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Abstract

Background: Mobile health (mHealth) care apps are a promising technology to monitor and control health individually and
cost-effectively with a technology that is widely used, affordable, and ubiquitous in many people’s lives. Download statistics
show that lifestyle apps are widely used by young and healthy users to improve fitness, nutrition, and more. While this is an
important aspect for the prevention of future chronic diseases, the burdened health care systems worldwide may directly profit
from the use of therapy apps by those patients already in need of medical treatment and monitoring.

Objective: We aimed to compare the factors influencing the acceptance of lifestyle and therapy apps to better understand what
drives and hinders the use of mHealth apps.

Methods: We applied the established unified theory of acceptance and use of technology 2 (UTAUT2) technology acceptance
model to evaluate mHealth apps via an online questionnaire with 707 German participants. Moreover, trust and privacy concerns
were added to the model and, in a between-subject study design, the influence of these predictors on behavioral intention to use
apps was compared between lifestyle and therapy apps.

Results: The results show that the model only weakly predicted the intention to use mHealth apps (R2=0.019). Only hedonic
motivation was a significant predictor of behavioral intentions regarding both app types, as determined by path coefficients of
the model (lifestyle: 0.196, P=.004; therapy: 0.344, P<.001). Habit influenced the behavioral intention to use lifestyle apps (0.272,
P<.001), while social influence (0.185, P<.001) and trust (0.273, P<.001) predicted the intention to use therapy apps. A further
exploratory correlation analysis of the relationship between user factors on behavioral intention was calculated. Health app
familiarity showed the strongest correlation to the intention to use (r=0.469, P<.001), stressing the importance of experience.
Also, age (r=–0.15, P=.004), gender (r=–0.075, P=.048), education level (r=0.088, P=.02), app familiarity (r=0.142, P=.007),
digital health literacy (r=0.215, P<.001), privacy disposition (r=–0.194, P>.001), and the propensity to trust apps (r=0.191,
P>.001) correlated weakly with behavioral intention to use mHealth apps.

Conclusions: The results indicate that, rather than by utilitarian factors like usefulness, mHealth app acceptance is influenced
by emotional factors like hedonic motivation and partly by habit, social influence, and trust. Overall, the findings give evidence
that for the health care context, new and extended acceptance models need to be developed with an integration of user diversity,
especially individuals’ prior experience with apps and mHealth.

(JMIR Mhealth Uhealth 2022;10(1):e27095) doi: 10.2196/27095
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Introduction

Overview
Due to their affordability and ubiquity in people’s everyday
lives [1], smartphone apps offer the opportunity to monitor and
control health more individually and cost-effectively than ever
before [2]. Mobile health (mHealth) care apps are seen as a
promising technology that has the potential to improve people’s
health in general; specifically, they can, for example, enhance
the independence of chronically ill people [3,4] and improve
rehabilitation success [5] or outcomes of diabetes
self-management [6].

mHealth apps encompass a variety of health-related services
(eg, support of diagnostics and treatment), tracking of infection
processes (eg, contact tracing during the COVID-19 pandemic),
remote monitoring, and medicine intake reminders [7]. In
addition to enhancing quality of life and supporting medical
therapy, mHealth apps also support chronic disease prevention
(eg, with nutrition and activity monitoring), as a sedentary
lifestyle is one of the key problems of our societies that lead to
an increase in chronic disease prevalence [8].

Users’ technology acceptance is one decisive factor for the
adoption and widespread use of technologies, including mHealth
apps, but it can also be a barrier if the diverse requirements of
the potential users are not understood [9]. Established
technology acceptance models, such as the unified theory of
acceptance and use of technology 2 (UTAUT2) [10], structure
important predictive factors for the intention to use mHealth
apps. However, these established models have been criticized
as not being fully applicable to the health care context, as
relevant factors are missing [11,12].

This research aims to improve the understanding of users’
decisions to use, or reject the use of, mHealth apps. To do so,
we have built on and extended the established and widely used
UTAUT2 acceptance model. As mHealth apps are essentially

based on the collection and analysis—and often also
transmission—of user data, privacy concerns can be a reason
for rejection. Medical data are perceived as very sensitive and,
thus, even more reluctantly disclosed [13]. Also, trust or distrust
in the reliability and competence of technologies is an important
predictor for their use [14]. Still, these factors are missing from
established and widely used technology acceptance models,
like the UTAUT2. Therefore, we integrated both privacy
concerns and trust in the mHealth app into the UTAUT2 model
and empirically tested their impact on mHealth app acceptance.

Moreover, we tested for differences in acceptance patterns
between two types of mHealth apps (research question 1):
currently, therapy apps targeted at existing illnesses and ailments
are far less often used than lifestyle apps that, for example,
should improve fitness and prevent health problems [15].
Therefore, the question arises as to whether there are differences
between the factors shaping the acceptance of therapy apps
compared to lifestyle apps. To study these differences, we
employed our extended UTAUT2 model to compare the
acceptance of therapy and lifestyle apps.

Another important research duty regarding the acceptance of
mHealth apps is the integration of effects of user diversity on
technology acceptance. While demographic factors, such as
age, have already been a focus of research (eg, Deng et al [14],
Risch [15], and Guo et al [16]), the influence of experience,
digital health literacy, and personal dispositions still needs to
be further understood. While we did not extensively study the
impact of these factors, we nevertheless considered their
importance and exploratorily analyzed their relationship to
mHealth acceptance to lay a basis for future research (research
question 2).

Figure 1 depicts our research model, based on the UTAUT2
with the inclusion of privacy concerns and trust. The hypotheses
and research questions will be developed and explained in the
following sections.
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Figure 1. Proposed research model. H: hypothesis; RQ: research question; UTAUT2: unified theory of acceptance and use of technology 2.

Our research provides new insights into the individual and
context-specific acceptance patterns for mHealth apps. This is
important for revealing drivers to build acceptance as well as
for identifying barriers that need to be reduced. User acceptance
is one of the keys to a successful mHealth app rollout and to
harnessing the full potential of mHealth for health care systems
and for the improvement of quality of life and therapy for
patients.

The UTAUT2 as a Theoretical Framework
With the ever-increasing use of technology, the acceptance of
new devices and software has advanced as an important focus
of research. To understand the future use of new
implementations, it is necessary to understand what factors
influence human behavior. Based on psychological theories (eg,
the theory of reasoned action [17]), technology acceptance
models argue that the actual use of technology is largely
influenced by a previous intention to use it, thus justifying the
inclusion of not only current users but also potential future users
into acceptance studies.

The most recent extension in the line of technology acceptance
models is the UTAUT2 [10], which focuses on the acceptance
of commercially available technologies. The UTAUT2 is often
cited and has been applied and extended a multitude of times
in various technology contexts (see recent reviews of the
UTAUT2 [18,19]). In addition to performance expectancy,
effort expectancy, social influence, and facilitating conditions,
which were already part of the predecessor, UTAUT [20], in
the context of private use of information technologies, factors
such as fun (ie, hedonic motivation), finances (ie, price value),
and habit were found to influence the behavioral intention to
use technology and, thus, acceptance.

UTAUT2 Constructs
Performance expectancy describes the perception that using the
technology will provide benefits to the user and is, thus, tied to
the perception of usefulness [10]. A recent review and weight
analysis of UTAUT2 studies [19] showed that, indeed, in the
large majority of studies, performance expectancy significantly
influenced use intention and was also often the strongest
predictor. Further, in mHealth research specifically, performance
expectancy was continuously shown to have a significant impact
on use intentions [21-26]. This applies to studies regarding
lifestyle apps (eg, Schomakers et al [21] and Yuan et al [23]),
therapy apps (eg, Schomakers et al [21] and Hoque and Sorwar
[24]), as well as mHealth apps in general (eg, Sun et al [22] and
Salgado et al [26]).

Based on this body of research, hypothesis 1 is as follows:
Performance expectancy influences the intention to use mHealth
apps.

Effort expectancy describes the expected ease of using the
technology [10]. Results regarding the influence of effort
expectancy on use intention are mixed [19]. Hoque and Sorwar
[24] found effort expectancy to be a significant predictor of
mHealth acceptance by older adult users, and Wang et al [25]
found it to predict the intention to use online hospital mHealth
services in China. Other studies could not confirm an impact
on use intention of fitness and diabetic mHealth apps [21,23]
or of mHealth services in general [26].

In this study, we, therefore, again examined this relationship
using hypothesis 2: Effort expectancy influences the intention
to use mHealth apps.

Social influence is “the degree to which an individual perceives
that important others believe he or she should use the new
system” [20]. Results on the significance of its influence on use
intention are mixed, as approximately half of the studies
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applying the UTAUT2 found a significant effect [19] of social
influence on acceptance. In the mHealth context, Schomakers
et al [21] found social influence to be significant for both
diabetes apps and fitness apps, but it showed a stronger influence
on the use intention for diabetes apps. Regarding the use of
mHealth by older adult users, Hoque and Sorwar [24] found a
significant impact, but other studies could not confirm the effect
in mHealth [23,25,26].

Therefore, hypothesis 3 is as follows: Social influence affects
the intention to use mHealth apps.

Facilitating conditions refer to the perceptions “of the resources
and support available to perform a behavior” [10]. For the use
of mHealth apps, this is regarding, for example, a smart device
on which to use apps or peers to ask about problems interacting
with apps. Again, previous results are also mixed depending on
the technology researched [19]. Regarding mHealth, only Wang
et al [25] and Sun et al [22] found significant effects on use
intention.

In this regard, we put forward hypothesis 4: Facilitating
conditions influence the intention to use mHealth apps.

Hedonic motivation is the gratification counterpart to the
utilitarian measure of usefulness represented by performance
expectancy. Hedonic motivation refers to fun, pleasure, and
enjoyment with the use of technology [10]. It is a rather strong
predictor in many studies applying the UTAUT2 model [19].
In mHealth, Yuan et al [23] found a moderate effect on the
intention to use fitness apps, and in a qualitative study,
Woldeyohannes and Ngwenyama [27] also found evidence for
its importance on mHealth app acceptance. However, Salgado
et al [26] could not confirm this for the general use of mHealth.

Considering these mixed results, we examined the following
relationship as hypothesis 5: Hedonic motivation influences the
intention to use mHealth apps.

Habit is operationalized within the UTAUT2 framework as a
self-reported perception of a customary use of the respective
technology [10]. Castanha et al [19] found in their review of
UTAUT2 studies that habit had good predictive abilities for use
intention, and almost all studies that included habit confirmed
its impact. Salgado et al [26] found habit to be the strongest
predictor for mHealth use intention and found it to be the only
significant one from the UTAUT2 model besides performance
expectancy. The impact of habit was also confirmed for fitness
apps [23]. Still, habit only has relevance for those people who
already use mHealth apps.

Therefore, in this study, we only assessed habit for current users
of the mHealth apps in question and proposed hypothesis 6:
Habit influences the intention to use mHealth apps of current
users of mHealth apps.

In the UTAUT2, a seventh predictor is the price value. Despite
its significant effect on use intention as shown in some UTAUT2
studies [19,23], we did not integrate price value in our model,
as most existing and well-known mHealth apps are free of
charge. To include the effects of cost or price for such apps in
the analysis runs the risk of price or cost obscuring all other
acceptance factors, simply because people tend to reject or

ascribe less value to things that are currently unaffordable to
them [28]. However, we were interested in first identifying the
interaction and relationship of the other acceptance factors.
Therefore, the topic of cost was also left out of the description
of the apps in our study.

As shown, a multitude of studies applied the UTAUT2
acceptance model in diverse application contexts. However,
many researchers also extended and adapted the model to better
fit the needs of the specific context of research [18]. The
mHealth context is no exception to this [21,24-26]. Different
illnesses or ailments have different actual or perceived
repercussions. This can result in a stigma for having to deal
with the ailment and can cause a fear of losing face if someone
were to know about it, and these varying conditions can also
affect different needs and perceived necessity in treating the
illness, such as taking medication or undergoing physical
treatments. Therefore, general acceptance models like the
UTAUT2 can only be cautiously applied to the health care
context, and extensions of the original predictors need to be
considered [11,12].

Additional Constructs
One major barrier to the use of digital and connected
technologies is privacy concerns [29]. As mHealth apps also
collect and analyze sensitive and intimate personal data, privacy
concerns have been shown to be one important impediment to
their acceptance [14,30,31].

Privacy can be defined as users’ rights to control the flow of
personal information [32]. Many users feel that they have lost
exactly this control over their personal information in their
interaction with digital technologies [33]. They worry about
malware, hackers, and identity theft as well as perceived privacy
intrusion, secondary use of personal information, and perceived
surveillance [34,35]. To understand what shapes privacy
concerns and what consequences privacy concerns have, Smith
et al [36] proposed the Antecedents–Privacy
Concerns–Outcomes macromodel. It shows that privacy
concerns are shaped by individual influences (ie, demographic
differences and personality differences), experiences, awareness,
and culture. Additionally, privacy concerns are also dependent
on contextual factors [37].

A large body of research shows that privacy concerns negatively
influence users’ intention to provide information [36,38].
Correspondingly, privacy concerns represent a barrier to the
adoption of technologies that need personal data [29]. However,
widely-used technology acceptance models, like the UTAUT2,
have not yet integrated privacy concerns, and no new models
that integrate privacy concerns have been established. In some
empirical studies, privacy concerns were added to the established
models, and could improve the prediction of acceptance in
different contexts (eg, mobile banking [39], smart city
technologies [40], and e-commerce [41]). Also, regarding health
information technologies in general and mHealth, privacy
concerns have been identified as an important factor to extend
established acceptance models in qualitative [12,42,43] and
quantitative [16,27,29,44,45] empirical research.
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Based on these empirical results, we proposed hypothesis 7:
Privacy concerns influence the intention to use mHealth apps.

Another important factor for the acceptance of information
technologies and mHealth is trust [14,46,47]. Trust comes into
effect in situations of uncertainty and can be described as the
attitude to accept this uncertainty and vulnerability based on
positive expectations [48,49]. The level of trust is based on the
perceived trustworthiness of the technology [50], which is
shaped by the reliability and predictability of the technology,
the perceived intention of the developers, as well as the
individual familiarity with the system [51].

In line with research on privacy concerns and acceptance, it
could be shown that technology acceptance models should be
extended by trust as an influencing factor, for example,
regarding travel apps [52], mobile banking [39,53], and
e-commerce [41]. For mHealth, trust has already been identified
as an important extension to technology acceptance models
[14,27].

This leads to our last hypothesis, hypothesis 8: Trust in mHealth
apps influences the intention to use mHealth apps.

Differentiation of Lifestyle and Therapy Apps
The available spectrum of mHealth apps is very broad. Apps
related to a healthy lifestyle (eg, fitness, diet, and
sleep-monitoring apps)—further on called lifestyle apps—are
already frequently downloaded, especially by younger people
[54,55]. Inspired by the “quantified self” movement and a
general public awareness for the responsibility of
health-conscious life and behavioral habits [56], many people
are interested in using such lifestyle apps. Considering that a
healthy lifestyle, regular exercise, a healthy diet, and sufficient
sleep can prevent diseases, it is very welcome that mHealth
apps trigger lively interest and use among end users. However,
to relieve the burden on the health care system, it is necessary
that all types of health service apps are offered and used; this
includes lifestyle apps as well as apps related to the management
of chronic and acute health conditions, the monitoring of
important parameters, control of and reminders for medication
intake, and other processes supporting the treatment of, and life
with, chronic and acute physical or psychological conditions.
These are herein called therapy apps and are available for
different health conditions, ranging from, for example, blood
pressure diaries over diabetes trackers to depression and anxiety
relief.

Even though the market for lifestyle apps is twice as big as for
health care apps and therapeutically orientated apps [57],
mHealth apps will support the health care system if they are
used by large segments of the population. Specifically regarding
therapy apps, positive improvements due to the use of mHealth
could be observed, for example, for the cardiac rehabilitation
process in older adults [5] or the self-management of diabetes
and hypertension [6]. So far, however, the quality of mHealth
apps, as well as users’ intentions to use such systems, is still
questionable [58].

Using apps for a general healthy lifestyle may be influenced by
different motives and barriers than using apps for therapy for
existing illnesses. Initial empirical evidence shows that

acceptance patterns differ between different contexts of digital
health technologies [45,59] as well as for different mHealth app
types [21]. To better understand user acceptance of mHealth, it
is important to disentangle potentially different acceptance
patterns.

For these reasons, we pose research question 1: How does the
influence of the proposed factors on use intention differ between
lifestyle and therapy apps?

User Diversity
People are diverse and so are their evaluation and acceptance
of technologies. Besides the highly individual perceptions of,
for example, performance, privacy, or influences through peers
and habit, user acceptance varies depending on users’
characteristics. In general, current users of mHealth apps are
rather young, female, and highly educated [54,55], but this also
varies depending on the app type. In particular, therapy apps
targeted to illnesses that are more prevalent in higher age groups
have different target groups. The UTAUT2 incorporates age,
gender, and experiences as moderating factors on the
relationship between use intention and its antecedents [10]. The
effects of sociodemographic characteristics have also been
confirmed in other research, for example, in that different age
groups attribute varying relevance on acceptance factors [16,60].

However, sociodemographic factors, specifically age, may just
be carrier variables for the underlying reasons and user
characteristics. The adequate know-how of handling mHealth
apps, as well as the fit between needs and target groups, are
factors that might have an impact on use intention [61].
Therefore, an important factor for the use and acceptance of
mHealth is also familiarity and competence with the use of apps,
such as digital health literacy [54,62]. Personal dispositions,
such as the individual disposition to value privacy and to trust
unknown technologies, may influence mHealth acceptance and
explain varying importance of trust and privacy for mHealth
acceptance [51,63]. In order to advance an understanding of
mHealth app acceptance, the impact of these user diversity
factors needs to be further examined. As this is not the focus of
this study, we complement our analysis with an exploratory
examination of the user diversity factors, which does not suffice
for this broad topic but may give first hints on the importance
of user diversity for mHealth acceptance.

Therefore, we pose research question 2: How do diverse user
characteristics like sociodemographics, experience and literacy
with mHealth apps, as well as personal dispositions relate to
the acceptance of mHealth apps?

Methods

We used an online questionnaire with a between-subject design
to assess the opinions and acceptance by the participants of
either lifestyle or therapy apps and to evaluate our hypotheses
and research questions.

The Questionnaire
In the introduction section of the questionnaire, a brief
orientation on the topic of the study was given. The respondents
were also reminded of their rights and informed on how the
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collected data would be dealt with. We encouraged them to
answer freely, as there were neither “correct” nor “incorrect”
answers, and we let them know that we were only interested in
their perspective on this timely topic. Respondents were also
informed that participation was voluntary and that they were
free to quit at any time. Before starting the questionnaire,
participants gave consent to collection of their data.

In the next part of the questionnaire—cataloguing the
participants’ characteristics, attitudes, and experiences—their
state of health was first assessed. Besides their subjective health
status, questions regarding their experiences with different types
of health problems were asked (ie, back and joint pain,
headaches and migraine, cardiovascular diseases, allergies and
food intolerances, metabolic illnesses, dementia, and a
non-option). To measure their experiences with apps, the

participants indicated their experience with and use of apps in
general and with mHealth apps. For the use of digital health
apps in particular, users require skills to search, select, appraise,
and apply online health information. Therefore, digital health
literacy was assessed in the next part of the questionnaire using
the instrument by Van Der Vaart and Drossaert [64], which
measures operational skills, navigation skills, information
searching, evaluating reliability, determining relevance, adding
self-generated content, and protecting privacy (see Table 1
[10,34,51,63,64] for an overview of all constructs). Concerning
personality and dispositions, the personal disposition to value
privacy [63] as well as the propensity to trust [51], the latter of
which was adapted to apps, were assessed. At the end of the
questionnaire, sociodemographics (ie, age, gender, and education
level) were surveyed.

Table 1. Constructs used in the questionnaire with their respective sources.

Source upon which the construct was basedSubconstructsConstructs

Venkatesh et al [10]UTAUT2a constructs • Performance expectancy
• Effort expectancy
• Social influence
• Facilitating conditions
• Hedonic motivation
• Habit (only answered by users)
• Behavioral intention (for users)
• Behavioral intention (for nonusers)b

Körber [51]N/AcPerceived trust

Xu et al [34]Information privacy concerns • Perceived surveillance
• Perceived intrusion
• Secondary use of personal information

Van Der Vaart and Drossaert [64]Digital health literacy • Operational skills
• Navigation skills
• Information searching
• Evaluating reliability
• Determining relevance
• Adding self-generated content
• Protecting privacy

Xu et al [63]N/ADisposition to value privacy

Körber [51]N/APropensity to trust (adapted to apps)

aUTAUT2: unified theory of acceptance and use of technology 2.
bThis construct was adapted from Venkatesh et al [10].
cN/A: not applicable; the construct in this row did not have any subconstructs.

In the main part of the questionnaire, participants were randomly
assigned to evaluate either lifestyle apps or therapy apps. The
evaluation started with introducing the respective mHealth apps.
We assessed performance expectancy, effort expectancy, social
influence, facilitating conditions, hedonic motivation, habit,
and behavioral intention using the items by Venkatesh et al [10]
with small adaptations to the context (a detailed overview of
the items used, translations, and original items is given in
Multimedia Appendix 1).

To assess privacy perceptions, the Mobile Users’ Concerns for
Information Privacy [34] instrument, which consists of the three
subdimensions of perceived surveillance, perceived intrusion,
and secondary use of personal information, was used and

adapted to lifestyle and therapy apps. To measure trust in the
respective mHealth apps, items from the subdimensions of
reliability and competence as well as trust in automation by
Körber [51] were applied and adapted to the context.

All items were assessed on 6-point symmetric Likert scales
ranging from 1 (low agreement) to 6 (strong agreement). Items
were randomized to prevent biases. The language of the
questionnaire was German, as only German participants were
recruited; therefore, items were translated into German. For
trust, no validated German translation was available. Therefore,
the items were forward-translated by a German native speaker
and, to test the comprehensibility and correct translations, two
authors translated these again back into English. The results
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were compared to the original items, and deviations were settled
in a discussion. During the translation process, we also adapted
the items to the mHealth context and discussed these
adaptations.

To assure a realistic and empathetic evaluation of mHealth apps,
the formulation of the items was, on the one hand, individually
adapted to the participants already being users of such apps or
nonusers. For example, one item for behavioral intention was
modified in the following way: “I intend to continue using such
a [medical or lifestyle] app” for users versus “I intend to use
such a [medical or lifestyle] app in the future” for nonusers.
Also, only current and prior users were asked to answer
questions concerning habit. Moreover, as therapy apps are less
widespread and, therefore, less familiar, the description of
therapy apps was illustrated by an example of apps that matched
the participants’ experienced health problems, as in the
questionnaire section about state of health. For those participants
who had not experienced any of these health problems before,
a general description with several examples was used.

Before distributing the study, we pretested the questionnaire
and participants reported back on comprehensibility issues.
Only after those issues had been eliminated did we start the data
acquisition.

Recruitment of the Sample
Participants were recruited from a university seminar and its
attendees’ social contacts. Participants accessed the
questionnaire via a weblink that was given to them. The
comparison between the app types used a between-subject
design. Thus, each participant either answered the items
regarding therapy apps or lifestyle apps. The app type to be
evaluated was assigned randomly. The participants volunteered
to take part in the study and were not rewarded for their efforts.
Data were collected in May and June of 2019.

The recruitment method was chosen with the aim to reach
mHealth users as well as nonusers of therapy and lifestyle apps.
Additionally, participants of different age groups were recruited.
However, in accordance with the technical requirements of
mHealth use, only participants with access to the internet and
digital devices were targeted. Today, young people, in particular,
use mHealth apps [54]. Therefore, an additional aim for
recruitment was to reach those people who have the
technological access and know-how to use mHealth apps but
still have not adopted this technology, despite possible medical
conditions (eg, relatives or acquaintances of seminar students).

Data Analysis
The following sections will detail the analysis methods as well
as regulations we applied to our data.

Item Analysis
We checked reliability by using Cronbach α and applied a
threshold of a>.70 for all scales not included in the structural
model (ie, disposition to value privacy, propensity to trust apps,
and digital health literacy). Additionally, as some of the
translated German items were not validated previously, we
conducted an exploratory factor analysis on the model

constructs, confirming the validity of the items (Multimedia
Appendix 2).

Structural Model
Our research model was tested using partial least squares (PLS)
structural equation modeling (SEM). PLS is a component-based
SEM method that is suitable for exploratively testing new
models [65], such as this extension of the validated UTAUT2.
The analysis process was divided into two parts. First, the
measurement quality was checked for reliability and validity.
Only when the quality of the model was confirmed, the structural
model was analyzed and interpreted.

The software SmartPLS (version 3.3) was used for the SEM
modeling [66]. It offers the possibility to conduct multigroup
analysis (MGA) to test differences in relationships between
constructs and between user groups. We used MGA to test
differences between the two app types regarding the strength
of the relationships.

As we tailored the questionnaire distinctly, using the targeted
app examples, we had to ensure that this did not introduce a
systematic error between different apps. We first checked
whether the correlations between behavioral intention and the
predictor variables differed significantly between the eight app
examples used. No such differences were prevalent so that, in
the final analysis, no differentiation was made between the
participants evaluating therapy apps with different health or
ailment foci. For all analyses, a significance level of 5% was
set.

Correlation Analysis
To describe how demographics and other user characteristics
might be associated with our model variables, we used
correlation analysis. To deal with suboptimal normality of our
data, we used bias-corrected and accelerated bootstrapping [67].

Exclusion of Participants
Of 951 people who started the questionnaire, 799 completed it
(84.0% completion rate). Further, 92 participants with a response
time shorter than 50% of the median response time (<16
minutes, 17 seconds) were labeled as speeders and excluded.
Finally, 707 participants were included in the analysis.

Data Availability
Access to the anonymized data set can be requested on the Open
Science Framework repository [68].

Results

The Sample
The demographic characteristics of the sample are depicted in
Table 2 and are differentiated by the type of app the participants
evaluated. All in all, the sample included German participants
between the ages of 16 and 89 years (mean 36.8, SD 17.5) and
428 women out of 707 (60.5%). The demographic characteristics
of the participants were evenly distributed between the two app
types. Most participants (n=517, 73.1%) possessed a high
education level with a general qualification for university
entrance.
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Table 2. Demographic characteristics of the sample comparing participants evaluating lifestyle apps and therapy apps (N=707).

Participants evaluating therapy apps (n=352)Participants evaluating lifestyle apps (n=355)Characteristic

37.3 (16.8)36.4 (18.1)Age (years), mean (SD)

Gender, n (%)

206 (58.5)222 (62.5)Women

146 (41.5)133 (37.5)Men

Education level

9 (2.6)6 (1.7)No certificate

25 (7.1)25 (7.0)Certificate of secondary education

63 (17.9)59 (16.6)General certificate of secondary education

255 (72.4)262 (73.8)General qualification for university entrance

Most of the 707 participants used digital technologies: 695
participants (98.3%) owned a smartphone. Only 33 participants
(4.7%) did not use apps regularly. Correspondingly, the
participants’ self-rated app familiarity was quite high (mean
4.32, SD 1.36), as rated on a scale from 1 (very low agreement)
to 6 (very high agreement). In contrast, the familiarity with
health apps was lower (mean 3.44, SD 2.56). Of the 355
participants evaluating the lifestyle mHealth apps, 110 (31.0%)
were current users and 82 (23.1%) had used a lifestyle app
before. Only 18 (5.1%) of the 352 participants assigned to the
therapy app evaluation group were current users, and 18 (5.1%)
had used a therapy app before.

Disclosing information about health status was optional in order
to not be too invasive regarding the participants’ privacy. Most
of the 707 participants reported their health status as “good”
(n=305, 43.1%), “very good” (n=216, 30.6%), or “excellent”
(n=65, 9.2%). Out of 707 participants, 5 (0.7%) reported their
health status as “very bad,” 25 (3.5%) reported it as “bad,” and
83 (11.7%) reported it as “rather bad.” Out of 707 participants,
8 (1.1%) chose not to answer. Out of 707 participants, 26.9%
(n=190) lived with a chronic illness, 11.9% (n=84) depended
on a medical assistive device, and 31.4% (n=222) needed regular
checkups with their physician.

On average, the sample showed a neutral propensity to trust
apps in general (mean 3.07, SD 0.79) and a slightly stronger
than neutral disposition to value privacy (mean 3.88, SD 1.14).
The mean digital health literacy was quite high (mean 4.53, SD
0.75).

The Measurement Model
To assess the quality of the measurement model, the guideline
by Hair et al [65] was followed. For the reliability of the model,
we confirmed internal consistency reliability (composite
reliability >0.708) and considered indicator reliability (outer
loading >0.7). The outer loading of one of the items for
facilitating conditions on the construct was below 0.4. Dropping
it improved reliability. Three other items from the constructs
habit, perceived surveillance, and facilitating conditions were
closely below the recommended threshold of 0.7, yet they were
above 0.6, and were kept in the model as they stemmed from
validated models, and dropping them decreased the reliability
of the remaining model.

The Structural Model
Evaluation of the validity included convergent validity (average
variance extracted >0.5) and discriminant validity, using the
Fornell-Larcker criterion. Mobile users’ information privacy
concerns were modeled as higher-order models because the
latent factor privacy concerns was based on three subdimensions.
Therefore, validity criteria did not apply to the discriminant
validity between the subdimensions themselves or between the
subdimensions and the overall scale privacy concerns.

The resulting path coefficients of the model for both lifestyle
and therapy apps are depicted in Figure 2. The significance of
the path coefficients was checked using bias-corrected and
accelerated bootstrapping with 5000 subsamples. Blindfolding
procedures were calculated to assess the predictive relevance
of the constructs for each app type.
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Figure 2. The structural model with path coefficients juxtaposed for lifestyle and therapy apps (significance based on bootstrapping; lifestyle: n=355;
therapy: n=352). PLS-SEM: partial least squares structural equation modeling; adj: adjusted.

The results revealed that only 19% of the variance in behavioral
intention for both types of mHealth apps could be explained by
the extended UTAUT2 model. The variables correspondingly
showed only weak predictive relevance for behavioral intentions
(Q=0.119 for both app types). Most hypothesized variables
showed no significant relationship to behavioral intention.
Regarding both types of apps, neither the UTAUT2 constructs
of performance expectancy, effort expectancy, and facilitating
conditions nor privacy concerns predicted acceptance. Hedonic
motivation was the only included construct that had a significant
impact on behavioral intention for both app types (lifestyle:

0.196, P=.004, f2=0.044; therapy: 0.344, P<.001, f2=0.044).
Social influence did impact behavioral intention to use therapy

apps (0.185, P<.001, f2=0.011) but not lifestyle apps. The other

way around, habit did impact the intention to use lifestyle apps

(0.272, P<.001, f2=0.02) but not therapy apps. As only current
and previous users evaluated habit, the calculation was based
on 192 participants for lifestyle apps and 36 participants for
therapy apps. In the same vein, trust in the app showed an impact

on the intention to use therapy apps (0.273, P<.001, f2=0.001)
but not lifestyle apps.

The MGA confirmed these differences between the evaluation
pattern for the app types. Significant differences were present
regarding the relationships of habit (D=0.264, P=.002), social
influence (D=0.275, P<.001), and trust (D=0.181, P=.04). Table
3 lists the bootstrapped CIs of the path coefficients and the
MGA results.
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Table 3. Bias-corrected and accelerated bootstrapped 95% CIs for the evaluation of lifestyle and therapy apps and significance of the difference in path
coefficients between the two app types based on multigroup analysis (MGA).

Significance of MGA, P valueTherapy apps (n=352), 95% CILifestyle apps (n=355), 95% CIRelationship

Predicting behavioral intention

.57–0.002 to 0.227–0.069 to 0.185Performance expectancy

.41–0.152 to 0.040–0.100 to 0.141Effort expectancy

.98–0.078 to –0.093–0.125 to 0.123Facilitating conditions

<.0010.089 to 0.275–0.197 to 0.013Social influence

.002–0.126 to 0.1060.141 to 0.381Habit

.120.214 to 0.4700.061 to 0.328Hedonic motivation

.040.146 to 0.399–0.027 to 0.214Trust

.19–0.041 to 0.110–0.160 to 0.049Privacy concerns

Higher-order model of privacy concerns

.380.850 to 0.9110.870 to 0.951Perceived surveillance

.380.924 to 0.9590.885 to 0.951Perceived intrusion

.510.894 to 0.9390.907 to 0.945Secondary use

User Diversity in the Acceptance of mHealth Apps
The validated UTAUT2 model including the additional
constructs of privacy concerns and trust showed only weak
predictive relevance in explaining why people use mHealth apps
and why not. The UTAUT2 postulates that age, gender, and
experience moderate the relationships of the predictor variables
with behavioral intention [10].

These moderators were not included in our model, as we focused
on the direct relationships. Additionally, other human factors
have been shown to influence the acceptance of digital
technologies and mHealth. Therefore, in an exploratory attempt
to decipher how user diversity influences mHealth acceptance
and usage, we calculated correlations to get first hints as to what
may influence behavioral intention. These results shall not
represent a detailed analysis but should give first insights into
the impact of selected user characteristics on the acceptance of
mHealth apps.

Table 4 depicts the correlations of user factors with behavioral
intention to use mHealth apps; these are not differentiated

between the two app types. All variables showed significant
relationships with behavioral intention. Particularly, familiarity
with health apps showed a moderate effect, with a higher
familiarity with health apps related to a higher intention for the
ongoing use of health apps (r=0.469, P<.001). Additionally,
app familiarity (r=0.142, P<.007), propensity to trust apps
(r=0.191, P<.001), as well as digital health literacy (r=0.215,
P<.001) increased the acceptance of health apps, showing further
how important experience and familiarity are to intention for
use. Also, demographic characteristics, such as age and gender,
showed a significant relationship to acceptance. Older
participants and men showed lower acceptance (age: r=–0.15,
P<.004; gender: r=–0.075, P=.048), and participants with a
higher level of education showed higher acceptance (r=0.195,
P<.001). Even though privacy concerns regarding the app itself
did not have an impact on behavioral intentions in the structural
model, the disposition to value privacy correlated with
behavioral intention (r=–0.194, P<.001). Participants who
valued their privacy more showed less intention to use mHealth
apps.

Table 4. Pearson correlation coefficients of user factors with behavioral intention to use mobile health apps with bias-corrected and accelerated 95%
CIs (N=707).

P value95% CICorrelation with behavioral intention, rUser factor

.004–0.255 to –0.034–0.150Age

.048–0.152 to 0.004–0.075Gender

.020.001 to 0.1710.088Education level

.0070.054 to 0.2400.142App familiarity

<.0010.379 to 0.5480.469Health app familiarity

<.0010.119 to 0.3130.215Digital health literacy

<.001–0.299 to –0.083–0.194Privacy disposition

<.0010.88 to 0.2910.191Propensity to trust apps
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Discussion

Overview
The objective of this study was to increase the understanding
of users’ acceptance and decision patterns to use mHealth apps
and which factors impact acceptance for lifestyle apps compared
to therapy apps. Therefore, we applied the established
technology acceptance model UTAUT2 [10] to the evaluation
of mHealth apps. The original model was extended with trust
and privacy concerns as predictors of use intention because
previous research showed their relevance in the context of digital
health technologies (eg, Woldeyohannes and Ngwenyama [27],
Lidynia et al [30], and Schomakers et al [59]). In an online
questionnaire, 707 participants evaluated either lifestyle or
therapy apps in order to compare the decision patterns between
these two mHealth app types.

Principal Findings

Overview
In this study, the UTAUT2 model with its extensions can only
explain a small amount of variance in the intention to use
mHealth apps (approximately 20%). From the original validated
UTAUT2 model, only the constructs hedonic motivation, habit,
and social influence partly predict the intention to use mHealth
apps. The constructs effort expectancy and performance
expectancy, which are similarly modeled as main aspects in
other established acceptance models like the technology
acceptance model [69] and the UTAUT [20], show no significant
influence on acceptance. Although researchers already criticized
the applicability of these established and widely used acceptance
models for the health care context [11,12], our findings deviate
from previous empirical research on mHealth app acceptance
in which at least some of the factors proposed by the UTAUT2
influenced the intention to use mHealth apps [22,23,25,26].
Therefore, further confirmation of our results is needed, taking
into account the limitations of our study, which will be further
discussed hereafter, for example, regarding the sample.
However, much previous research showed that, on the one hand,
not all factors proposed by the UTAUT2 or other technology
acceptance models had a significant impact and that, on the
other hand, these need to be extended by further influencing
factors [22,24,26]. This empirical evidence allows us to conclude
that applicability of the UTAUT2 and its predecessors is not
fully applicable to the health care and mHealth context, and
extended or rather new acceptance models for this context are
needed.

Also, in contrast to previous studies (eg, Guo et al [16], Bélanger
and Crossler [29], and Schomakers et al [59]), privacy concerns
were not found to influence the intention to use mHealth apps.
Trust in the reliability and competence of the app, on the other
hand, showed a small effect on the acceptance of therapy apps
but not on the acceptance of lifestyle apps. Trust and privacy
concerns have been extensively studied in information systems
research [70-72]. However, for both concepts, no commonly
agreed-upon definition and operationalization exist in research.
After all, privacy and trust are not completely disjunct (eg, trust
beliefs can mitigate privacy concerns) [59,73]. For both reasons,

it is important to study different aspects of privacy and trust.
Our results suggest that privacy concerns regarding the
perceived surveillance, intrusion, and secondary use of
information do not impact mHealth acceptance, but maybe
concerns regarding hacker attacks, misuse of information by
health insurance companies, or similar concerns do. In the same
vein, trust in the reliability and competence of mHealth apps
showed only a weak influence on the acceptance of therapy
apps in our study. Trusting the mHealth app provider, the data
protection mechanisms, or a physician recommending the use
of an app may have an impact. These other dimensions of trust
and privacy need to be further examined while paying close
attention to the specific operationalization of the constructs.
Therefore, our results are only a first step toward studying the
impact of privacy and trust on mHealth acceptance.

Our results further suggest that instead of the more “utilitarian”
aspects of perceived usefulness and performance of mHealth
apps, it is rather the “emotional” aspects, such as fun, prior
experiences, and recommendations by peers, that are important
for their use. This finding must be confirmed and further
analyzed in future studies, but it indicates that, on the one hand,
approaches that address user experience, such as gamification,
are important for mHealth apps of both types as the hedonic
motivation influenced use intention for both app types. On the
other hand, personal and peer experiences are very influential,
whereby a widespread use of mHealth apps becomes even more
important.

Context Differences
Besides the general model, our results revealed differences in
the importance of some predictors for lifestyle and therapy apps.
In our sample and in general, lifestyle apps were far more
frequently used than therapy apps. The categorization of
mHealth apps into lifestyle and therapy apps is not disjunct, as
some apps may have functions providing both. In our study, the
introduction given to the participants clearly distinguished
between apps used to improve fitness, nutrition, and similar for
“lifestyle” and those apps providing support for dealing with a
prevailing illness. However, for future research, a classification
of mHealth apps that is commonly agreed upon is vital, as is
the simplification of research on context differences.

Habit emerged as a significant acceptance factor only for the
lifestyle apps, which may be explained by the more widespread
use and larger proportion of users in the sample. However, as
the sample of users for therapy apps was very small (ie, only
36 participants), these results have to be interpreted with caution.
The behavioral intention to use therapy apps was, in contrast
to lifestyle apps, also influenced by social influence and trust.
In this medical context, the participants need more than fun to
use the app and, rather, should search for more reliable and
trustworthy apps. Similar results have been found by
Schomakers et al [21].

User Diversity
All in all, the predictive relevance of the factors in the extended
UTAUT2 model is rather weak. This confirms other authors’
opinions regarding health care technologies, in that the
established models can only be cautiously applied and need
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further adaptations, or rather, new models for the special health
care context are needed (eg, Ziefle and Wilkowska [9] and
Venkatesh [10]).

The results of our exploratory analysis of the relationship
between different user factors and behavioral intention to use
mHealth apps imply that user diversity is an important aspect
that needs to be considered. In particular, experience showed a
strong relationship with use intention in this preliminary
analysis, particularly the experience with health apps, but also
with apps in general. The same was true for digital health
literacy. Further empirical research and analysis of user
diversity, especially the importance of experience, is needed,
but this first result hints at a developing acceptance. When more
and more people use mHealth apps, including therapy apps, the
increased familiarity combined with habit and social influence
may increase acceptance within the population. On the other
hand, it cannot be assumed that everybody has the experience
and the skills to use mHealth apps. Digital health literacy has
to be developed and, following the gray digital divide, older
people in particular, who are also more prone to chronic
conditions, need support in getting to know these digital helpers.

Limitations
Despite the valuable insights into decision patterns regarding
mHealth apps, this online questionnaire approach needs to be
considered methodologically. Instead of actual adoption
behavior, reported attitudes, perceptions, and intention to adopt
were measured for mHealth apps in general, not regarding a
specific mHealth app. Therefore, more general implications can
be extracted from the results; however, on the other hand, users
evaluated a vague idea of what mHealth apps are. Furthermore,
their evaluations may be strongly influenced by those mHealth
apps they have already experienced, especially as experience
was shown to be strongly related to acceptance. This adds
variability to the data. Therefore, this general research should
be accompanied by more research into app-specific acceptance,
which can provide detailed results for the optimal design of
apps. Moreover, as an urgent research desideratum, the role of
prior experience needs to be further explored. While the
difference between users and nonusers [74] of mHealth apps
might impact technology acceptance, so too could the usage of
different mHealth apps probably influence future acceptance
of mHealth apps in general. Additionally, the rather young and
educated sample needs to be considered, which was acquired
via social contacts. Convenience sampling has the advantage
that those people actually participating are often highly
motivated to provide their opinion. However, by their motivation

and their self-selection, bias may have been brought into the
data.

Besides the young and healthy persons still improving their
health via lifestyle apps, thereby preventing chronic diseases,
very important target groups for mHealth are older people and
people with health problems. Here, mHealth can unfold its
potential in directly supporting therapy and monitoring diseases,
thereby improving quality of care and relieving the health care
systems in a short time. These user groups should be further
researched as they are underrepresented within our sample.
Also, the German nationality of the participants limits the
implications from this research, as attitudes toward technologies
are highly influenced by cultures (eg, Trepte et al [75] and
Alagöz et al [76]).

As no validated translation of the UTAUT2 items to German
was known to us when planning the study, and no validated
adaptation to the health care context was yet available, the use
of unvalidated translations and adaptations of the items might
have lowered the validity of our results. We could statistically
assure a good validity and reliability of our items; nevertheless,
the use of validated scales is highly recommended for future
research (for a German translation of UTAUT2 items, see
Harborth and Pape [77]; for a validated French adaptation to
eHealth technologies, see Hayotte et al [78]).

Conclusions
In this study, an extended UTAUT2 technology acceptance
model was used to predict behavioral intention to use mHealth
apps. Only a few hypothesized predictors (ie, hedonic
motivation, habit, and social influence) showed a significant
relationship to use intention, and the model only explained a
comparably small amount of variance (approximately 20%).
These factors indicate that more emotional factors than
utilitarian usefulness influence mHealth app acceptance, adding
a piece to the understanding of the mHealth acceptance puzzle.
Small differences in the decision patterns were prevalent
between the acceptance of lifestyle apps (eg, for fitness,
nutrition, and sleep) and therapy apps (eg, for the monitoring
and treatment of back pain, migraine, and cardiovascular
diseases). In future research, the results need to be replicated,
as the generalizability from our rather young sample is limited.
However, our results in combination with previous research
indicate that the UTAUT2 model, which was developed for the
acceptance and use of mobile internet technologies in general,
is not very suitable to predict mHealth use. The health care
context needs improved and adapted technology acceptance
models, which must also include human factors, such as
experience, to account for user diversity.

Acknowledgments
We would like to thank all participants for openly sharing their opinions.

Conflicts of Interest
None declared.

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 1 | e27095 | p. 12https://mhealth.jmir.org/2022/1/e27095
(page number not for citation purposes)

Schomakers et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Multimedia Appendix 1
Questionnaire items, sources, and translations.
[DOCX File , 23 KB-Multimedia Appendix 1]

Multimedia Appendix 2
Exploratory factor analysis.
[DOCX File , 21 KB-Multimedia Appendix 2]

References

1. Lin TTC, Bautista JR. Understanding the relationships between mHealth apps' characteristics, trialability, and mHealth
literacy. J Health Commun 2017 Apr;22(4):346-354. [doi: 10.1080/10810730.2017.1296508] [Medline: 28323546]

2. Morris ME, Aguilera A. Mobile, social, and wearable computing and the evolution of psychological practice. Prof Psychol
Res Pr 2012 Dec;43(6):622-626 [FREE Full text] [doi: 10.1037/a0029041] [Medline: 25587207]

3. van Heerden A, Tomlinson M, Swartz L. Point of care in your pocket: A research agenda for the field of m-health. Bull
World Health Organ 2012 May 01;90(5):393-394 [FREE Full text] [doi: 10.2471/BLT.11.099788] [Medline: 22589575]

4. Messner EM, Probst T, O'Rourke T, Stoyanov S, Baumeister H. mHealth applications: Potentials, limitations, current quality
and future. In: Baumeister H, Montag C, editors. Digital Phenotyping and Mobile Sensing. Cham, Switzerland: Springer;
2019:235-248.

5. Bostrom J, Sweeney G, Whiteson J, Dodson JA. Mobile health and cardiac rehabilitation in older adults. Clin Cardiol 2020
Feb;43(2):118-126 [FREE Full text] [doi: 10.1002/clc.23306] [Medline: 31825132]

6. Choi W, Wang S, Lee Y, Oh H, Zheng Z. A systematic review of mobile health technologies to support self-management
of concurrent diabetes and hypertension. J Am Med Inform Assoc 2020 Jun 01;27(6):939-945 [FREE Full text] [doi:
10.1093/jamia/ocaa029] [Medline: 32357368]

7. Rossmann C, Krömer N. mHealth in der medizinischen versorgung, prävention und gesundheitsförderung. In: Fischer F,
Krämer A, editors. eHealth in Deutschland. Berlin, Germany: Springer Vieweg; 2016:441-456.

8. Biswas A, Oh PI, Faulkner GE, Bajaj RR, Silver MA, Mitchell MS, et al. Sedentary time and its association with risk for
disease incidence, mortality, and hospitalization in adults: A systematic review and meta-analysis. Ann Intern Med 2015
Jan 20;162(2):123-132. [doi: 10.7326/M14-1651] [Medline: 25599350]

9. Ziefle M, Wilkowska W. Technology acceptability for medical assistance. In: Proceedings of the 4th International ICST
Conference on Pervasive Computing Technologies for Healthcare.: IEEE; 2010 Presented at: 4th International ICST
Conference on Pervasive Computing Technologies for Healthcare; March 22-25, 2010; Munich, Germany. [doi:
10.4108/ICST.PERVASIVEHEALTH2010.8859]

10. Venkatesh V, Thong JYL, Xu X. Consumer acceptance and use of information technology: Extending the unified theory
of acceptance and use of technology. MIS Q 2012;36(1):157-178. [doi: 10.2307/41410412]

11. Holden RJ, Karsh B. The technology acceptance model: Its past and its future in health care. J Biomed Inform 2010
Feb;43(1):159-172 [FREE Full text] [doi: 10.1016/j.jbi.2009.07.002] [Medline: 19615467]

12. Vassli LT, Farshchian BA. Acceptance of health-related ICT among elderly people living in the community: A systematic
review of qualitative evidence. Int J Hum Comput Interact 2017 May 30;34(2):99-116. [doi: 10.1080/10447318.2017.1328024]

13. Bansal G, Zahedi F, Gefen D. Do context and personality matter? Trust and privacy concerns in disclosing private information
online. Inf Manage 2016 Jan;53(1):1-21. [doi: 10.1016/j.im.2015.08.001]

14. Deng Z, Hong Z, Ren C, Zhang W, Xiang F. What predicts patients' adoption intention toward mHealth services in China:
Empirical study. JMIR Mhealth Uhealth 2018 Aug 29;6(8):e172 [FREE Full text] [doi: 10.2196/mhealth.9316] [Medline:
30158101]

15. Risch S. Gesundheit in Zahlen [Health in Numbers]. Schwerpunkt: Risiko. Nr. 2. Germany: IKK classic; 2018 Oct. URL:
https://www.ikk-classic.de/assets/885_ikkc_web_pdf.pdf [accessed 2022-01-06]

16. Guo X, Zhang X, Sun Y. The privacy–personalization paradox in mHealth services acceptance of different age groups.
Electron Commer Res Appl 2016 Mar;16:55-65. [doi: 10.1016/j.elerap.2015.11.001]

17. Fishbein M, Ajzen I. Belief, Attitude, Intention and Behavior: An Introduction to Theory and Research. Reading, MA:
Addison-Wesley Publishing Company, Inc; 1975.

18. Tamilmani K, Rana N, Wamba S, Dwivedi R. The extended unified theory of acceptance and use of technology (UTAUT2):
A systematic literature review and theory evaluation. Int J Inf Manage 2021 Apr;57:102269. [doi:
10.1016/j.ijinfomgt.2020.102269]

19. Castanha J, Pillai SKB, Indrawati. What influences consumer behavior toward information and communication technology
applications: A systematic literature review of UTAUT2 model. In: Proceedings of the 5th International Conference on
Information and Communication Technology for Sustainable Development. 2021 Presented at: 5th International Conference
on Information and Communication Technology for Sustainable Development; July 23-24, 2020; Goa, India p. 317-327.
[doi: 10.1007/978-981-15-8289-9_30]

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 1 | e27095 | p. 13https://mhealth.jmir.org/2022/1/e27095
(page number not for citation purposes)

Schomakers et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

https://jmir.org/api/download?alt_name=mhealth_v10i1e27095_app1.docx&filename=d8dd68e700681056ea944c9cbe698d40.docx
https://jmir.org/api/download?alt_name=mhealth_v10i1e27095_app1.docx&filename=d8dd68e700681056ea944c9cbe698d40.docx
https://jmir.org/api/download?alt_name=mhealth_v10i1e27095_app2.docx&filename=ee10b56ca865c436c2c21c8a19cabf2c.docx
https://jmir.org/api/download?alt_name=mhealth_v10i1e27095_app2.docx&filename=ee10b56ca865c436c2c21c8a19cabf2c.docx
http://dx.doi.org/10.1080/10810730.2017.1296508
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28323546&dopt=Abstract
http://europepmc.org/abstract/MED/25587207
http://dx.doi.org/10.1037/a0029041
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25587207&dopt=Abstract
http://europepmc.org/abstract/MED/22589575
http://dx.doi.org/10.2471/BLT.11.099788
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22589575&dopt=Abstract
https://doi.org/10.1002/clc.23306
http://dx.doi.org/10.1002/clc.23306
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31825132&dopt=Abstract
http://europepmc.org/abstract/MED/32357368
http://dx.doi.org/10.1093/jamia/ocaa029
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32357368&dopt=Abstract
http://dx.doi.org/10.7326/M14-1651
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25599350&dopt=Abstract
http://dx.doi.org/10.4108/ICST.PERVASIVEHEALTH2010.8859
http://dx.doi.org/10.2307/41410412
https://linkinghub.elsevier.com/retrieve/pii/S1532-0464(09)00096-3
http://dx.doi.org/10.1016/j.jbi.2009.07.002
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19615467&dopt=Abstract
http://dx.doi.org/10.1080/10447318.2017.1328024
http://dx.doi.org/10.1016/j.im.2015.08.001
https://mhealth.jmir.org/2018/8/e172/
http://dx.doi.org/10.2196/mhealth.9316
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30158101&dopt=Abstract
https://www.ikk-classic.de/assets/885_ikkc_web_pdf.pdf
http://dx.doi.org/10.1016/j.elerap.2015.11.001
http://dx.doi.org/10.1016/j.ijinfomgt.2020.102269
http://dx.doi.org/10.1007/978-981-15-8289-9_30
http://www.w3.org/Style/XSL
http://www.renderx.com/


20. Venkatesh V, Morris M, Davis G, Davis F. User acceptance of information technology: Toward a unified view. MIS Q
2003;27(3):425-478. [doi: 10.2307/30036540]

21. Schomakers E, Lidynia C, Ziefle M. Exploring the acceptance of mHealth applications - Do acceptance patterns vary
depending on context? In: Proceedings of the 9th International Conference on Applied Human Factors and Ergonomics.:
Springer; 2019 Presented at: 9th International Conference on Applied Human Factors and Ergonomics; July 22-26, 2018;
Orlando, FL p. 53-64. [doi: 10.1007/978-3-319-94619-1_6]

22. Sun Y, Wang N, Guo X, Peng Z. Understanding the acceptance of mobile health services: A comparison and integration
of alternative models. J Electron Commer Res 2013;14(2):183-200 [FREE Full text]

23. Yuan S, Ma W, Kanthawala S, Peng W. Keep using my health apps: Discover users' perception of health and fitness apps
with the UTAUT2 model. Telemed J E Health 2015 Sep;21(9):735-741. [doi: 10.1089/tmj.2014.0148] [Medline: 25919238]

24. Hoque R, Sorwar G. Understanding factors influencing the adoption of mHealth by the elderly: An extension of the UTAUT
model. Int J Med Inform 2017 May;101:75-84. [doi: 10.1016/j.ijmedinf.2017.02.002] [Medline: 28347450]

25. Wang H, Liang L, Du C, Wu Y. Implementation of online hospitals and factors influencing the adoption of mobile medical
services in China: Cross-sectional survey study. JMIR Mhealth Uhealth 2021 Feb 05;9(2):e25960 [FREE Full text] [doi:
10.2196/25960] [Medline: 33444155]

26. Salgado T, Tavares J, Oliveira T. Drivers of mobile health acceptance and use from the patient perspective: Survey study
and quantitative model development. JMIR Mhealth Uhealth 2020 Jul 09;8(7):e17588 [FREE Full text] [doi: 10.2196/17588]
[Medline: 32673249]

27. Woldeyohannes H, Ngwenyama O. Factors influencing acceptance and continued use of mHealth apps. In: Proceedings of
the 4th International Conference on HCI in Business, Government and Organizations.: Springer; 2017 Presented at: 4th
International Conference on HCI in Business, Government and Organizations; July 9-14, 2017; Vancouver, BC p. 239-256.
[doi: 10.1007/978-3-319-58481-2_19]

28. Sánchez-Fernández R, Iniesta-Bonillo MÁ. The concept of perceived value: A systematic review of the research. Mark
Theory 2007 Dec;7(4):427-451. [doi: 10.1177/1470593107083165]

29. Bélanger F, Crossler RE. Privacy in the digital age: A review of information privacy research in information systems. MIS
Q 2011;35(4):1017-1041. [doi: 10.2307/41409971]

30. Lidynia C, Brauner P, Ziefle M. A step in the right direction – Understanding privacy concerns and perceived sensitivity
of fitness trackers. In: Proceedings of the 8th International Conference on Applied Human Factors and Ergonomics.:
Springer; 2018 Presented at: 8th International Conference on Applied Human Factors and Ergonomics; July 17-21, 2017;
Los Angeles, CA p. 42-53. [doi: 10.1007/978-3-319-60639-2_5]

31. Vo V, Auroy L, Sarradon-Eck A. Patients' perceptions of mHealth apps: Meta-ethnographic review of qualitative studies.
JMIR Mhealth Uhealth 2019 Jul 10;7(7):e13817 [FREE Full text] [doi: 10.2196/13817] [Medline: 31293246]

32. Altman I. Privacy: A conceptual analysis. Environ Behav 2016 Jul 26;8(1):7-29. [doi: 10.1177/001391657600800102]
33. European Commission. Special Eurobarometer 431: Data Protection. Brussels, Belgium: Directorate-General for

Communication; 2015. URL: https://data.europa.eu/data/datasets/s2075_83_1_431_eng?locale=en [accessed 2022-01-06]
34. Xu H, Gupta S, Rosson M, Carroll J. Measuring mobile users' concerns for information privacy. In: Proceedings of the

33rd International Conference on Information Systems. 2012 Presented at: 33rd International Conference on Information
Systems; December 16-19, 2012; Orlando, FL URL: https://faculty.ist.psu.edu/xu/papers/Xu_etal_ICIS_2012a.pdf

35. Paine C, Reips U, Stieger S, Joinson A, Buchanan T. Internet users’ perceptions of ‘privacy concerns’ and ‘privacy actions’.
Int J Hum Comput Stud 2007 Jun;65(6):526-536. [doi: 10.1016/j.ijhcs.2006.12.001]

36. Smith H, Dinev T, Xu H. Information privacy research: An interdisciplinary review. MIS Q 2011;35(4):989-1015. [doi:
10.2307/41409970]

37. Nissenbaum H. Privacy in Context: Technology, Policy, and the Integrity of Social Life. Stanford, CA: Stanford University
Press; 2010.

38. Li Y. Empirical studies on online information privacy concerns: Literature review and an integrative framework. Commun
Assoc Inf Syst 2011;28:453. [doi: 10.17705/1cais.02828]

39. Merhi M, Hone K, Tarhini A. A cross-cultural study of the intention to use mobile banking between Lebanese and British
consumers: Extending UTAUT2 with security, privacy and trust. Technol Soc 2019 Nov;59:101151. [doi:
10.1016/j.techsoc.2019.101151]

40. Habib A, Alsmadi D, Prybutok VR. Factors that determine residents’ acceptance of smart city technologies. Behav Inf
Technol 2019 Nov 21;39(6):610-623. [doi: 10.1080/0144929x.2019.1693629]

41. Sánchez-Torres JA, Arroyo-Cañada FJ, Rojas-Berrio SP, Robayo-Pinzon OJ, Fontalvo-Cerpa W. The Colombian electronic
consumer: Analysis of the leading factors of e-commerce use. Int J Electron Mark Retailing 2019;10(3):283. [doi:
10.1504/IJEMR.2019.100704]

42. Peek STM, Wouters EJM, van Hoof J, Luijkx KG, Boeije HR, Vrijhoef HJM. Factors influencing acceptance of technology
for aging in place: A systematic review. Int J Med Inform 2014 Apr;83(4):235-248 [FREE Full text] [doi:
10.1016/j.ijmedinf.2014.01.004] [Medline: 24529817]

43. Spann A, Stewart E. Barriers and facilitators of older people's mHealth usage: A qualitative review of older people's views.
Hum Technol 2018 Nov 30:264-296. [doi: 10.17011/ht/urn.201811224834]

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 1 | e27095 | p. 14https://mhealth.jmir.org/2022/1/e27095
(page number not for citation purposes)

Schomakers et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://dx.doi.org/10.2307/30036540
http://dx.doi.org/10.1007/978-3-319-94619-1_6
http://www.jecr.org/sites/default/files/14_02_p4.pdf
http://dx.doi.org/10.1089/tmj.2014.0148
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25919238&dopt=Abstract
http://dx.doi.org/10.1016/j.ijmedinf.2017.02.002
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28347450&dopt=Abstract
https://mhealth.jmir.org/2021/2/e25960/
http://dx.doi.org/10.2196/25960
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33444155&dopt=Abstract
https://mhealth.jmir.org/2020/7/e17588/
http://dx.doi.org/10.2196/17588
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32673249&dopt=Abstract
http://dx.doi.org/10.1007/978-3-319-58481-2_19
http://dx.doi.org/10.1177/1470593107083165
http://dx.doi.org/10.2307/41409971
http://dx.doi.org/10.1007/978-3-319-60639-2_5
https://mhealth.jmir.org/2019/7/e13817/
http://dx.doi.org/10.2196/13817
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31293246&dopt=Abstract
http://dx.doi.org/10.1177/001391657600800102
https://data.europa.eu/data/datasets/s2075_83_1_431_eng?locale=en
https://faculty.ist.psu.edu/xu/papers/Xu_etal_ICIS_2012a.pdf
http://dx.doi.org/10.1016/j.ijhcs.2006.12.001
http://dx.doi.org/10.2307/41409970
http://dx.doi.org/10.17705/1cais.02828
http://dx.doi.org/10.1016/j.techsoc.2019.101151
http://dx.doi.org/10.1080/0144929x.2019.1693629
http://dx.doi.org/10.1504/IJEMR.2019.100704
https://linkinghub.elsevier.com/retrieve/pii/S1386-5056(14)00017-3
http://dx.doi.org/10.1016/j.ijmedinf.2014.01.004
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24529817&dopt=Abstract
http://dx.doi.org/10.17011/ht/urn.201811224834
http://www.w3.org/Style/XSL
http://www.renderx.com/


44. Halbach P, Himmel S, Offermann-van Heek J, Ziefle M. A change is gonna come. The effect of user factors on the acceptance
of ambient assisted living. In: Proceedings of the 4th International Conference, ITAP 2018: Human Aspects of IT for the
Aged Population, Acceptance, Communication and Participation.: Springer; 2018 Presented at: 4th International Conference,
ITAP 2018: Human Aspects of IT for the Aged Population, Acceptance, Communication and Participation; July 15-20,
2018; Las Vegas, NV p. 52. [doi: 10.1007/978-3-319-39943-0]

45. Gao Y, Li H, Luo Y. An empirical study of wearable technology acceptance in healthcare. Ind Manage Data Syst
2015;115(9):1704-1723. [doi: 10.1108/IMDS-03-2015-0087]

46. Meng F, Guo X, Peng Z, Lai K, Zhao X. Investigating the adoption of mobile health services by elderly users: Trust transfer
model and survey study. JMIR Mhealth Uhealth 2019 Jan 08;7(1):e12269 [FREE Full text] [doi: 10.2196/12269] [Medline:
30622092]

47. Ghazizadeh M, Peng Y, Lee JD, Boyle LN. Augmenting the technology acceptance model with trust: Commercial drivers’
attitudes towards monitoring and feedback. In: Proceedings of the 56th Human Factors and Ergonomics Society Annual
Meeting. 2012 Presented at: 56th Human Factors and Ergonomics Society Annual Meeting; October 22-26, 2012; Boston,
MA p. 2286-2290. [doi: 10.1177/1071181312561481]

48. Rousseau D, Sitkin S, Burt R, Camerer C. Not so different after all: A cross-discipline view of trust. Acad Manage Rev
1998 Jul;23(3):393-404. [doi: 10.5465/amr.1998.926617]

49. Lee JD, See KA. Trust in automation: Designing for appropriate reliance. Hum Factors 2004;46(1):50-80. [doi:
10.1518/hfes.46.1.50_30392] [Medline: 15151155]

50. Akter S, D'Ambra J, Ray P. Trustworthiness in mHealth information services: An assessment of a hierarchical model with
mediating and moderating effects using partial least squares (PLS). J Am Soc Inf Sci Technol 2010 Oct 25;62(1):100-116.
[doi: 10.1002/asi.21442]

51. Körber M. Theoretical considerations and development of a questionnaire to measure trust in automation. In: Proceedings
of the 20th Congress of the International Ergonomics Association.: Springer; 2018 Presented at: 20th Congress of the
International Ergonomics Association; August 26-30, 2018; Florence, Italy p. 13-30. [doi: 10.1007/978-3-319-96074-6_2]

52. Gupta A, Dogra N, George B. What determines tourist adoption of smartphone apps? J Hosp Tour Technol 2018 Mar
12;9(1):50-64. [doi: 10.1108/jhtt-02-2017-0013]

53. Alalwan AA, Dwivedi YK, Rana NP. Factors influencing adoption of mobile banking by Jordanian bank customers:
Extending UTAUT2 with trust. Int J Inf Manage 2017 Jun;37(3):99-110. [doi: 10.1016/j.ijinfomgt.2017.01.002]

54. Bol N, Helberger N, Weert JCM. Differences in mobile health app use: A source of new digital inequalities? Inf Soc 2018
Apr 26;34(3):183-193. [doi: 10.1080/01972243.2018.1438550]

55. Carroll JK, Moorhead A, Bond R, LeBlanc WG, Petrella RJ, Fiscella K. Who uses mobile phone health apps and does use
matter? A secondary data analytics approach. J Med Internet Res 2017 Apr 19;19(4):e125 [FREE Full text] [doi:
10.2196/jmir.5604] [Medline: 28428170]

56. Lupton D. Quantifying the body: Monitoring and measuring health in the age of mHealth technologies. Crit Public Health
2013 Dec;23(4):393-403. [doi: 10.1080/09581596.2013.794931]

57. Wang A, An N, Lu X, Chen H, Li C, Levkoff S. A classification scheme for analyzing mobile apps used to prevent and
manage disease in late life. JMIR Mhealth Uhealth 2014 Feb 17;2(1):e6 [FREE Full text] [doi: 10.2196/mhealth.2877]
[Medline: 25098687]

58. Powell AC, Landman AB, Bates DW. In search of a few good apps. JAMA 2014 May 14;311(18):1851-1852. [doi:
10.1001/jama.2014.2564] [Medline: 24664278]

59. Schomakers E, Lidynia C, Ziefle M. Listen to my heart? How privacy concerns shape users' acceptance of e-Health
technologies. In: Proceedings of the 15th International Conference on Wireless and Mobile Computing, Networking and
Communications.: IEEE; 2019 Presented at: 15th International Conference on Wireless and Mobile Computing, Networking
and Communications; October 21-23, 2019; Barcelona, Spain p. 306-311. [doi: 10.1109/wimob.2019.8923448]

60. Zhao Y, Ni Q, Zhou R. What factors influence the mobile health service adoption? A meta-analysis and the moderating
role of age. Int J Inf Manage 2018 Dec;43:342-350. [doi: 10.1016/j.ijinfomgt.2017.08.006]

61. Becker S, Miron-Shatz T, Schumacher N, Krocza J, Diamantidis C, Albrecht U. mHealth 2.0: Experiences, possibilities,
and perspectives. JMIR Mhealth Uhealth 2014 May 16;2(2):e24 [FREE Full text] [doi: 10.2196/mhealth.3328] [Medline:
25099752]

62. Smith B, Magnani JW. New technologies, new disparities: The intersection of electronic health and digital health literacy.
Int J Cardiol 2019 Oct 01;292:280-282 [FREE Full text] [doi: 10.1016/j.ijcard.2019.05.066] [Medline: 31171391]

63. Xu H, Dinev T, Smith HJ, Hart P. Examining the formation of individual's privacy concerns: Toward an integrative view.
In: Proceedings of the 29th International Conference on Information Systems. 2008 Presented at: 29th International
Conference on Information Systems; December 14-17, 2008; Paris, France.

64. van der Vaart R, Drossaert C. Development of the digital health literacy instrument: Measuring a broad spectrum of Health
1.0 and Health 2.0 skills. J Med Internet Res 2017 Jan 24;19(1):e27 [FREE Full text] [doi: 10.2196/jmir.6709] [Medline:
28119275]

65. Hair Jr JF, Hult GTM, Ringle CM, Sarstedt M. A Primer on Partial Least Squares Structural Equation Modeling (PLS-SEM).
2nd edition. Thousand Oaks, CA: SAGE Publications; 2017.

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 1 | e27095 | p. 15https://mhealth.jmir.org/2022/1/e27095
(page number not for citation purposes)

Schomakers et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://dx.doi.org/10.1007/978-3-319-39943-0
http://dx.doi.org/10.1108/IMDS-03-2015-0087
https://mhealth.jmir.org/2019/1/e12269/
http://dx.doi.org/10.2196/12269
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30622092&dopt=Abstract
http://dx.doi.org/10.1177/1071181312561481
http://dx.doi.org/10.5465/amr.1998.926617
http://dx.doi.org/10.1518/hfes.46.1.50_30392
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15151155&dopt=Abstract
http://dx.doi.org/10.1002/asi.21442
http://dx.doi.org/10.1007/978-3-319-96074-6_2
http://dx.doi.org/10.1108/jhtt-02-2017-0013
http://dx.doi.org/10.1016/j.ijinfomgt.2017.01.002
http://dx.doi.org/10.1080/01972243.2018.1438550
https://www.jmir.org/2017/4/e125/
http://dx.doi.org/10.2196/jmir.5604
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28428170&dopt=Abstract
http://dx.doi.org/10.1080/09581596.2013.794931
https://mhealth.jmir.org/2014/1/e6/
http://dx.doi.org/10.2196/mhealth.2877
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25098687&dopt=Abstract
http://dx.doi.org/10.1001/jama.2014.2564
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24664278&dopt=Abstract
http://dx.doi.org/10.1109/wimob.2019.8923448
http://dx.doi.org/10.1016/j.ijinfomgt.2017.08.006
https://mhealth.jmir.org/2014/2/e24/
http://dx.doi.org/10.2196/mhealth.3328
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25099752&dopt=Abstract
http://europepmc.org/abstract/MED/31171391
http://dx.doi.org/10.1016/j.ijcard.2019.05.066
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31171391&dopt=Abstract
https://www.jmir.org/2017/1/e27/
http://dx.doi.org/10.2196/jmir.6709
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28119275&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


66. Ringle C, Wende S, Becker JM. SmartPLS. Bönningstedt, Germany: SmartPLS GmbH; 2015. URL: https://www.
smartpls.com/ [accessed 2019-01-01]

67. Field A. Discovering Statistics Using IBM SPSS Statistics. 4th edition. Thousand Oaks, CA: SAGE Publications; 2015.
68. User acceptance of mHealth apps - Applying an extended UTAUT2 model to explain acceptance of lifestyle and therapy

apps. Open Science Framework. 2021 Mar 22. URL: https://osf.io/rkm7n/?view_only=d097fe38650e49ca80d213388021f7cc
[accessed 2022-01-07]

69. Davis F. Perceived usefulness, perceived ease of use, and user acceptance of information technology. MIS Q 1989
Sep;13(3):319-340. [doi: 10.2307/249008]

70. Abu-Seman S, Ramayah T. mHealth application security and privacy concerns: A comprehensive review of past literature.
Adv Sci Lett 2017 Sep 01;23(9):8957-8960. [doi: 10.1166/asl.2017.10003]

71. Alan AK. The role of trust in mobile technologies usage in emerging countries. In: Mtenzi FJ, Oreku GS, Lupiana DM,
Yonazi JJ, editors. Mobile Technologies and Socio-Economic Development in Emerging Nations. Hershey, PA: IGI Global;
2018:234-261.

72. Sarkar S, Chauhan S, Khare A. A meta-analysis of antecedents and consequences of trust in mobile commerce. Int J Inf
Manage 2020 Feb;50:286-301. [doi: 10.1016/j.ijinfomgt.2019.08.008]

73. Rohm A, Milne G. Just what the doctor ordered. J Bus Res 2004 Sep;57(9):1000-1011. [doi: 10.1016/s0148-2963(02)00345-4]
74. Sezgin E, Özkan-Yildirim S, Yildirim S. Intention vs perception: Understanding the differences in physicians’ attitudes

toward mobile health applications. In: Sezgin E, Yildirim S, Özjkan-Yildirim S, Sumuer E, editors. Current and Emerging
mHealth Technologies. Cham, Switzerland: Springer; 2018:153-166. [doi: 10.1007/978-3-319-73135-3_10]

75. Trepte S, Reinecke L, Ellison N, Quiring O, Yao M, Ziegele M. A cross-cultural perspective on the privacy calculus. Soc
Media Soc 2017 Jan 01;3(1):1-13 [FREE Full text] [doi: 10.1177/2056305116688035]

76. Alagöz F, Ziefle M, Wilkowska W, Valdez A. Openness to accept medical technology - A cultural view. In: Proceedings
of the Symposium of the Austrian HCI and Usability Engineering Group. 2011 Presented at: Symposium of the Austrian
HCI and Usability Engineering Group; November 25-26, 2011; Graz, Austria p. 151-170. [doi:
10.1007/978-3-642-25364-5_14]

77. Harborth D, Pape S. German translation of the unified theory of acceptance and use of technology 2 (UTAUT2) questionnaire.
SSRN J 2018 Mar 28:1-12 [FREE Full text] [doi: 10.2139/ssrn.3147708]

78. Hayotte M, Thérouanne P, Gray L, Corrion K, d'Arripe-Longueville F. The French eHealth Acceptability Scale using the
unified theory of acceptance and use of technology 2 model: Instrument validation study. J Med Internet Res 2020 Apr
15;22(4):e16520 [FREE Full text] [doi: 10.2196/16520] [Medline: 32293569]

Abbreviations
MGA: multigroup analysis
mHealth: mobile health
PLS: partial least squares
SEM: structural equation modeling
UTAUT2: unified theory of acceptance and use of technology 2

Edited by L Buis; submitted 11.01.21; peer-reviewed by E Sezgin, H Meggy, S Liu, R Bond, R De Croon; comments to author 03.03.21;
revised version received 09.04.21; accepted 24.09.21; published 18.01.22

Please cite as:
Schomakers EM, Lidynia C, Vervier LS, Calero Valdez A, Ziefle M
Applying an Extended UTAUT2 Model to Explain User Acceptance of Lifestyle and Therapy Mobile Health Apps: Survey Study
JMIR Mhealth Uhealth 2022;10(1):e27095
URL: https://mhealth.jmir.org/2022/1/e27095
doi: 10.2196/27095
PMID:

©Eva-Maria Schomakers, Chantal Lidynia, Luisa Sophie Vervier, André Calero Valdez, Martina Ziefle. Originally published in
JMIR mHealth and uHealth (https://mhealth.jmir.org), 18.01.2022. This is an open-access article distributed under the terms of
the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use,
distribution, and reproduction in any medium, provided the original work, first published in JMIR mHealth and uHealth, is
properly cited. The complete bibliographic information, a link to the original publication on https://mhealth.jmir.org/, as well as
this copyright and license information must be included.

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 1 | e27095 | p. 16https://mhealth.jmir.org/2022/1/e27095
(page number not for citation purposes)

Schomakers et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

https://www.smartpls.com/
https://www.smartpls.com/
https://osf.io/rkm7n/?view_only=d097fe38650e49ca80d213388021f7cc
http://dx.doi.org/10.2307/249008
http://dx.doi.org/10.1166/asl.2017.10003
http://dx.doi.org/10.1016/j.ijinfomgt.2019.08.008
http://dx.doi.org/10.1016/s0148-2963(02)00345-4
http://dx.doi.org/10.1007/978-3-319-73135-3_10
https://journals.sagepub.com/doi/pdf/10.1177/2056305116688035
http://dx.doi.org/10.1177/2056305116688035
http://dx.doi.org/10.1007/978-3-642-25364-5_14
https://papers.ssrn.com/sol3/Delivery.cfm/SSRN_ID3147708_code2819648.pdf?abstractid=3147708&mirid=1
http://dx.doi.org/10.2139/ssrn.3147708
https://www.jmir.org/2020/4/e16520/
http://dx.doi.org/10.2196/16520
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32293569&dopt=Abstract
https://mhealth.jmir.org/2022/1/e27095
http://dx.doi.org/10.2196/27095
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

