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Abstract: The demand for mobile e-health technologies (m-health) continues with constant growth,
stimulating the technological advancement of such devices. However, the customer needs to perceive
the utility of these devices to incorporate them into their daily lives. Hence, this study aims to
identify users’ perceptions regarding the acceptance of m-health technologies based on a synthesis of
meta-analysis studies on the subject in the literature. Using the relations and constructs proposed in
the UTAUT2 (Unified Theory of Acceptance and Use of Technology 2) technology acceptance model,
the methodological approach utilized a meta-analysis to raise the effect of the main factors on the
Behavioral Intention to Use m-health technologies. Furthermore, the model proposed also estimated
the moderation effect of gender, age, and timeline variables on the UTAUT2 relations. In total, the
meta-analysis utilized 84 different articles, which presented 376 estimations based on a sample of
31,609 respondents. The results indicate an overall compilation of the relations, as well as the primary
factors and moderating variables that determine users’ acceptance of the studied m-health systems.

Keywords: m-health; information technology; Internet of Things; consumer acceptance; consumer
behavior; healthcare; health management; mobile health; management technology; meta-regression

1. Introduction

The literature indicates an increase in the concern with people’s health, resulting in
a rise in the development of technological products [1]. The continuous development
of technologies applied to healthcare has provided patients with a better quality of life
while increasing their expectancy of better treatments in the health system [2–4]. As a way
to improve healthcare, new technologies have started to be incorporated into healthcare
systems, such as e-health technologies.

E-health technologies are considered an emerging and growing field in the medical
sector [5,6]. The evolution of the development of e-health technologies presents promising
alternatives for healthcare carried out effectively and at a low cost [7]. Faced with the
growing concern of people with their health, the development of e-health technologies
for the remote monitoring of users has presented a significant market evolution [8–10].
Technological advances in Internet of Things (IoT) devices, big data strategies, and portable
biosensors have generated alternatives to provide personalized e-health services [11]. The
greater flexibility in the use of IoT devices, such as wearables, provided by the evolution
of cloud computing technologies, promotes the expansion of the use of mobile devices
aimed at health services, called m(mobile)-health [12,13]. M-health technologies propose
providing health services anytime and anywhere, overcoming temporal and geographic
barriers [14]. Highlighting m-health technologies, the demand for wearable devices con-
tinues in constant growth [15]. For the wearables market, an annual growth rate of 20%
is estimated for the following years, moving about 150 billion euros up to 2028 [16]. The
proliferation of wearables on the market predicted for the next decade will stimulate
the technological advancement of such devices, improving intelligent systems and their
resources [17].
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Despite the benefits of using e-health technologies, there needs to be more under-
standing of the relations among suppliers, technologies, and potential consumers [18].
Furthermore, the rollout of e-health devices must consider all factors that affect the utility
perceived by consumers [18]. As a way to understand the consumer’s acceptance, it is
essential to interpret the factors that explain the acceptance of new technologies by potential
users [19–23]. In the context of studies with models of technological acceptance, studies
with small samples hardly consolidate general trends in terms of acceptance [24]. In the par-
ticular case of m-health technologies, the literature reports several studies with divergent
estimations of m-health acceptance [25–27]. A case of this divergence is the relation of the
effort expectation construct to the Behavioral Intention to Use construct, reported as having
a significant and positive effect [26,28] and in other cases reported as having no significant
effect [29,30]. The same case has been reported in the relation between the Facilitating
Conditions and the Behavioral Intention to Use constructs, which is significant in some
studies [27,31] and not significant in others [32,33]. The frequent divergences in the estima-
tions of the acceptance of m-health technologies in the literature raise the need to identify
a general trend among various estimations carried out in particular contexts. In order to
deal with the variety of estimations, the literature suggests applying the meta-analysis
methodology, which establishes a robust research model based on gathering studies from a
specific area [34]. The meta-analysis also raises general trends between divergent results
and makes evident the consensus among similar relations [35].

This study aims to identify users’ perceptions regarding the acceptance of m-health
technologies based on a synthesis of meta-analysis studies on the subject in the literature.
A meta-analysis was carried out using the relations and constructs proposed in the Unified
Theory of Acceptance and Use of Technology 2 (UTAUT2) model of technology acceptance
proposed by Venkatesh et al. [36] and widely utilized in the m-health literature [37–39].
Moreover, the moderation effect of variables proposed in the UTAUT2 was estimated using
a meta-regression [34,40] procedure. The results indicate an overall compilation of the
relations, as well as the primary factors and moderating variables that determine the users’
acceptance of m-health technologies.

2. Acceptance Models

IoT adoption promotes many benefits for industry, companies, and users [21]. How-
ever, it is possible to observe in the literature various barriers related to the lack of accep-
tance of these new technologies by their potential users [41–45]. The divergence among
the technology acceptance estimations reported in the literature undermines the reliability
of these results [46]. The diversity in the results could be associated with the use of small
samples as well as the sampling procedures utilized [6], and meta-analysis is the technique
suggested to deal with it and raise robust and reliable estimations [47].

Technology acceptance models have been widely applied to understand user behavior
toward various solutions. For example, we have its application in studies on applications
and information systems for agricultural activities [48,49], virtual reality systems [50], home
devices [24,51,52], autonomous cars, [53], safety systems for construction workers [54],
learning environments or e-learning [55,56], e-shopping [57], e-services [58], digital content
marketing for tourism [59], mobile payments [60], the visual design of wearables [61], and
wearable locating systems [62], among others. The number of new e-health technologies
has increased the use of technology acceptance models to improve the comprehension of
the factors that affect the user’s acceptance of m-health technologies [63–65].

The literature reports various approaches for measuring the acceptance and use of new
technologies, such as the technology acceptance model (TAM) [66], the Theory of Planned
Behavior (TPB) [67], the Theory of Reasoned Action (TRA) [68], and the Unified Theory
of Acceptance and Use of Technology (UTAUT) [69]. Despite the various alternatives, the
TAM is one of the most disseminated in the literature [70–74]. However, the TAM model
also is criticized for providing an overly generic estimate of user perception relative to the
acceptance of new technologies [75].
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The UTAUT model was developed as a result of the TAM model’s limitations, pre-
senting a broad application in the literature to measure the acceptance of new e-health
technologies [76–78]. The UTAUT model proposed by Venkatesh et al. [69] is formed by
the following constructs: Performance Expectancy (PE, also expressed as Perceived Useful-
ness, Extrinsic Motivation, Job-fit, Relative Advantage, and Outcome Expectation), defined
as the extent to which a person believes that using a specific system will improve their
performance in carrying out a specific action [66]; Effort Expectancy (EE, also expressed
as Perceived Ease of Use, Complexity, and Ease of Use), defined as the extent to which
a person believes that using a given system will be effortless [66,79]; Social Influence (SI,
also expressed as Subjective Norm, Social Factors, and Image), defined as the extent to
which an individual believes that people of reference may influence the use of a given
system [69]; Facilitating Conditions (FC, also expressed as Perceived Behavioral Control
and Compatibility), defined as the extent to which an individual believes in the existence
of technical and organizational infrastructure and favorable environmental conditions that
motivate them to use technological systems [69]; Behavioral Intention to Use (BI), defined
as the extent to which an individual formulates a conscious plan to execute or not execute a
future behavior [8,80]; and use behavior (UB), defined as the Usage Behavior measured
from the actual frequency of use of a given technology [69].

In order to improve the UTAUT model prediction, the authors proposed including
factors related to the consumer’s context, creating the UTAUT2 model [36]. The update
brought three new constructs: Hedonic Motivation (HM), defined as the pleasure or fun
derived from using the new technology [81,82]; Price Value (PV), which refers to the
exchange that the consumer deems fair between the perceived benefits and the monetary
costs [83,84]; and Habit, which refers to a reflexive behavior by people or automatic
behaviors stemming from their experiences and learning [82,85,86]. Some authors also use
UAUT2 variations, adding the Attitude construct (AT) [87,88], which refers to the degree to
which the person has a behavior favorable to the use of the technology studied [67].

3. Materials and Methods
3.1. Proposed Model

Due to the context of m-health technologies, the literature recommends including
other constructs in the UTAUT2 model [89]. Hence, besides the relations proposed by the
UTAUT2 model, the literature also suggests five other relations of constructs considered
critical to the acceptance of m-health technologies. The first relation included is between
the Effort Expectancy (EE) > Performance Expectancy (PE) constructs, as suggested by the
literature [90,91]. The second relation added is between Performance Expectancy (PE) >
Attitude (AT) [92,93]. The third relation suggested is between Effort Expectancy (EE) >
Attitude (AT) [94,95]. The fourth relation frequently estimated in the literature is between
the constructs Attitude 138 (AT) > Behavioral Intention (BI) [96,97]. The fifth relation
added is between Privacy Risks (RP) > Behavioral Intention (BI), also often estimated in the
m-health literature [90,98].

The literature suggests that the perceived utility is more significant insofar as wearable
technologies are easy to use, i.e., require less user effort [99,100]. Hence, it becomes
important to consider the positive effect on the Effort Expectancy (EE) > Performance
Expectancy (PE), the sixth relation in the proposed model. The Performance Expectancy
(PE) and the Effort Expectancy (EE) are constructs within the cognitive scope that affect the
Attitude (AT) of users and, subsequently, determine their intention to use [91]. Attitude
is defined as an affective reaction by an individual when using a technology [69]. The
literature suggests that more positive attitudes by an individual toward a technology tend
to positively influence the Behavioral Intention to Use this technology [91,92]. Hence, the
seventh relation, PE > AT, the eighth relation, EE > AT, and the ninth relation, AT > BI, will
also be analyzed in this study. Lastly, the increase in the frequency of health data sharing
in cloud computing environments stimulates the concern of digital media users with the
privacy and security of personal information [98]. The behavior of users avoiding using
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digital media that require access to personal data becomes one of the most common reasons
for not accepting a technology [101]. Hence, it is essential to observe if there is a negative
PR > BI effect.

3.1.1. Moderators

Previous studies have pointed out that social characteristics significantly impact
users’ acceptance of new technologies and must be incorporated into the acceptance
models [102,103]. The current meta-analysis includes the moderator effect on the rela-
tionships of two user variables, gender and age. Moreover, the meta-analysis also estimates
the moderator effect of time on the relationships. The literature suggests the inclusion
of moderator variables in the models to improve prediction capacity and deal with the
heterogeneity of the correlations considered in the meta-analysis [103].

Gender

Despite various inconclusive and diverging results, the literature emphasizes the
importance of including the moderation of the gender variable in the new technology
acceptance models [69,104,105]. The moderating variable of gender was encoded from the
proportion of male respondents relative to the total (number of male respondents/total
respondents).

Age Range

The literature reports a lower acceptance of e-health technologies by senior users than
people in other age ranges [30,77]. In the studies considered in this meta-analysis, the
demographic data referring to the age of the respondents is reported by grouping the ages
in age ranges. Given this restriction, the age range variable corresponding to each study
was estimated in this meta-analysis from the mean value between the limits of each age
range considered in the studies weighted by the sample percentage corresponding to each
studied range. When the age range’s maximum and minimum age limits were not defined
(e.g., over sixty years old), 18 years was considered the minimum age, and 85 was the
maximum age.

Timeline

The literature on meta-analysis suggests including the study year [40] as a moderator
variable. Upon analyzing users’ acceptance of new technologies, the relations among its
variables may change over time. A better understanding of this change over time still needs
to be addressed in the literature [106]. For this reason, the publication year is considered a
moderating variable in this study.

For the meta-analysis, the moderating variable “Timeline” was encoded as follows
(Equation (1)), where Year = publication year of the analyzed study; YearMax = the most re-
cent publication year among the studies considered for the analyzed relations; YearMin = the
oldest publication year among the studies considered for the analyzed relations:

Timeline =
(Year−YearMin)

(YearMax −YearMin)
(1)

From the relations presented in the previous topics, the model proposed for this
meta-analysis is represented in Figure 1. Hence, besides the relationships proposed by
the UTAUT2 model (PE > BI, EE > BI, SI > BI, HM > BI, HB > BI, FC > BI, FC > UB) and
the moderations considered in each relation (age range, gender, timeline), five relations
of constructs considered important to the studied problem were included, primarily for
presenting themselves frequently and with relevant results in the e-health literature (EE >
PE, PE > AT, EE > AT, AT > BI, RP > BI).
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3.2. Sample

The meta-analysis depends on the primary data. Thus, the execution of a com-
prehensive and quality bibliographic search becomes essential [107]. The methodolog-
ical approach of Preferred Reporting Items for Systematic Reviews and Meta-Analyses
(PRISMA—keywords protocol, eligibility criteria, information source, search and selection
of studies) was used to elaborate the study. The search was carried out in the literature
through the scientific databases “Scopus”, “Web of Science”, “Emerald Insight”, “IEEE Xplore”
“Science Direct”, “PubMed”, and “MedLine”. The initial search on m-health technology
acceptance articles [108–110] and technology acceptance models articles [36,111] raised
the keywords used for the search. The keywords were organized into four search fields.
The first search field corresponds to the analyzed technologies, “m-health” and “wear-
ables,” applied with health purposes, combined with the words “health” and “fitness”.
The second field refers to the user’s acceptance of new technology. The second field uses
the combination of the words “accept*,” “engag*”, and “user”, with the asterisk indicating
the inclusiveness of similar terms that have the same root. The third search field refers
to the technology acceptance models. According to Taherdoost et al. [58], the most pop-
ular technology acceptance models are the following: “Technology Acceptance Model”,
“Decomposed Theory of Planned Behavior” (DTPB), “Theory of Planned Behavior” (TPB),
“Model of PC Utilization” (MPCU), “Theory of Reasoned Action” (TRA), “Innovation
Diffusion Theory” (IDT), “Motivational Model” (MM), “Social Cognitive Theory” (SCT),
“Unified Theory of Acceptance and Use of Technology” (UTAUT), and Unified Theory of
Acceptance and Use of Technology 2”. The fourth search field corresponds to the statistical
methods for estimating the models considered for the meta-analysis: “Partial Least Squares”
and “Structural Equation Modeling.” The search used the topic procedure, restricting the
search to the article’s field of title, abstract, and keywords. Table 1 displays the search
string used in the databases. The search resulted in 273 studies. The details of the filtering
mechanism of the materials selected for the meta-analysis are shown in Figure 2. The
studies were filtered firstly based on the publication language. Next, 31 duplicated and
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15 unavailable (articles with limited access to their full content) studies were excluded,
leaving 238 papers to be analyzed fully.

Table 1. Search string used in the databases for the search mechanism.

Search Field Technologies Acceptance of
New Technology

Models of Technolgy
Acceptance Statistical Methods

Search
keywords

(m-health AND
Health) OR

(m-health AND
Fitness) OR

(Wearable AND
Health) OR

(Wearable AND
Fitness)

A
N

D

(User AND Accept*)
OR

(User AND Engag*)
A

N
D

Technology Acceptance
Model OR TAM OR

Decomposed Theory of
Planned Behavior OR
DTPB OR Theory of

Planned Behavior OR
TPB OR Model of PC
Utilization OR MPCU

OR Theory of Reasoned
Action OR TRA OR

Innovation Diffusion
Theory OR Motivational

Model OR MM OR
Social Cognitive Theory

OR SCT OR Unified
Theory of Acceptance
and Use of Technology
OR UTAUT OR Unified
Theory of Acceptance

and Use of Technology 2
OR UTAUT2

A
N

D

Partial Least Squares
OR Structural

Equation Modeling
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3.3. Coding

The methodology approach used coding rules to guarantee consistency among the
studies considered for this meta-analysis. As suggested by the literature [112], the initial
pool of articles was assessed following criteria: empirical study containing at least one



Int. J. Environ. Res. Public Health 2023, 20, 4369 7 of 33

construct of the UTAUT2 model [113] or a similar one [36]; (ii) the presence of correlations
among the constructs (ro); (iii) the internal consistency of the constructs (rxx and ryy); and
(iv) the size of the sample utilized (Ni). From the initial pool of 238 articles, the coding
procedure found 84 articles that met all requirements. These 84 articles presented a total
of 376 correlations among the constructs incorporated into the proposed model (Figure 1)
and are based on a sample of 31,609 respondents (Appendix A). The number of articles,
correlations, and the sum of respondents utilized in the current meta-analysis is relevant
compared to other meta-analyses in the health area [114–117].

3.4. Analysis

The Hunter–Schmidt method [118] has been widely applied in studies that relate items
measured by Likert scales and latent variables [119–121]. In this research, the correlations
stemming from the studies considered for the meta-analysis (ro) were unattenuated using
the reliability of the constructs for each relation as suggested by Hunter and Schmidt [47]
(Equation (2)), where rm is the size of the effect corrected for the measurement error, and
rxx and ryy are the reliabilities of the constructs involved in the relations, stemming from
Cronbach’s alpha [122] or the Composite Reliability (CR) [123]:

rm =
ro√

rxx
√ryy

(2)

The correlations were corrected for the sampling error using the sample size of each
observation as the weight (Equation (3)), where rc is the average corrected correlation for
the bivariate relations, and Ni and ri are the sample size and size of the effect corrected for
the measurement error for each sample i, respectively:

rc =
∑ Nirmi

∑ Ni
(3)

Moreover, it is also possible to calculate the sampling error variance (ei) for each study
(Equation (4)):

ei =

(
1− r2

c
)2

(Ni − 1)rxxryy2 (4)

The results of the relation estimates (rc) and estimation errors (ei) were used to calculate
the compiled effect of the relations. The individual estimates were treated as random effects,
assuming that the correlations among the studies are different [40].

The method-denominated meta-regression was used to verify the need to incorpo-
rate moderators into the relations. Meta-regression is indicated as a way to analyze the
heterogeneity of the residuals of the estimates through moderating variables [40,118]. To
analyze the heterogeneity of the residues, the Qresiduals statistic, which corresponds to a
weighted measure of the square of errors, and the inconsistency test I2, which represents
the proportion of studies in which the proposed model does not explain the coefficient,
were considered [124].

From the techniques developed by Hunter and Schmidt [125] and presented by Boren-
stein et al. [118] and Card [40], we intended to identify the correlations among the constructs
proposed in the model to measure the acceptance of e-health technologies by users. Statis-
tics software Stata® v. 16 was used to estimate all effects presented in this paper.

4. Results
4.1. Overview of the Studies Considered for the Meta-Analysis

Appendix B shows a growing trend of publications on the subject from the 84 studies
selected and presented in the present meta-analysis. For example, this fact can be observed
in the growth in the number of articles published over the years. It is also possible to
observe that most of the studies considered for the meta-analysis come from China (17),
followed by Bangladesh (9), the USA (7), and Taiwan (7). There is also a need for studies
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from Latin American countries. This fact may indicate the need to develop future studies
to understand Latin American consumers’ acceptance of m-health technologies.

4.2. Reliability of Constructs

Table 2 presents the descriptive analysis of Cronbach’s alpha of the constructs consid-
ered in the meta-analysis. The results display that Cronbach’s alpha from all constructs is
above 0.6, indicating that the constructs used in this meta-analysis are reliable [126].

Table 2. Descriptive statistics of the Cronbach’s alpha values stemming from the considered constructs.

EP EE AT IS CF MH HB VP RP IC CU

Average reliability 0.830 0.841 0.787 0.848 0.821 0.876 0.859 0.831 0.878 0.852 0.855
Minimun 0.657 0.650 0.700 0.642 0.690 0.779 0.649 0.700 0.700 0.652 0.700
Maximum 0.978 0.970 0.968 0.970 0.945 0.976 0.973 0.940 0.952 0.976 0.972

Number of samples 74 71 21 44 35 21 9 11 8 76 9

4.3. Meta-Analysis of Model Correlations

The results of the estimates proposed in the model are presented in Table 3, indicating
a significant effect for all relations proposed in the model. It is possible to observe that the
AT > BI relation presented the most significant effect (β = 0.647; p-value < 0.05) among the
considered relations. It is also possible to observe a negative effect resulting from the PR >
BI relation. These results indicate that while Attitude has a more significant impact among
users on their Behavioral Intention to Use an e-health device, the risk to privacy may cause
resistance to this same intention to use.

Table 3. Effects corresponding to the main variables of the meta-analysis.

Relations N (Total) K
(Estudies) Coefficient Confidence

Interval (95%) Estat. Θ p-Value

PE > BI 26,098 77 0.339 [0.293; 0.385] 14.30 <0.01 **
PE > AT 7030 17 0.525 [0.475; 0.575] 20.54 <0.01 **
EE > PE 9028 21 0.468 [0.389; 0.548] 11.53 <0.01 **
EE > BI 21,358 67 0.232 [0.188; 0.277] 10.22 <0.01 **
EE > AT 5901 16 0.349 [0.270; 0.428] 8.640 <0.01 **
AT > BI 2093 10 0.647 [0.510; 0.784] 9.250 <0.01 **
SI > BI 18,600 57 0.280 [0.224; 0.337] 9.740 <0.01 **
FC > BI 14,492 43 0.164 [0.118; 0.211] 6.940 <0.01 **
FC > UB 1812 5 0.279 [0.124; 0.434] 3.530 <0.01 **
HM > BI 6531 24 0.115 [0.113; 0.116] 147.8 <0.01 **
HB > BI 2526 9 0.364 [0.236; 0.492] 5.580 <0.01 **
PV > BI 3462 12 0.148 [−0.040; 0.336] 1.540 0.12
PR > BI 3519 8 −0.160 [−0.256; −0.070] −3.340 <0.01 **
BI > UB 5438 10 0.488 [0.358; 0.618] 7.350 <0.01 **

** significant at 1%.

It is also possible to observe that the HM > BI relation presented the smallest range
in its Confidence Interval (β = 0.003; p-value < 0.05) and, consequently, a lower I2 value.
These results indicate a smaller resulting variance among the effects corresponding to the
HM > BI relation. However, the other values obtained for I2 point to high heterogeneity
in the other relations considered for the meta-analysis, indicating the need to incorporate
other moderating variables into the proposed model.

Regarding the moderating variables (Table 4), it is possible to verify that the effect
of the moderating variables was significant for most of the relations proposed. Among
the moderating effects that presented significant moderation (p-value < 0.05), it is possible
to observe that the moderating effect of the “Timeline” in the FC > UB relation presented
the highest coefficient (β = 1.2735; p-value = 0.026). The PE > BI, PV > BI, and BI > UB
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relations did not present a significant moderating effect by the variables considered in this
study. It is also important to emphasize the high values obtained for I2 (except for the
HM > BI relations), which indicate that even with the incorporation of three moderators, as
suggested by the results in Table 3, the incorporation of other moderating variables is still
necessary to better understand and estimate the relations.

Table 4. Meta-regression of the moderating variables.

Moderator Coef Std. Error Z p > |z| I2 (%)
PE > BI

Gender −0.20 0.21 −0.97 0.33
99.97Age Range 0.16 0.11 1.48 0.13

Timeline −0.09 0.10 −0.87 0.38
PE > AT

Gender 0.50 0.16 2.98 <0.01 **
99.93Age Range 0.13 0.08 1.53 0.12

Timeline −0.44 0.10 −4.06 <0.01 **
EE > PE

Gender −0.06 0.27 −0.25 0.80
99.86Age Range 0.12 0.10 0.11 0.91

Timeline −0.24 0.14 −1.7 0.08
EE > BI

Gender 0.76 0.21 3.50 <0.01 **
99.97Age Range 0.14 0.11 1.27 0.20

Timeline 0.05 0.10 0.53 0.59
EE > AT

Gender 1.05 0.29 3.61 <0.01 **
99.89Age Range 0.57 0.12 4.52 <0.01 **

Timeline −0.53 0.19 −2.78 <0.01 **
AT > BI

Gender 0.44 0.05 8.00 <0.01 **
88.21Age Range 0.58 0.02 24.32 <0.01 **

Timeline −0.30 0.03 −7.64 <0.01 **
SI > BI

Gender −0.16 0.22 −0.73 0.46
99.98Age Range 0.31 0.15 1.99 0.04 *

Timeline −0.26 0.11 −2.25 0.02 *
FC > BI

Gender −0.31 0.18 −1.68 0.09
99.95Age Range 0.13 0.10 1.22 0.22

Timeline −0.18 0.08 −2.23 0.02 *
FC > UB

Gender 0 - −2.22 0.02 *
99.98Age Range −0.85 0.38 2.09 0.03 *

Timeline 1.27 0.61 2.42 0.01 *
HM > BI

Gender <0.01 <0.01 0.97 <0.01 **
3.37Age Range 0.06 <0.01 19.68 0.06

Timeline 0.16 <0.01 61.97 0.16
HB > BI

Gender 0.01 0.22 0.08 0.93
99.49Age Range 0.84 0.10 8.06 <0.01 **

Timeline −0.17 0.07 −2.22 0.02 *
PV > BI

Gender 0.15 0.23 0.69 0.49
99.56Age Range −0.07 0.20 −0.36 0.71

Timeline 0.01 0.19 0.06 0.95
PR > BI

Gender 1.05 0.35 2.93 <0.01 **
99.68Age Range 0.03 0.15 0.24 0.80

Timeline 0.36 0.12 2.85 <0.01 **
BI > UB

Gender 0.27 0.69 0.39 0.69
99.99Age Range 0.18 0.23 0.77 0.44

Timeline 0.23 0.22 1.04 0.29
** significant at 1%, * significant at 5%.
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5. Discussion

Figure 3 presents the results referring to the effects of the model proposed by the
current meta-analysis, presenting the results for the coefficients previously shown in
Tables 3 and 4.
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5.1. Main Relations of the Model

The results indicate a positive and significant relation (β = 0.339; p-value < 0.01) for the
PE > BI relation. Although studies are verified indicating that the effect of the PE predictor
is the most significant among the other constructs toward the BI [127,128], the effect of
PE was the third-largest relative to the BI in this analysis. As a strategy to improve user
understanding of the potential utility of e-health technologies, marketing professionals
must communicate clearly the effectiveness of using the technology for health [1]. This
indication is based on the positive perception that benefits stemming from using technology
reinforce the intention to use a product [1].

For the EE > BI relation, the results indicate a positive and significant effect (β = 0.2320;
p-value < 0.05). Although some studies indicate no significance for the relation EE > BI [129,130],
the positive effect has been reported in many estimations in the literature [32,131,132].
The positive effect of the EE > BI relation is related to offering functions that meet user
needs, promoting the increase in the acceptance of the effort required for use [133]. If the
consumers perceive that using the technological device is intuitive and easy, they will more
easily perceive the benefits and value of this technology [134]. As an alternative for those
who are not acquainted with the used technologies, it would be possible to promote the
reduction in the effort required to use the technology from the incorporation of graphical
resources that allow the user greater facility to become familiarized with the available
functionalities [135].

Users perceive greater utility in e-health devices (m-health/wearables) when they
observe more ease in using the technology [99]. The results indicate a positive and signifi-
cant effect (β = 0.4680; p-value < 0.01) for the EE > PE relation. The positive value for the
coefficient indicates that the easy operation of e-health devices induces an increase in user
expectations related to the desired performance for the technology to be acquired [69].
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The meta-analysis estimated a significant (p-value < 0.01) and positive effect for the
EE > AT and PE > AT relations (β = 0.3490 and β = 0.5250, respectively). Therefore, it is
also important to highlight the effect of the AT construct on BI, which presented the most
magnitude estimated in this meta-analysis (β = 0.6470; p-value < 0.01). In summary, these
results indicate that users have a more positive attitude relative to e-health devices if the
technology is perceived as useful [136] and easy to use [100]. The results also pointed out
that a positive attitude directly influences Behavioral Intention.

Although some studies reported the non-significance of the relation SI > BI [130,137,138]
and others still suggest a negative effect [139], the results of the meta-analysis indicate
a positive and significant relationship (β = 0.2800; p-valor < 0.01) between SI > BI. The
result may be explained by people’s desire to share views and behaviors perceived in
specific groups [140]. The usefulness and reliability of the content were two criteria that
predicted the participants’ intention to share digital information media [141]. The spread of
misinformation on social media still causes fear and distrust among technology users [78].
(When the users indicate their acceptance of the technology before the community, the
perception of risks tends to decrease, promoting more confidence in using the technological
product [142]. In this sense, social networks are an important tool for forming opinions
regarding products and brands due to the wide dissemination of information [32]. A better
understanding of health outcomes from online information sharing becomes important for
healthcare-related prevention and optimization [143]. Hence, the investment in resources
directed at support and data collection from social media becomes essential.

For the relation FC > BI, the meta-analysis indicates a positive and significant trend
(β = 0.4880; p-value < 0.01), although some studies indicate non-significance for this re-
lation [30,33]. This result reflects the need for resources that improve internet services
and increase compatibility among intelligent devices with health-monitoring function-
alities [144]. The FC construct presents the fourth-largest effect among all 56 relations
investigated in this meta-analysis. However, the literature considers that this construct
is deemed one of the most important to determine BI due to the dependence of wearable
and m-health devices on wireless network support and internet providers with high data
transfer capacity [145].

The meta-analysis indicates a positive and significant effect (β = 0.2790; p-value < 0.01)
for the relation FC > UB, although some studies reported non-significance for the same
relation [77,146]. The positive effect of the FC > UB relation results from the positive
influence of the presence of training and/or technical support capable of helping the user
overcome concerns with technological innovations [145]. The presence of an operational
structure capable of guiding the user simply or of a support system to obtain help positively
influences the adoption of e-health technologies [32]. Training programs, technical support,
and financial aid provided by professionals or family members would be crucial for using
e-health devices [145]. The updates to enhance e-health product functionalities may even
occur through continuous improvement, employing big data analyses related to medical
care [139].

Several studies suggest that Hedonic Motivation plays a direct role in the Behavioral
Intention to Use e-health technologies [30,147]. The meta-analysis indicates a positive and
significant effect (β = 0.1150; p-value < 0.01) for the HM > BI relationship. This positive
effect may indicate that the studied devices improve social communication and pleasure in
using these technologies, besides the use purpose related to health monitoring [147].

Comparing the estimations obtained in studies aimed at m-health acceptance by
teenagers [129] and elderlies [148], it appears that the HB > BI relationship is non-significant
for the first case and significant for the second. Such divergence suggests that age may
be a relevant moderating factor to be considered. Even with these divergences, the meta-
analysis indicates a positive and significant coefficient (β = 0.364; p-value < 0.10) for the
relation HB > BI. A positive effect of this relationship indicates that adopting a permanent
habit increases the likeliness of accepting the studied technologies [36]. These results may
also represent the user’s dependence on the habitual use of such devices [130].
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For the relation PV > BI, although some studies in the literature on the subject suggest
the significance of this relation [149,150], the meta-analysis estimated a non-significant
relationship (p-value > 0.05). The acceptance of a given technology tends to increase insofar
as the user perceives that the benefits of using such technologies are superior to the cost of
their adoption [132,151]. The non-significant coefficient for the PV > BI relationship may be
related to the great variety of e-health devices available and the benefit provided by these
devices [144].

Among the studies considered for the present meta-analysis, only one showed a
positive sign for the PR > BI relationship [152]. Intuitively, it is reasonable to expect that PR
has a negative effect since this construct represents a consumer concern. Nonetheless, the
authors justified the result because older adults are less concerned about privacy, and PR
would not hinder older people’s acceptance of the e-health device [152]. Despite that, the
meta-analysis estimated a negative and significant coefficient for the relationship between
PR > BI (β = −0.1600; p-value < 0.01). The literature points to the concern of patients
with the possibility of disseminating personal health information [153]. M-health devices
such as m-health and wearable devices are more vulnerable to attacks and information
interception, contributing to user insecurity regarding the privacy of such devices [101].
The perception of privacy becomes even more important when disclosing personal health
information that may cause embarrassment to the user [154–156]. From this, developers
must make sure that e-health devices comply with the data collection, processing, and
storage regulations and provide transparency to consumers regarding data collection
and use [101]. In summary, managers must conduct product design plans aligned with
marketing strategies and privacy protection policies to attract consumers [157].

The literature reported that behavioral intention does not always indicate the actual use
of the technology [158,159]. However, many estimations indicated that the Usage Behavior
(UB) of an e-health technology is preceded and strongly affected by Behavioral Intention
(BI), [26,160–162]. The meta-analysis indicates a positive and significant relationship for
BI > UB (β = 0.525; p-value < 0.01). Hence, Behavioral Intention (BI) is an efficient indicator
of the actual Usage Behavior of users.

5.2. Relations of the Moderating Variables

Firstly, it is possible to observe that only three relationships were significantly mod-
erated by the three moderating variables proposed for the model (EE > AT, AT > BI, and
FC > UB). Secondly, it was verified that some relations were not significantly influenced
by the moderators proposed in this work (PE > BI, EE > PE, PV > BI, BI > UB). How-
ever, as presented before, most relationships present I2 values close to 100% (except the
HM > BI relations). The I2 values suggest that the inclusion of more moderating variables
into the model is necessary to deal with the heterogeneity of the residuals. Hence, although
the PE > BI, EE > PE, PV > BI, and BI > UB relations were not significantly influenced by
the proposed moderators, the incorporation of other moderations could reveal significant
effects on these relations, enabling an adjustment for the proposed model.

5.2.1. Gender

Gender exerts an important effect on adopting e-health technologies [146], which
may be observed in the meta-analysis results. The moderation of the gender variable
is significant (p-value < 0.05) for six of the relationships (PE > AT, β = 0.5012; EE > BI,
β = 0.7610; EE > AT, β = 1.0522; AT > BI, β = 0.4486; HM > BI, β = 0.0078; PR > BI, β = 1.0522).
These significant moderating effects indicate a greater influence of these relationships in
men than in women. The effect was more relevant in men for relations involving HM
and AT, which can be explained by the fact that men are more adventurous and are more
likely to explore new technologies. At the same time, women desire factors that give them
security (support) for the use of a technological system [163]. Although women tend to
be more attracted by mobile technologies [164], men are more inclined to adopt m-health
systems [165].
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Some authors have suggested that women use less technology [166] and are less
acquainted with new technologies [167,168]. The literature also indicates that the EE > BI
relationship may influence men more to accept e-health devices [28,146], agreeing with the
results obtained in the current meta-analysis.

5.2.2. Age Range

User age range affects adopting e-health technologies [98]. The current meta-analysis
results indicate that the age range’s moderation was significant for five of the relations
(p-value < 0.05). Most of the significant effects of the “age range” moderator resulted in
positive coefficients (EE > AT, β = 0.5799; SI > BI, β = 0.3163; AT > BI, β = 0.5863; HB > BI,
β = 0.8443), which point out that older people are more susceptible than younger people
to these relationships. Previous studies on adopting new technologies have suggested
that the perceived benefits of technology influence the intention of senior citizens to adopt
the technology [30,146,169]. It is verified in the literature that older people tend to be
more susceptible to the complexity of technology [170]. Older adults with relatively less
experience with the internet find a more challenging environment searching for reliable
information [171]. Despite e-health motivating the elderly with health care, this motivation
can be reduced over time due to the perception of the incompatibility of these technologies
with the social environment of the elderly [172]. However, senior citizens have a positive
attitude toward adopting technologies that render their lives more convenient [173] and
make them more independent and with better quality of life [174]. The attitude most
strongly linked to the perception of older people relative to the Behavioral Intention to
Use technology may be related to health problems and concerns, which tend to increase
with age [175]. With the increase in age, it is also possible to perceive that ease of use is
considered a relevant factor for the attitudes of users toward the adoption of the technology
(EE > AT) [100]. As the older population acquires a more relevant proportion relative to
the general population, understanding their specific needs is essential to increase their
technological acceptance level [98,131]. The FC > UB relation for this analysis was the
only one significant for younger people (FC > UB, β = −0.8599). The development of
mobile devices influences more and more youths to monitor their health and have healthier
lifestyles continuously [176].

5.2.3. Timeline

From the results obtained, it is possible to observe the significance of the moder-
ating variable of timeline. The meta-analysis showed that the moderation presented a
negative sign in five relationships (PE > AT, β = −0.4415; EE > AT, β = −0.5324; AT > BI,
β = −0.3046; SI > BI, β = −0.3046; FC > BI, β = −0.1898; HB > BI, β = −0.1767). These
results indicate that the magnitude of estimated relationships has decreased over time. The
resulting values may be explained by the fact that people are more used to a technological
environment, which would enable more considerable reliability of the performance of the
technology, less concern regarding the effort required for its use, and more regularity in
using technological devices.

In contrast, the FC > UB and PR > BI relationships presented positive values (FC > UB,
β = 1.2735; PR > BI, β = 0.3693), which indicates that the intensity of the effects of FC on UB
and PR on BI has increased over the years. The result corresponding to the FC > UB relation
may be translated through the greater need for a structure that serves health requirements
and allows speed in the transport of information and technological ubiquity. In turn, the
result referring to the PR > BI relation may indicate the increase in the consumers’ concern
with the security of confidential information, corresponding to the vulnerability of mobile
digital services stemming from the high rate of information transfer among networks [101].

5.3. Implications for Theory and Practice

As the main contribution, this study presents a general guide to understanding how
the process of accepting new e-health technologies takes place, indicating overall guidance
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for future research and the development of such technologies considering their acceptance
by users. In the academic context, the results of this meta-analysis present significant
variables (e.g., PE > AT, AT > BI, BI > UB) that must serve as guidelines for future research
on the acceptance of other e-health technologies. Furthermore, the non-significance of some
of the relations among the analyzed constructs (e.g., PV > BI and some moderations of the
relationships) suggests that future investigations should explore such relations considering
incremental alterations to the proposed model.

As for the practical implications, the results guide the marketing and product develop-
ment activities of m-health and wearable devices. Managers and developers can obtain
direction for their activities from the degree of importance of each construct analyzed. It
is necessary to consider the individuality of each user to provide more flexible solutions
with greater capacity for the customization of health information-sharing services [177].
Understanding consumers’ needs enables focusing on developing components essential to
the market acceptance of the studied devices.

5.4. Limitations and Directions for Future Research

Calculating the I2 made it possible to verify the need to include other moderating
variables to improve the model fit. The results indicate that these relationships still present
significant heterogeneity, evincing that other factors still not considered by this study also
affect the acceptance by users of e-health technologies. Hence, future research may explore
the model proposed in this study, adding other moderating variables that may help explain
the studied phenomenon.

There is a concern for the World Health Organization in reaching equity in health
services for medical issues and social matters. Hence, similar studies must be able to
analyze possible users residing in underdeveloped or developing countries, as is the
case for countries located in Latin America, especially Brazil. This fact becomes relevant
due to the variation in the cultural and economic characteristics of the population and
characteristics associated with the regulation and structuring of health services that may
influence technology acceptance. Moreover, future research must assess which components
are considered essential for these devices from the perception of general and specific users.

6. Conclusions

This study sought to understand consumers’ acceptability relative to e-health tech-
nologies associated with m-health and wearable devices. A meta-analysis was carried out
considering 84 previous studies, a total of 31,609 respondents, and 376 correlations.

Through the meta-analysis, fourteen relations among the constructs were estimated as
significant. The effect of the AT construct on BI (AT > BI) presented the highest intensity
(β = 0.6470; p-value = 0.00). The model is also composed of 23 effects of moderating
variables on the relationships. Only the PE > BI, EE > PE, PV > PC, and BI > UB relations
were not significantly affected by any proposed moderating variables.
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Appendix A.

Table A1. List of Correlations Considered in the Meta-Regression.

Relation Label N Original Correlation

PE > BI
[96] 195 0.260
[129] 318 0.280
[33] 58 0.280
[27] 123 0.137
[27] 112 0.390
[98] 268 0.152
[90] 787 0.400
[152] 376 0.274
[29] 256 0.101
[39] 406 0.425
[30] 325 0.493
[137] 185 0.163
[26] 660 0.113
[91] 31 0.128
[93] 217 0.086
[93] 109 0.166
[93] 108 0.458
[178] 263 −0.760
[179] 311 0.222
[85] 296 0.232
[148] 340 0.223
[180] 528 0.090
[181] 458 0.212
[131] 81 0.224
[182] 100 0.055
[183] 280 0.032
[183] 280 0.488
[92] 124 0.361
[84] 452 0.259
[184] 437 0.109
[185] 582 0.080
[92] 124 0.290
[186] 633 0.322
[187] 211 0.155
[188] 410 0.322
[144] 271 0.263
[32] 392 0.273
[149] 324 0.464
[31] 927 0.359
[145] 146 0.3193
[101] 280 0.250
[189] 247 0.155
[130] 130 0.2095
[132] 386 0.160
[138] 363 0.155
[138] 363 0.324
[190] 234 0.081
[71] 120 0.290
[191] 314 0.480
[192] 400 0.270
[77] 245 0.132
[193] 894 0.389
[193] 894 0.308
[194] 107 0.420
[72] 388 0.099



Int. J. Environ. Res. Public Health 2023, 20, 4369 16 of 33

Table A1. Cont.

Relation Label N Original Correlation

[161] 534 0.770
[161] 534 0.352
[146] 274 0.580
[195] 156 0.180
[196] 129 0.454
[197] 313 0.386
[198] 600 0.690
[199] 210 0.370
[200] 519 0.691
[198] 436 0.320
[198] 436 0.340
[201] 927 0.280
[28] 227 0.380
[150] 164 0.504
[202] 273 0.80
[203] 225 0.750
[204] 196 0.125
[203] 225 0.3891
[147] 462 0.427
[147] 232 0.299
[147] 230 0.308
[205] 927 0.151

EE > BI
[96] 195 0.020
[129] 318 −0.050
[33] 58 0.133
[27] 123 0.004
[27] 112 0.097
[90] 787 0.003
[152] 376 0.220
[206] 194 −0.050
[29] 256 0.004
[39] 406 0.281
[30] 325 0.206
[137] 185 0.140
[26] 660 0.194
[93] 217 0.145
[93] 109 0.072
[93] 108 0.169
[178] 263 0.126
[179] 311 0.150
[85] 296 −0.032
[148] 340 0.255
[181] 458 0.261
[131] 81 0.640
[182] 100 0.305
[183] 280 0.234
[183] 280 0.209
[92] 124 0.265
[84] 452 0.067
[185] 582 0.013
[92] 124 0.128
[187] 211 −0.011
[188] 410 0.622
[144] 271 0.169
[32] 392 0.622
[149] 324 0.178
[31] 927 0.377
[207] 108 0.037
[208] 423 0.197



Int. J. Environ. Res. Public Health 2023, 20, 4369 17 of 33

Table A1. Cont.

Relation Label N Original Correlation

[101] 280 0.188
[189] 247 0.010
[130] 130 0.169
[132] 386 0.701
[138] 363 0.110
[138] 363 0.169
[190] 234 −0.040
[71] 120 0.340
[191] 314 0.520
[192] 400 0.570
[77] 245 0.073
[72] 388 0.135
[161] 534 0.028
[161] 534 0.340
[146] 274 0.067
[195] 156 −0.010
[196] 129 0.329
[209] 141 0.220
[198] 600 0.490
[200] 519 0.145
[201] 927 0.610
[28] 227 0.132
[150] 164 0.070
[203] 225 0.128
[204] 196 0.188
[203] 225 0.570
[147] 462 0.107
[147] 232 0.024
[147] 230 0.028
[205] 927 0.130

EE > PE
[90] 787 0.357
[91] 31 0.170
[185] 582 0.370
[159] 322 0.500
[97] 104 0.479
[186] 633 0.026
[131] 81 0.379
[145] 146 0.305
[210] 1400 0.390
[189] 247 0.243
[193] 894 0.650
[193] 894 0.660
[190] 234 0.379
[71] 120 0.185
[198] 600 0.610
[200] 519 0.650
[211] 343 0.280
[212] 88 0.532
[39] 406 0.280
[202] 273 0.362
[149] 324 0.320

PE > AT
[93] 217 0.340
[92] 124 0.123
[91] 31 0.590
[94] 303 0.644
[95] 582 0.459
[97] 104 0.193
[92] 124 0.280
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Table A1. Cont.

Relation Label N Original Correlation

[186] 633 0.781
[131] 81 0.340
[213] 1063 0.354
[214] 411 0.345
[25] 1000 0.310
[193] 894 0.556
[193] 894 0.510
[190] 234 0.500
[196] 129 0.345
[136] 206 0.500

EE > AT
[92] 124 0.410
[91] 31 0.087
[94] 303 0.120
[95] 582 0.138
[97] 104 0.112
[92] 124 0.040
[186] 633 0.030
[131] 81 0.410
[213] 1063 0.034
[214] 411 0.760
[193] 894 0.080
[193] 894 0.310
[190] 234 0.300
[196] 129 0.760
[136] 206 0.120
[212] 88 0.635

AT > BI
[96] 195 0.581
[91] 31 0.740
[215] 494 0.316
[97] 104 0.494
[131] 81 0.641
[190] 234 0.641
[191] 314 0.402
[191] 314 0.368
[216] 238 0.110
[212] 88 0.637

SI > BI
[96] 195 0.850
[129] 318 0.230
[27] 123 0.076
[27] 112 0.189
[98] 268 0.115
[152] 376 0.252
[29] 256 0.210
[39] 406 −0.005
[30] 325 0.111
[137] 185 0.071
[179] 311 0.066
[85] 296 0.121
[148] 340 0.589
[159] 322 −0.109
[215] 494 0.171
[182] 100 0.188
[92] 124 0.138
[84] 452 −0.013
[92] 124 0.160
[188] 410 −0.042



Int. J. Environ. Res. Public Health 2023, 20, 4369 19 of 33

Table A1. Cont.

Relation Label N Original Correlation

[144] 271 −0.040
[32] 392 0.475
[149] 324 0.206
[31] 927 0.193
[101] 280 0.020
[130] 130 0.224
[132] 386 0.134
[138] 363 0.397
[138] 363 0.243
[71] 120 0.220
[191] 314 0.525
[191] 314 0.185
[192] 400 0.1441
[77] 245 0.330
[161] 534 0.170
[161] 534 0.134
[146] 274 0.2207
[195] 156 0.110
[216] 238 0.134
[196] 129 0.199
[209] 141 0.231
[217] 482 0.140
[217] 482 0.206
[217] 482 0.455
[217] 482 0.303
[139] 212 0.184
[201] 927 0.460
[28] 227 0.219
[150] 164 0.140
[202] 273 0.240
[203] 225 0.500
[204] 196 0.687
[203] 225 0.673
[147] 462 0.768
[147] 232 0.165
[147] 230 0.184
[205] 927 0.128

CF > BI
[129] 318 0.280
[33] 58 0.150
[27] 123 0.231
[27] 112 0.180
[98] 268 0.009
[90] 787 0.131
[206] 194 0.163
[90] 787 0.070
[29] 256 0.191
[39] 406 0.513
[30] 325 0.275
[178] 263 −0.630
[188] 296 0.034
[148] 340 0.314
[159] 322 0.327
[182] 100 −0.126
[183] 280 0.254
[92] 124 0.060
[84] 452 0.040
[92] 124 0.235
[188] 410 −0.016
[144] 271 0.298



Int. J. Environ. Res. Public Health 2023, 20, 4369 20 of 33

Table A1. Cont.

Relation Label N Original Correlation

[32] 392 0.130
[149] 324 0.235
[31] 927 0.300
[145] 146 0.235
[101] 280 0.258
[130] 130 0.040
[132] 386 0.510
[138] 363 −0.010
[77] 245 0.183
[138] 363 −0.111
[161] 534 0.126
[161] 534 0.230
[146] 274 0.131
[195] 156 0.174
[196] 129 −0.050
[201] 927 0.183
[150] 164 0.080
[203] 225 0.126
[203] 225 0.067
[203] 225 0.126
[205] 927 0.250

HM > BI
[129] 318 −0.010
[33] 58 0.267
[98] 268 0.176
[29] 256 0.127
[30] 325 −0.030
[179] 311 0.065
[148] 340 0.410
[159] 322 0.107
[182] 100 0.239
[188] 410 0.098
[144] 271 0.420
[32] 392 0.071
[149] 324 0.111
[130] 130 0.015
[132] 386 0.050
[197] 313 −0.050
[150] 164 0.080
[204] 196 0.151
[203] 225 0.227
[202] 273 0.257
[203] 225 0.255
[147] 462 0.190
[147] 232 0.227
[147] 230 0.213

HB > BI
[129] 318 0.020
[33] 58 0.212
[29] 256 0.430
[148] 340 0.533
[159] 322 0.390
[32] 392 0.160
[149] 324 0.742
[130] 130 0.421
[132] 386 0.390

PV > BI
[129] 318 0.040
[29] 256 −0.022
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[178] 263 0.026
[188] 296 0.020
[148] 340 −0.013
[159] 322 0.139
[144] 271 0.180
[32] 392 0.100
[149] 324 −0.046
[130] 130 0.936
[132] 386 0.100
[150] 164 0.120

PR > BI
[98] 268 −0.111
[90] 787 −0.001
[152] 376 0.055
[184] 437 −0.367
[101] 280 −0.090
[72] 388 −0.252
[157] 333 −0.270
[218] 650 −0.043

FC > UB
[161] 534 0.953
[161] 534 0.513
[77] 245 0.082
[146] 274 0.0979
[203] 225 0.250

BI > UB
[137] 185 0.326
[26] 660 0.750
[31] 927 0.251
[77] 245 0.426
[161] 534 0.581
[161] 534 0.715
[146] 274 0.414
[201] 927 0.251
[203] 225 0.367
[205] 927 0.251

Appendix B.

Table A2. List of Articles Considered with Their Respective Years of Publication and Country of
Affiliation of the Principal Author(s).

Authors Country Title of Article

Gallos and Mantas (2015) [212] Greece The ‘SMART travel health’ mobile application assessment

Gao et al. (2015) [147] China/USA An empirical study of wearable technology acceptance
in healthcare

Nisha et al. (2015) [205] Bangladesh Mobile health services: A new paradigm for health care systems

Cho (2016) [211] South Korea The impact of post-adoption beliefs on the continued use of
health apps

Cho and Park (2016) [202] South Korea The influential factors on the diffusion of smartwatches in Korea

Dwivedi et al. (2016) [150] UK A generalised adoption model for services: A cross-country
comparison of mobile health (m-health)
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Guo et al. (2016) [218] China The privacy-personalization paradox in mHealth services
acceptance of different age groups

Hoque (2016) [28] Bangladesh An empirical study of mHealth adoption in a developing country:
The moderating effect of gender concern

Li et al. (2016) [157] China Examining individuals’ adoption of healthcare wearable devices:
An empirical study from privacy calculus perspective

Lunney et al. (2016) [136] USA Wearable fitness technology: A structural investigation into
acceptance and perceived fitness outcomes

Moon et al. (2016) [203] South Korea An Empirical Study of Impacts of User Intention for Smart
Wearable Devices and Use Behavior

Nisha et al. (2016) [201] Bangladesh Exploring the role of service quality and knowledge for mobile
health services

Pfeiffer et al. (2016) [204] Germany Quantify-ME: Consumer acceptance of wearable
self-tracking devices

Wu et al. (2016) [219] China Exploring consumers’ intention to accept smartwatch

Hoque and Sorwar (2017) [146] Finland Understanding factors influencing the adoption of mHealth by
the elderly: An extension of the UTAUT model

Khakurel et al. (2017) [196] Finland Intended use of Smartwatches and Pedometers in the University
Environment: An Empirical Analysis

Könsgen et al. (2017) [199] Germany A user-centered perspective of mhealth: Understanding patients’
intentions to use mobile video consultation services

Lee et al. (2017) [197] Bangladesh/Australia Consumer choice of on-demand mHealth app services: Context
and contents values using structural equation modeling

Miao et al. (2017) [200] China Factors that influence users’ adoption intention of mobile health:
a structural equation modeling approach

Rajanen and Weng (2017) [195] Finland Digitization for fun or reward? A study of acceptance of wearable
devices for personal healthcare

Schuster et al. (2017) [217] Australia Consumer Acceptance of mHealth Services: A Comparison of
Behavioral Intention Models

Seol et al. (2017) [161] South Korea UX Analysis based on TR and UTAUT of
Sports Smart Wearable Devices

Sergueeva and Shaw (2017) [209] Canada Improving Healthcare with Wearables: Overcoming the Barriers
to Adoption

Zhang et al. (2017) [198] Hong Kong
User acceptance of mobile health services from users’

perspectives: The role of self-efficacy and response-efficacy in
technology acceptance

Zhu et al. (2017) [216] USA “Social Networkout”: Connecting Social Features of Wearable
Fitness Trackers with Physical Exercise

Alsswey et al. (2018) [190] Malaysia Investigating the acceptance of mobile health application user
interface cultural-based design to assist Arab elderly users

Chen and Lin (2018) [193] Taiwan
Incorporation of health consciousness into the technology

readiness and acceptance model to predict app download and
usage intentions

Deng et al. (2018) [72] China What predicts patients’ adoption intention toward mhealth
services in China: Empirical study

Kranthi and Ahmed (2018) [132] India
Determinants of smartwatch adoption among IT
professionals—an extended UTAUT2 model for

smartwatch enterprise

Lai and Huang (2018) [71] Taiwan A Study on the Intention to Use the Wearable Device in Taiwan: A
Case Study on Xiaomi Mi Band
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Lee et al. (2018) [192] South Korea
Factors affecting user acceptance in overuse of smartphones in
mobile health services: An empirical study testing a modified

integrated model in South Korea

Mital et al. (2018) [191] India Adoption of Internet of Things in India: A test of competing
models using a structured equation modeling approach

Quaosar et al. (2018) [77] China Investigating factors affecting elderly’s intention to use m-health
services: An empirical study

Reyes-Mercado (2018) [138] Mexico Adoption of fitness wearables Insights from partial least squares
and qualitative comparative analysis

Rubin and Ophoff (2018) [130] South Africa Investigating Adoption Factors of Wearable Technology in Health
and Fitness

Rupp et al. (2018) [194] USA The role of individual differences on perceptions of wearable
fitness device trust, usability, and motivational impact

Aksoy et al. (2020) [214] Turkey
Individuals’ intention to use sports

wearables: the moderating role
of technophobia

Alaiad et al. (2019) [101] Jordania The Determinants of M-Health Adoption in Developing
Countries: An Empirical Investigation

Ali et al. (2019) [210] China
Smoking-Cessation Acceptance Via Mobile Health and Quick

Response Code Technologies: Empirical Evidence of a Pilot Study
from China and Pakistan

Beh et al. (2019) [144] Malaysia Using smartwatches for fitness and health monitoring: the
UTAUT2 combined with threat appraisal as moderators

Dhiman et al. (2019) [149] India Consumer adoption of smartphone fitness apps: an extended
UTAUT2 perspective

Gastaldi et al. (2019) [25] Italy Consumer Adoption of Digital Technologies for
Lifestyle Monitoring

Kim and Chiu (2019) [108] South Korea/Hong
Kong

Consumer acceptance of sports wearable technology: the role of
technology readiness

Li et al. (2019) [145] Hong Kong Health monitoring through wearable technologies for older
adults: Smart wearables acceptance model

Mbelwa et al. (2019) [207] Tanzania
Acceptability and use of mobile health applications in health
information systems: a case of eidsr and DHIS2 touch mobile

applications in Tanzania

Nisha et al. (2019) [31] Bangladesh The changing paradigm of health and mobile phones: An
innovation in the health care system

Talukder et al. (2019) [32] China
Acceptance and use predictors of
fitness wearable technology and

intention to recommend

Wang and Lin (2019) [208] China Integrating TTF and IDT to evaluate user intention of big data
analytics in mobile cloud healthcare system

Alam et al. (2020) [188] Bangladesh Do mobile health (mHealth) services ensure the quality of health
life? An integrated approach from a developing country context

Alssey and Al-Samarraie (2020) [131] Malaysia Elderly users’ acceptance of mHealth user interface (UI)
design-based culture: the moderator role of age

Binyamin and Hoque (2020) [29] Saudi Arabia
Understanding the Drivers of Wearable Health Monitoring

Technology: An Extension of the Unified Theory of Acceptance
and Use of Technology

Chang et al. (2020) [84] Taiwan Exploring the Usage Intentions of Wearable Medical Devices: A
Demonstration Study
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Cheung et al. (2020) [187] Australia/Hong Kong Driving healthcare wearable technology adoption for Generation
Z consumers in Hong Kong

Dahri et al. (2020) [137] Pakistan
An overview of ai enabled m-iot wearable technology and its

effects on the conduct of medical professionals in public
healthcare in pakistan

Elprama et al. (2020) [92] Belgium Social Processes: What Determines Industrial Workers’
Intention to Use Exoskeletons?

Gangadharbatla (2020) [213] USA
Biohacking: An exploratory study to understand the factors

influencing the adoption of embedded technologies within the
human body

Gupta et al. (2020) [93] India Gender differences in the wearable preferences, device and
advertising value perceptions: Smartwatches vs. fitness trackers

Huang and Yang (2020) [181] Taiwan
Empirical investigation of factors influencing consumer intention

to use an artificial intelligence-powered mobile application for
weight loss and health management

Klinker et al. (2020) [184] Germany Smart glasses in health care: A patient trust perspective

Lan et al. (2020) [148] China Investigating Influencing Factors of Chinese Elderly Users’
Intention to Adopt MHealth Based on the UTAUT2 Model

Li (2020) [94] China Healthcare at your fingertips: The acceptance and adoption of
mobile medical treatment services among Chinese users

Liao et al. (2020) [183] China Comparison of Acceptance in Mobile Smart Wearable
Technology between SEM and DEMATEL Methods

Lulin et al. (2020) [26] China
Nurses’ Readiness in the Adoption of Hospital Electronic

Information Management Systems in Ghana: The Application of
the Structural Equation Modeling and the UTAUT Model

Meier et al. (2020) [179] Switzerland/China
Wearable Technology Acceptance in Health Care Based on

National Culture Differences: Cross-Country Analysis between
Chinese and Swiss Consumers

Ndifon et al. (2020) [178] Cameroon Adoption of Mobile health Insurance Systems in Africa:
evidence from Cameroon

Niknejad et al. (2020) [182] Malaysia A confirmatory factor analysis of the behavioral intention to use
smart wellness wearables in Malaysia

Özdemir-Güngör et al. (2020) [97] Turkey An Acceptance Model for the Adoption of Smart Glasses
Technology by Healthcare Professionals

Pai and Alathur (2020) [180] India Determinants of mobile health application awareness and use in
India: An empirical analysis

Reith et al. (2020) [95] Germany
Tracking fitness or sickness—Combining technology acceptance

and privacy research to investigate the actual adoption of
fitness trackers

Saheb (2020) [185] Iran An empirical investigation of the adoption of mobile health
applications: integrating big data and social media services

Salgado et al. (2020) [159] Portugal Drivers of Mobile Health Acceptance and Use From the Patient
Perspective: Survey Study and Quantitative Model Development

Talukder et al. (2020) [30] Bangladesh
Predicting antecedents of wearable healthcare technology

acceptance by elderly: A combined SEM-Neural
Network approach

Tsai et al. (2020) [91] Taiwan
Technology anxiety and resistance to change behavioral study of
a wearable cardiac warming system using an extended TAM for

older adults

Vongurai et al. (2020) [186] Thailand Factors influencing intention to use fitness trackers: A case study
on Thais’ living in Bangkok
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Wang et al. (2020) [39] China
Understanding consumer acceptance of healthcare

wearable devices:
An integrated model of UTAUT and TTF

Zhang et al. (2020) [215] China
Mobile health service adoption in China: Integration of theory of

planned behavior, protection motivation theory and personal
health differences

Huang et al. (2021) [33] Taiwan
An Empirical Study on Factors Influencing Consumer Adoption

Intention of an AI-Powered Chatbot for Health and
Weight Management

Kim and Ho (2021) [98] Taiwan Validating the moderating role of age in multi-perspective
acceptance model of wearable healthcare technology

Mahmood and Lee (2021) [152] USA Factors Influencing Older Adults’ Acceptance of
HealthMonitoring Smart Clothing

Moudud-Ul-Huq et al. (2021) [27] Bangladesh
Elderly and middle-aged intention to
use m-health services: an empirical
evidence from a developing country

Octavius and Antonio (2021) [90] Indonesia
Antecedents of Intention to Adopt Mobile Health (mHealth)
Application and Its Impact on Intention to Recommend: An

Evidence from Indonesian Customers

Okpala and Nnaji (2021) [96] USA
Wearable sensing devices acceptance behavior in construction
safety and health: assessing existing models and developing a

hybrid conceptual model

Olaleye et al. (2021) [206] Finland Please call my contact person: mobile devices
for a rescue mission during an emergency

Rahman et al. (2021) [129] Bangladesh
Teenagers’ behavioural intention towards wearable technologies

and intention to recommend others: an empirical study
in Bangladesh
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