insignificant (β=
–.064, p= .081); thus, H4 is rejected. Nevertheless, the rela-
tionships between perceived product value and intention to
use e-healthcare services (β=.188, p= .009), facilitating
conditions and intention to use e-healthcare services (β=
.288, p= .001), actual usage of e-healthcare services (β=
.191, p= .028), and intention to use e-healthcare services

and actual usage of these services are positive and signifi-
cant (β= .566, p= .000). Thus, H5, H6, H7, and H8 are
supported.

Indirect effects. The results of the indirect (mediating)
effects are presented in Table 4, which support the achieve-
ment of RQ4. In particular, intention to use e-healthcare ser-
vices has significant positive mediating effects on the
relationships between performance expectancy and actual
usage of e-healthcare services (β= .093, p= .014), effort
expectancy and actual usage of e-healthcare services (β=
0.099, p= 0.007), and social influence and actual usage of
e-healthcare services are positive and significant (β=
.078, p= .002). Therefore, HM1, HM2, and HM3 are sup-
ported. However, intention to use e-healthcare services has
a negative mediating effect on the relationship between
perceived risk and actual usage of e-healthcare services

Table 4. Hypothesis testing.

Hypothesis Beta SE CI Max CI Max t values p values f2 r2 Supported?

H1 PE → IeH 163 0.071 0.047 0.283 2.289 .011 0.039 0.444 Yes

H2 EE → IeH 175 0.059 0.079 0.276 2.950 .002 0.043 Yes

H3 SI → IeH 138 0.047 0.059 0.215 2.909 .002 0.028 Yes

H4 PR → IeH −064 0.046 −0.140 0.012 1.396 .081 0.006 No

H5 PP → IeH 188 0.079 0.052 0.316 2.362 .009 0.045 Yes

H6 FC → IeH 288 0.094 0.134 0.442 3.060 .001 0.112 Yes

H7 FC → AeH 191 0.099 0.013 0.339 1.917 .028 0.050 0.484 Yes

H8 IeH → AeH 566 0.088 0.400 0.693 6.407 .000 0.368 Yes

PA → AeH 122 0.052 0.065 0.232 2.320 .010 0.029 Moderated?

H9 PA*IeH → AeH −001 0.115 −0.255 0.084 0.012 .495 0.000 No

Mediating effect Beta SE CI
Min

CI Max t values p
values

Mediated?

HM1 PE → IeH → AeH 0.093 0.042 0.023 0.162 2.209 .014 Yes

HM2 EE → IeH → AeH 0.099 0.040 0.036 0.165 2.478 .007 Yes

HM3 SI → IeH → AeH 0.078 0.026 0.032 0.119 2.950 .002 Yes

HM4 PR → IeH → AeH −0.036 0.026 −0.081 0.006 1.376 .084 No

HM5 PP → IeH → AeH 0.106 0.054 0.024 0.202 1.961 .025 Yes

HM6 FC → IeH → AeH 0.163 0.047 0.077 0.231 3.474 .000 Yes

Note. PE: performance expectancy; EE: effort expectancy; SI: social influence; PR: perceived risk; PP: perceived product value; FC: facilitating conditions; PA:
perceived service accuracy; IeH: intention to use e-healthcare services; AeH: actual usage of e-healthcare services; SE: standard error.
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(β=–.036, p= .084); therefore, HM4 is rejected. Nonetheless,
the mediating effects of intention to use e-healthcare services
on the relationships between perceived product value and
actual usage of e-healthcare services (β= .106, p= .025),
facilitating conditions and actual usage of e-healthcare ser-
vices are positive and significant (β= .163, p= .000); there-
fore, HM5 and HM6 are supported.

Moderating effect. Table 4 presents the results of the moder-
ating effect, enabling us to obtain RQ5. Perceived service
accuracy had an insignificant effect (β= –.001, p= .495)
on the relationship between the intention to use and actual
usage of these services. Therefore, H9 is not supported.

Coefficient of determination (r2). We evaluated the coeffi-
cient of determination (r2) to determine the degree of vari-
ance explained by the exogenous constructs among the
endogenous constructs. Endogenous latent variables are
typically classified as weak, moderate, or substantial
based on their r2 values, which are .25, .50, or .75, respect-
ively. Table 4 presents the results. The r2 value of intention
to use e-healthcare services (.444) implies that performance
expectancy, effort expectancy, social influence, perceived
risk, perceived product value, and facilitating conditions
explained 44.4% of the variance in intention to use

e-healthcare services. Similarly, the r2 value of the actual
usage of e-healthcare services (.484) signifies that facilitat-
ing conditions and intention to use e-healthcare services
explain 48.4% of the variance in the actual usage of
e-healthcare services.

Effect size ( f2). We assessed the effect size ( f2) of the con-
structs to understand the functional influence of a particular
exogenous variable on the endogenous variable, as sug-
gested by Hair et al.53 According to Cohen57 f2 can be cate-
gorized as large (0.35), medium (0.15), or small (0.02). The
results are presented in Table 4, which shows small effect
sizes ( f2) for most of the relationships. Specifically, PE →
IeH, EE → IeH, SI → IeH, PR → IeH, PP → IeH, FC →
AeH, and PA → AeH. However, the effect sizes ( f2) for
the relationships FC → IeH and IeH → AeH were
medium and large, respectively.

Importance performance analysis

We also used importance–importance–performance map
analysis (IPMA) to gain a deeper understanding of the per-
ceptions and priorities of the participants concerning the
main variables. This method, first introduced by Martilla
and James58 enabled us to assess the relative importance

Figure 2. Structural model with findings.
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of each construct and evaluate its performance in enhancing
the intentions and actual usage of e-healthcare services
among Malaysians. The results of the IPMA are illustrated
in Figure 3, where the vertical axis signifies the “import-
ance” measure, which is the total effect, while the horizon-
tal axis represents the “performance” measure, denoted by
the index values. Clearly, facilitating conditions substan-
tially influence the shaping of the intentions of adult
Malaysians to use e-healthcare services, translating into
the actual usage of those services. Additionally, perceived
product value, effort expectancy, performance expectancy,
and social influence showed higher levels of performance;
however, they were moderately important in enhancing
the intention to use e-healthcare services towards their
actual usage among Malaysian people. However, perceived
risk demonstrated less performance and importance.

Multi-group analysis

This study also conducted partial least-squares multigroup
analysis (PLS–MGA). Before employing the PLS-MGA,

we evaluated measurement invariance using the measure-
ment invariance of composite models (MICOM) approach
to determine the degree of homogeneity between the
groups. The results of the MICOM analysis are presented
in Table S5 in the online supplemental materials. The per-
mutation p-values for several constructs exceeded the
threshold of 0.05, confirming measurement invariance
among the groups. Thus, we could perform PLS-MGA.

Table 5 presents the PLS-MGA results, which indicate
no significant differences between the two age groups in
terms of p-values (>.05) for all constructs. However, we
observed p values lower than .05 (<.05) in the gender,
chronic illness, and weight groups. The measurement
invariance of the two gender groups (male and female)
was also examined, revealing a significant difference in
the relationship between facilitating conditions and the
intention to use e-healthcare services, and the relationship
between performance expectancy and actual usage of
e-healthcare services among male and female respondents.
Moreover, significant differences were observed in the rela-
tionships between social influence and intention to use

Figure 3. Importance performance analysis.
Note. PE: performance expectancy; EE: effort expectancy; SI: social influence; PR: perceived risk; PP: perceived product value; FC:
facilitating conditions; PA: perceived service accuracy; IeH: intention to use e-healthcare services; AeH: actual usage of e-healthcare
services.
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e-healthcare services, and the relationship between effort
expectancy and actual usage of e-healthcare services among
respondents with and without chronic illness. Significant dif-
ferences were also observed in the relationships between

effort expectancy and intention to use e-healthcare services,
facilitating conditions, and actual usage of e-healthcare ser-
vices among respondents with healthy weight and those
who were overweight.

Table 5. Multi-group analysis results.

Associations

Gender
(male: 223, female: 170)

Age
(41–50 years: 90, 51 years or more: 303)

Beta (difference) p values (two tailed) Beta (difference) p values (two tailed)

PE → IeH 141 .126 310 .057

EE → IeH 024 .415 −146 .126

SI → IeH −134 .079 140 .096

PR → IeH −039 .330 −025 .385

PP → IeH 017 .457 −057 .343

FC → IeH −133 .216 −029 .435

FC → AeH −488 .002 262 .056

IeH → AeH 303 .008 093 .282

PA → AeH 126 .122 016 .495

PA*IeH → AeH −273 .063 310 .117

Associations Chronic illness
(Yes: 136, No: 256)

Weight
(Overweight: 157, healthy weight: 236)

Beta
(difference)

p values
(two tailed)

Beta (difference) p values (two tailed)

PE → IeH −205 .030 010 .467

EE → IeH 238 .045 215 .025

SI → IeH −355 .000 020 .432

PR → IeH −045 .298 014 .426

PP → IeH 135 .171 −027 .428

FC → IeH 260 .092 057 .388

FC → AeH −152 .188 −470 .003

IeH → AeH 236 .035 170 .130

PA → AeH 161 .055 −003 .486

PA*IeH → AeH −204 .078 −136 .240

Note. PE: performance expectancy; EE: effort expectancy; SI: social influence; PR: perceived risk; PP: perceived product value; FC: facilitating conditions; PA:
perceived service accuracy; IeH: intention to use e-healthcare services; AeH: actual usage of e-healthcare services.
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Discussion
This study developed a model to understand individuals’
behavioral factors that influence their intention and actual
behavior toward using e-healthcare services. We developed
eight direct and six indirect hypotheses to test our model.
The findings revealed that all proposed direct hypotheses
were supported, except for the relationship between perceived
risk and intention to use e-healthcare services. Additionally,
all indirect hypotheses were supported, except for the indirect
effect of intention to use e-healthcare services on the relation-
ship between perceived risk and actual use of e-healthcare ser-
vices. These findings are consistent with the existing literature
and theoretical justifications.

Consistent with healthcare services research, we found that
performance expectancy was significantly related with the
intention to use e-healthcare services (H1). When individuals
expect improved healthcare management and a better under-
standing of health issues from a service or technology, they
are more likely to adopt and utilize it with greater intention.
These findings are consistent with those of Zhang et al.26

and Dash and Sahoo.35 Next, effort expectancy and the inten-
tion to use e-healthcare services had a significant association
(H2), consistent with the findings of Wu et al.41 and Sahoo
et al.25 Thus, individuals who consider e-healthcare services
to be user-friendly and simple to use are inclined to have a
favorable intention to engage with digital health platforms.
The observed positive correlation emphasizes the significance
of the user experience and interface design in shaping indivi-
duals’ attitudes toward e-healthcare services.

Next, social influence and the intention to use e-health-
care services (H3) are significantly associated, consistent
with Dash and Sahoo35 and Sahoo et al.25 Hence, the
endorsement of e-healthcare platforms by family and
friends substantially influences individuals’ decision to
adopt these services. However, we found no negative asso-
ciation between perceived risk and the intention to use
e-healthcare services (H4), thereby contradicting the find-
ings of previous studies. Sahoo et al.25 found that perceived
risk negatively affects both effort expectancy and perform-
ance expectancy, which are key determinants of the inten-
tion to use e-health consultations. Zhang et al.26 found
that perceived risk was not significantly related to patients’
behavioral intentions, indicating that patients did not per-
ceive online health communities as risky or uncertain.
One plausible interpretation of the non-conforming results
is that, in the specific demographics of Malaysian adults
over 40 years of age, perceived risk may not be a dominant
inhibiting factor in forming positive intentions toward
e-healthcare services. Factors such as perceived benefits,
trust in technology, and the influence of social networks
may rather play a substantial role in shaping intentions,
thereby mitigating the perceived risks associated with
adopting digital health solutions.26 Additionally, the dis-
crepancy could be attributed to cultural nuances or specific

characteristics of the study population, whereby perceived
risk might be weighed differently in the decision-making
process regarding e-healthcare adoption.

Nonetheless, the association between perceived product
value and intention to use e-healthcare services (H5) was
proven valid, consistent with Sahoo et al.25 and Hayat
et al.59 According to the principles of consumer behavior, con-
sumers commonly evaluate their purchases to assess whether
they have met their desires or requirements, and subsequently,
compare this assessment to the price they have paid. If an indi-
vidual receives high value from a product or service, they
become satisfied with that product or service, and intend to
produce favorable intentions to adopt.Our study also validated
the relationships between facilitating conditions and the inten-
tion to use e-healthcare services (H6) toward the actual usage
of e-healthcare services (H7), in line with Gu et al.14

Furthermore, our study confirms the relationship between
facilitating conditions and actual usage of e-healthcare ser-
vices, as demonstrated by Hossain et al.30 Establishing favor-
able conditions, such as a conducive environment, adequate
infrastructure, and seamless access to healthcare services,
can foster individuals’ inclination to adopt these services.
When individuals exhibit favorable intentions towarde-health-
care services, they aremore likely to engage in concrete actions
that promote their continuous use.

The findings also validated the substantial association
between the intention to use e-healthcare services and the
actual usage of these services (H8), consistent with Hayat
et al.59 Thus, individuals with positive intentions toward
e-healthcare services are more likely to use these services
continuously. In summary, the positive effects of the influ-
ential factors of e-healthcare services, including perform-
ance expectancy, effort expectancy, social influence,
perceived product value, and facilitating conditions,
produce favorable intentions among users, which subse-
quently lead to the actual usage of these services.

Next, we find that individuals’ intention to use e-health-
care services acts significantly and positively mediates the
relationships between contextual factors and their actual
use of e-healthcare services (HM1, HM2, HM3, HM5,
and HM6). However, intention to use e-healthcare services
negatively mediates the relationship between individuals’
perceived risk and their actual usage of e-healthcare ser-
vices (HM4). Thus, individuals who perceive e-healthcare
services positively in terms of enhanced performance out-
comes and reasonable prices, and who have received posi-
tive recommendations from their social network are more
likely to form favorable intentions toward using these ser-
vices. These intentions are then translated into practical
engagement with the services.

Implications

Theoretical contributions. Our study provides valuable
insights that can be employed to enhance the UTAUT
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model and consumer behavioral actions. In the e-healthcare
literature, UTAUT has been extensively utilized to examine
individuals’ intentions to adopt technological innovations.
For example, Yang et al.24 delved into the adoption of
m-health, Arfi et al.19 explored the use of IoT in eHealth,
Gu et al.14 scrutinized e-Health Technology and Wang
et al.23 studied healthcare wearable devices; however,
very few studies have focused on the critical factors that
influence e-healthcare services adoption intention and
actual usage among individuals. To address this knowledge
gap, the present study investigates the behavioral and con-
textual factors that shape e-healthcare services adoption
among users. Theoretically, this study makes a significant
contribution to the field of technology adoption and con-
sumer behavior, with a specific focus on the adoption of
e-healthcare services.

Using the core constructs of UTAUT, including per-
formance expectancy, effort expectancy, social influence,
and facilitating conditions, we incorporated two additional
constructs, perceived risk, and product value. These theor-
etical advancements contribute to the existing body of
knowledge by extending the UTAUT model to include crit-
ical contextual variables that influence user behavior. The
integration of perceived risk adds depth to our understand-
ing of how user concerns can impact technology adoption,
providing valuable insights for both researchers and practi-
tioners. Additionally, the distinction between product and
price value, along with the introduction of perceived
service accuracy, further enriches the framework for ana-
lyzing technology adoption. These contributions not only
enhance the explanatory power of the UTAUT model but
also offer practical insights for practitioners aiming
to improve user acceptance and satisfaction. We also empir-
ically validated this robust theoretical framework to under-
stand the intricacies of e-healthcare services. This
integration aims to address the complex nature of user per-
ceptions, and helps improve and modify existing theoretical
models. Moreover, the literature on e-healthcare has mainly
focused on exploring adoption intentions and actual usage
of these services. The mediating effect of intention to use
e-healthcare services has rarely been investigated. This
study fills this gap, providing another noteworthy contribu-
tion to e-healthcare research.

We focus on Malaysia, which is undergoing a significant
technological transformation. While studies have explored
the general acceptance of e-healthcare services, no compre-
hensive examination of these factors has been conducted,
particularly within the cultural and societal contexts of
Malaysia. Our study fills an important gap in this context.
Moreover, our focus on individuals aged 40 years or
older represents a significant contribution, as this demo-
graphic requires extensive health support.

Moreover, this study employed IPMA and PLS–MGA,
which have rarely been applied in e-healthcare studies.
Thus, we provide a more nuanced understanding of the

phenomena under investigation. The IPMA facilitated a
comprehensive analysis of respondents’ perceptions and
priorities regarding the key constructs in the framework.
Furthermore, the application of PLS–MGA, a non-
conventional method, provides valuable insights into the
variations in relationships across different categorized
groups. These innovative approaches significantly contrib-
ute to e-healthcare research.

Practical implications. This study offers noteworthy implica-
tions for managers and policymakers involved in strategic
decision making for e-healthcare services, particularly in
developing countries such as Malaysia. The findings on
the performance and effort expectancy of e-healthcare ser-
vices suggests that healthcare providers should focus on tar-
geted communication and training programs which enable
them to attract potential customers to adopt their services.
Furthermore, healthcare providers should concentrate on
demonstrating the advantages of e-healthcare services,
including enhanced healthcare facilities with easy accessi-
bility, which can foster positive behavioral intentions
among individuals to avail these services. In Malaysia,
many healthcare facilities, including hospitals, continue to
rely on manual processes. Few have adopted a hybrid
approach that combines manual and digital systems. Thus,
to promote the adoption of e-healthcare services among
adult Malaysians, e-healthcare providers should emphasize
performance and effort expectancy. Recognizing the influ-
ential role of social influence, interventions should also
leverage the support of family and friends to promote
e-healthcare adoption. Healthcare providers should imple-
ment strategies to involve existing users as advocates, and
highlight positive experiences and outcomes. Peer-driven
initiatives and community engagement can contribute to
building a supportive social environment that is conducive
to e-healthcare adoption.

Our results emphasize the importance of safeguarding
user data in e-healthcare services. Therefore, providers of
such services should develop digital health systems that
ensure the secure and encrypted storage of user data.
They must address the potential risks associated with the
use of e-healthcare services, and ensure that users’ data
are fully protected and their privacy is completely
respected. Service providers must also establish effective
communication with users to maintain the necessary
safety measures. Furthermore, governments should estab-
lish comprehensive data protection policies and strategies
specifically for the e-healthcare sector.

A survey conducted by the Ministry of Health Malaysia
indicated that Malaysian adults aged over 40 years require
comprehensive, accessible, and technology-driven health-
care services because of demographic aging, increasing
prevalence of chronic diseases, and lifestyle shifts to
address diverse health needs and enhance their overall well-
being.60 Thus, interventions should be tailored to address
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their unique needs and concerns of this age group.
Initiatives aimed at improving digital literacy, assisting
technology adoption, and addressing potential age-related
barriers can enhance the overall adoption experience.

Finally, government agencies and service providers
should take initiatives to continuously monitor and evaluate
user experiences. E-healthcare involves various dimen-
sions, including technology adoption. Regular feedback
mechanisms, user surveys, and usability assessments can
provide valuable insights for future improvements.
Healthcare providers should be responsive to user feedback,
and adapt and evolve e-healthcare services to align with
changing user needs and preferences.

Limitations and future recommendations. This study has
several limitations. First, its cross-sectional design limits
its ability to establish causal relationships; longitudinal
studies are necessary to explore the dynamic processes
involved in e-healthcare adoption over time. Second, our
quantitative approach prevented us from obtaining a more
comprehensive understanding through user interviews. A
qualitative or mixed-methods approach can provide a
richer understanding of users’ experiences, perceptions,
and contextual factors that influence e-healthcare adoption.
Third, the study only focused on Malaysian adults aged
over 40 years, limiting the generalizability of the findings
to other age groups and cultural contexts. Future research
should explore diverse demographic groups to more com-
prehensively understand the dynamics of e-healthcare
adoption. Fourth, this study did not consider cultural
factors, despite Malaysia having diverse cultural influences.
Future studies should delve deeper into the specific cultural
factors influencing e-healthcare adoption, because under-
standing how cultural nuances interact with technology
acceptance can inform culturally sensitive interventions.
Fifth, although this study integrated additional constructs
(perceived risk and product value) into the UTAUT
model, it did not explore several other potential determi-
nants that may influence e-healthcare adoption, which
should be done in future works. Finally, the study employed
a convenience sampling technique. Thus, the sample may
suffer from bias, which can affect the generalizability of
the findings. Future studies can use, say, cluster or stratified
sampling to obtain more nuanced results.

Conclusions
This study investigated the factors and dynamics of e-health-
care adoption among adults aged over 40 years using the
UTAUT model as a theoretical framework. The proposed
model was empirically tested using data collected from 393
Malaysian respondents. The findings revealed that perform-
ance expectancy, effort expectancy, social influence, and per-
ceived product value significantly influenced individuals’
intentions to use e-healthcare services, whereas perceived

risk had a significantly negative effect. Additionally, facilitat-
ing conditions significantly influenced individuals’ inten-
tions to use and actual usage of e-healthcare services.
Furthermore, individuals’ intentions to use e-healthcare ser-
vices significantly influenced their actual use of these ser-
vices. Next, intention to use e-healthcare services mediated
the relationship between the factors and usage of e-healthcare
services, except for perceived risk. Surprisingly, perceived
service accuracy had no significant moderating effect on
the relationship between individuals’ intention to use and
their actual use of e-healthcare services. Moreover, the
IPMA findings revealed the substantial importance and per-
formance of facilitating conditions in shaping individuals’
intentions toward the actual usage of e-healthcare services.
Next, perceived product value, effort expectancy, perform-
ance expectancy, and social influence showed higher levels
of performance, but moderate importance. Additionally,
PLS-MGA revealed significant differences in e-healthcare
adoption patterns among gender, chronic illness, and
weight groups, whereas no differences were observed in
the age group. This revealed the demographic variations in
e-healthcare adoption patterns.

This study stands out because of its innovative expan-
sion of the UTAUT framework by incorporating the con-
structs of perceived risk and product value, and validating
the mediating effect of the intention to use e-healthcare ser-
vices, thereby offering a more comprehensive understand-
ing of the factors shaping e-healthcare service adoption
behavior. Moreover, IPMA and PLS-MGA were used to
uncover intricate contextual and demographic variations
in e-healthcare adoption patterns. By focusing on the
unique demographics of older adults, this study advances
research by incorporating new dimensions into a theoretical
framework and employing sophisticated analytical techni-
ques. These novel perspectives and valuable insights into
the complex dynamics of e-healthcare adoption enhance
the academic discourse in this field.
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