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Smartphone applications for health-oriented purposes, or mHealth apps (MHAs), represent a growing opportu
nity to improve efficiency and sustainability in both national health systems and individual citizens’ selfmanagement of their health condition. However, little is known about how to build user engagement with
MHAs to avoid user dropout and encourage their long-term loyalty and advocacy of MHAs to other users. This
paper analyzes how to build user engagement from a learning perspective, strengthening the effort to learn about
personal healthcare. Specifically, we investigate how the determinants of MHAs’ functional value (technology
effort, technology performance, and brand trust) drive the user’s hedonic (enjoyment) and social (networking,
social image) value. Data is obtained from a sample of 400 current users of MHAs. Our findings show that
technology performance mainly enhances the user’s networking experience, while technology effort contributes
mostly to enjoyment and brand trust is critical to the user’s social image. The user’s hedonic and social expe
rience benefit user engagement, which ultimately fosters user loyalty and advocacy, thus bolstering the relevance
of developing user-centric MHAs. Robustness analysis does not reveal gender, age, income level, or type of MHA
impact, although user education moderates the strength of some of these relationships.
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1. Introduction
The COVID-19 pandemic has evinced the high levels of saturation
and overload of national health systems in developed countries, which
were already suffering from the growing demands of an increasingly
aging and health-conscious society. Moreover, the health alarm gener
ated by COVID-19 has forced the delay of preventive medicine and nonurgent treatments or appointments in hospitals. In this context, the use
of mHealth apps (MHAs) in mobile devices, that is, the use of software
programs designed for health-oriented purposes in mobile phones, tab
lets, or consumer wearables such as smartwatches, offers a tremendous

potential to provide customized healthcare information and services
that can be reached anywhere and anytime, reinforcing the efficiency
and sustainability of health systems (Alam et al., 2020; Oeldorf-Hirsch
et al., 2019; Schiavone, 2020). Furthermore, MHAs allow individuals to
track their health condition, obtain valuable information to adjust their
lifestyle to healthy parameters, and, in sum, improve their capacity for
self-management of their health status (Alam et al., 2020; Li et al.,
2020). However, our understanding of how to capture MHAs’ full po
tential is still limited (IQVIA, 2017, 2021). Interest in and continued use
of MHAs frequently decline over time, jeopardizing the possibility to
fully reap the MHAs’ benefits for health care (Schmidt-Kraepelin et al.,
2020), while the reasons for this behavior remain unclear (Zhang et al.,
2021). Previous studies have mainly focused on explaining the adoption
intentions of potential mHealth users (Zhang et al., 2017). Nevertheless,
further research is still needed to understand the behavior of current
users and the factors that prevent low engagement with MHAs and user
dropout (Li et al., 2020; Rasool et al., 2020; Zhang et al., 2021).
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To disentangle how to build user engagement with MHAs, the un
derlying premise of this study, in line with recent research, is that
engagement derives from the user’s functional, hedonic, and social
experience with MHAs (Burns et al., 2020; McLean and Wilson, 2019;
Rasool et al., 2020). The user experience with MHAs is, in turn, intrin
sically linked to the value received (Burns et al., 2020; Zhang et al.,
2021). In this respect, the Consumption Value Theory (Sheth et al.,
1991) establishes that the consumption experience can be configured
around three basic sources of value: the functional value (quality,
performance), the hedonic value (arousal, entertainment), and the social
value (interactivity, support, image) attained by customers in the use and
consumption processes (Kim et al., 2011; Yeh et al., 2016). From this
perspective, the functional, hedonic, and social value achieved by MHAs
users configure their functional, hedonic, and social consumption
experience, which ultimately drives their level of engagement with
MHAs.
Recently, Rasoolimanesh et al. (2020) underline the need to inves
tigate how the key dimensions of value interrelate to achieve a more
in-depth understanding of consumers’ behavior. Similarly, Souiden et al.
(2021) reflect upon the need to develop integrative models that analyze
the relationships between technology, user experience and behavior in
technology adoption. To respond to these research calls and better grasp
and explain how to build user engagement with MHAs, this study ana
lyzes the relationships among the attributes of MHAs’ technology,
responsible for the satisfaction of utilitarian needs or the provision of

functional value (Dhir et al., 2020; Molinillo et al., 2020) and key sources
of the hedonic and social value that users can obtain from MHAs (Rasool
et al., 2020; Schmidt-Kraepelin et al., 2020). Our conceptual model also
includes the effect of user engagement on user loyalty or continued use
of MHAs, and user advocacy or the will to recommend and encourage
the use of MHAs among other potential users. User loyalty and advocacy
are critical to the long-term adoption and diffusion of digital innovations
(McLean et al., 2020), and thus for society to ultimately benefit from the
improved health-related behaviors resulting from MHAs (Birkmeyer
et al., 2021). However, empirical evidence related to user engagement
with MHAs and long-term behavior is still very scarce (Wei et al., 2020;
Zhang et al., 2021). From this perspective, the research questions that
guide this paper are:
RQ1. How do functional, hedonic, and social values interrelate to
shape the user experience with MHAs and build engagement?
RQ2. What is the impact of user engagement with MHAs on MHAs’
long-term adoption and diffusion, measured in terms of user loyalty and
advocacy?
This investigation contributes to the extant literature in three ways.
First, our study includes a chain of effects from the drivers of MHAs’
functional value towards hedonic and social value, user engagement,
and post-adoption behavior that has not been previously analyzed in the
literature (Birkmeyer et al., 2021; Schiavone, 2020), providing an
in-depth understanding of how to steer the long-term behavior of MHAs

Fig. 1. Theoretical model.
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users (see Fig. 1). The attributes of MHAs’ technology support functional
value, which is traditionally recognized as the primary driver of value
(Kim et al., 2011; McLean et al., 2018). The technology attributes
considered in this study include technology performance and technology
effort, two critical determinants of adoption behavior according to the
Unified Theory of Acceptance and Use of Technology (UTAUT) (Ven
katesh et al., 2003). Trust in the technology brand, understood as a
cognitive determinant of functional value (Giovanis and Athanasopou
lou, 2018), has also been incorporated in the UTAUT framework to
explain technology adoption (Luo et al., 2010; Williams et al., 2015).
The hedonic value obtained from MHAs is represented by the enjoyment
attained using MHAs (McLean and Wilson, 2019), while social value is
measured through the networking activity (Markham et al., 2017;
Muhammad et al., 2021; Yeh et al., 2016) and the social image (Nie
et al., 2020) achieved by the user as a result of using MHAs. In this
respect, the UTAUT framework and the UTAUT2 model introduce,
respectively, the effect of human behavior (social influence) and he
donic motivations in technology adoption (Dwivedi et al., 2019; Ven
katesh et al., 2012). Thus, the hierarchy of effects depicted in our
conceptual model integrates the Customer Value Theory (Sheth et al.,
1991) and the UTAUT (Venkatesh et al., 2003) to explain how the di
mensions of user value (i.e., the foundations of the user experience)
interrelate to build user engagement.
Second, in this study, we approach user engagement with MHAs from
a learning perspective to capture the user’s effort, energy, and emotional
bonds to learn from healthcare information obtained from MHAs and
improve the management of their health condition (Rasool et al., 2020).
Analyzing how to build user engagement from a learning perspective is
especially valuable to improve user literacy about health improvement
(McCormack et al., 2017), which benefits their health-related outcomes
and compliance with medical instructions (Osei-Frimpong et al., 2018).
Third, our study provides useful guidance for healthcare companies
to develop effective digital strategies and help users to learn from health
information and adopt MHAs in the long-term, which remains a signif
icant challenge for the industry (Duarte and Pinho, 2019; Schiavone,
2020). To reinforce the robustness of the relationships depicted in the
research model, multigroup analyses are conducted to test the hypoth
eses considering different groups of MHAs users in terms of gender, age,
income, and education level (Birkmeyer et al., 2021; Dwivedi et al.,
2016). Similarly, we also compare the results obtained for different
types of MHAs.

2019). The literature consistently underlines that most previous studies
analyze the direct impact of the facilitating factors of technology
adoption identified in the UTAUT/UTAUT2 models (Venkatesh et al.,
2003, 2012) on the user attitude towards mHealth technologies and/or
the behavioral intention to adopt these technologies. These types of
analysis are more important in the pre-consumption stage of technology
(Leung and Chen, 2019). However, further research is currently needed
to understand the actual behavior of MHAs users in the
post-consumption phase (Leung and Chen, 2019; Zhang et al., 2021).
Thus, the continued use of MHAs beyond the trial period and over the
long-term is a major challenge for the mHealth industry development
(IQVIA, 2017, 2021). In other words, it is necessary to achieve a deeper
understanding of the factors that prevent low engagement and user
dropout (Li et al., 2020) for realizing the full potential benefits of MHAs’
adoption in society (Lee and Lee, 2020; Wei et al., 2020).
Accordingly, in this study, we seek to provide (1) a more fine-grained
vision of how to develop user engagement with MHAs in the postconsumption phase, and (2) how user engagement affects user loyalty
and desire to adopt an active role in recommending MHAs to other
potential users (advocacy), thus favoring the market diffusion of MHAs.
To gain a deeper understanding of how to build user engagement
with MHAs, it is necessary to note that the functional, hedonic, and
social experience of MHAs users determines their level of engagement
(Burns et al., 2020; McLean and Wilson, 2019; Rasool et al., 2020). The
user experience is, in turn, intrinsically linked to the value received
(Burns et al., 2020). Thus, Customer Value Theory provides an inter
esting theoretical framework to explain how the drivers of technology
adoption identified in the UTAUT/UTAUT2 models interrelate to build
engagement from a customer value creation perspective. In fact,
Customer Value Theory is a popular theoretical framework for under
standing the factors that affect user intentions and behavior in the
context of emerging technologies from a customer value perspective
(Dhir et al., 2020; Kaur et al., 2018; Kim et al., 2011).
The dimensions of customer value include functional, hedonic, so
cial, epistemic, and conditional value (Sheth et al., 1991). Previous
research in technology adoption has focused on the analysis of alter
native combinations of these five dimensions of value (Dhir et al., 2020;
Kaur et al., 2018). In this study, nevertheless, we focus on the MHAs’
functional, hedonic, and social value. The reason behind this choice is
that recent studies underline that the adoption of mobile apps in general,
and MHAs in particular, is strongly linked to the satisfaction of the user’s
utilitarian needs and the achievement of functional value, and to the
hedonic and social features of the customer experience (Burns et al.,
2020; Rasool et al., 2020; Wei et al., 2020). More precisely, the user
experience with MHAs incorporates the overall functional, hedonic, and
social value received from MHAs (Burns et al., 2020), and it is critical to
building user engagement with MHAs (Rasool et al., 2020; Schmidt-K
raepelin et al., 2020).
From this perspective, to explain how to build user engagement with
MHAs, in this study, we categorize the UTAUT and UTAUT2 drivers of
technology adoption in terms of their contribution to the MHAs user’s
functional, hedonic, and social value, assuming that MHAs’ functional
value precedes the hedonic and social value obtained by MHAs users
(Kim et al., 2011; McLean et al., 2018). In this way, our conceptual
model responds to recent literature calls that underline the need to
understand how the dimensions of value interrelate and to disentangle
how user engagement is built in the mHealth context (Zhang et al.,
2021).
However, it must be noticed that, to the extent of our knowledge,
most previous studies on mobile apps adoption, which refer to the
functional, social, and/or hedonic value associated with the user expe
rience, do not establish any hierarchy among these dimensions, no
matter whether the studies deal with MHAs (Alam et al., 2020; Duarte
and Pinho, 2019; Oeldorf-Hirsch et al., 2019) or not (McLean et al.,
2018; 2020; Thakur, 2016; Varshneya and Das, 2017). Only Molinillo
et al. (2020) and Rose et al. (2012), in the retail app’s context, contend

2. Theoretical background and research hypotheses
MHealth refers to the use of connected mobile devices - including
mobile phones, tablets, phablets, PDAs, or consumer wearables such as
smartwatches - to provide or use health services, share clinical infor
mation and collect data. MHAs are the software programs designed for a
mobile device to facilitate health-related services and, therefore,
constitute the necessary interface to provide the mHealth services (Li
et al., 2020; Oeldorf-Hirsch et al., 2019).
MHAs offer the possibility to provide a fast diagnosis, to regularly
monitor the user’s health status, to offer easy access to medical treat
ment, to facilitate electronic prescriptions, or to obtain informed consent
rapidly, thereby cutting waiting times, improving efficiency, and
reducing costs. Many MHAs also work as information providers in an
attempt to improve patients’ health consciousness and literacy, as well
as their lifestyle and treatment outcomes, while minimizing the inci
dence of chronic diseases. In sum, the use of MHAs improves the access
to relevant health information anywhere at any time, helps to improve
the user’s self-control of his/her health status, and, when necessary,
helps to build a smooth physician-patient interface ensuring trans
parency in the treatment process (IQVIA, 2017, 2021).
The research on mHealth adoption among individuals has been
based on well-known technology acceptance models, including the
UTAUT and its extension, the UTAUT2 framework (Duarte and Pinho,
3
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that the hedonic or more affective experience and the social experience
precede the cognitive experience. However, Kim et al. (2011) contrast
that, in the online purchase of digital items, the emotional and social
value mediate the impact of functional-related aspects. In this same line
of reasoning, Ladhari et al. (2017), in the context of utilitarian services,
specifically medical services, demonstrate that the cognitive evaluation
of the service quality precedes the user’s emotions. The underlying
rationale of this approach is that emotions are defined as “a mental state
of readiness that arises from cognitive appraisals or events or thoughts”
(Bagozzi et al., 1999, p. 184). Similarly, Zhang et al. (2021) confirm that
users’ satisfaction with the mHealth device and the health-related in
formation ultimately reinforce their emotional attachment.
Therefore, the diversity of empirical evidence available in the liter
ature does not provide clear guidance for our specific context. The above
findings refer to different settings, some of a more hedonic nature
(Molinillo et al., 2020; Rose et al., 2012) and others of a more functional
or utilitarian nature (Kim et al., 2011; Ladhari et al., 2017; Zhang et al.,
2021). Thus, the results offer different perspectives on how the di
mensions of value are interrelated. Hence, to substantiate our concep
tual approach to how user value is built in the MHAs consumption
experience, a relevant question is ‘what is the main benefit sought by
MHAs users? or, in other words, what type of motivations (functional or
hedonic) do primarily drive the MHAs consumption’. In this respect,
McLean et al. (2020) acknowledge that different mobile apps may be
intended for different functions of a more utilitarian or hedonic nature
(the latter including shopping apps). Some recent studies provide rele
vant insights in relation to the main purpose of using MHAs. Thus, Leung
and Chen (2019) suggest that search for information and self-education
are critical activities for MHAs users. From this perspective, obtaining
reliable information with a low effort from a reliable provider (sources
of functional value) may be a rationale pre-condition to achieve hedonic
(enjoyment) or social (networking, image) value. The use of shopping
apps may be initiated by more hedonic functions, but the user experi
ence in the management of health condition is undoubtedly determined,
in our opinion, by attaining good functional attributes. Accordingly, we
consider the sources of the MHAs’ functional value as drivers of the
sources of MHAs’ hedonic and social value. In this respect, Ladhari et al.
(2017) suggest that for utilitarian services (e.g., healthcare services or
bank services), the pleasure aspect of the service consumption is less
important than the functional aspect.

the extent to which MHAs help the user to attain his/her goals (Dwivedi
et al., 2016; Venkatesh et al., 2003). The starting point of the UTAUT
models is that the lower the effort required to use a technology, the
higher its perceived performance because easier-to-use technologies
facilitate the fulfillment of the user’s goals (Venkatesh, 2000). This
relationship has received extensive support in the literature (Wong et al.,
2015), including the healthcare context (Wang et al., 2020). Thus, we
hypothesize the positive effect of MHAs’ technology perceived effort on
the MHAs’ perceived performance since there is no need to invest a lot of
cognitive resources to learn how to use the MHAs and take advantage of
all their functionalities (McLean et al., 2020; Zhang et al., 2017).
H1. MHAs’ effort has a positive and direct influence on the MHAs’
performance.
Brand trust is defined as a consumer’s confidence in a brand’s ability
to perform as expected, in terms of value provision and consistency with
the brand promise, and willingness to help customers and care about
their needs or problems (Sichtmann, 2007). Therefore, brand trust
means that the user believes in the competence, integrity, and benevo
lence of the service provider (Giovanis and Athanasopoulou, 2018).
Previous research supports the notion that trust supports performance
expectancy in mobile banking and e-commerce services (Alalwan et al.,
2018; Luo et al., 2010); however, empirical evidence in the mHealth
context is lacking. Thus, it can be argued that when users trust the
service provider, represented by the technology brand, they will more
likely trust the information provided by the MHAs, which directly
contributes to user performance. In this line of reasoning, previous
research also confirms that in high-tech contexts, where the perceived
risk is high and the user’s concerns about adoption are also higher,
brand trust plays a key role to warrant that consumers will obtain their
expected usefulness from the technology (Morgan-Thomas and Velout
sou, 2013). In sum, if the user cannot trust the MHA brand, the utility of
the service will be significantly diminished (Dhagarra et al., 2020;
Yousaf et al., 2021). Therefore, in line with the existing literature, we
hypothesize that trust in the technology brand will influence MHAs’
perceived performance.
H2. Trust in the MHAs’ brand has a positive and direct influence on the
perceived MHAs’ performance.
2.2. Drivers of MHAs’ hedonic and social value

2.1. Drivers of MHAs’ functional value

The achievement of hedonic and social value is critical to the user
experience with MHAs (Burns et al., 2020; Wei et al., 2020). The UTAUT
model includes the role of social influence on adoption behavior, which
reflects that technology users are responsive to the social recognition
derived from technology adoption. Accordingly, achieving an improved
social image as a result of using MHAs is an important part of the social
value that users can obtain (Venkatesh et al., 2012).
Social factors that influence technology adoption also include social
support (Ali, 2011; Muhammad et al., 2021; Venkatesh et al., 2003).
Nowadays, MHAs offer the opportunity to share, exchange and
distribute content with a network of individuals with the same interests
(Oeldorf-Hirsch et al., 2019), reinforcing, in this way, the social value
derived from social support and the user’s social experience derived
from the MHAs (Li et al., 2020; Wei et al., 2020; Yeh et al., 2016). Thus,
networking activities constitute a critical dimension of the social value
derived from using MHAs.
The UTAUT2 framework further incorporates the user’s hedonic
motivations as an important driver of technology adoption (Venkatesh
et al., 2012), which suggests that the enjoyment obtained from using
MHAs contributes to the hedonic value the user can obtain. Therefore, in
this study, enjoyment, networking, and social image are considered the
user experience-related variables that shape the hedonic and social
value derived from MHAs and, therefore, in line with the Customer
Value Theory (Sheth et al., 1991), are considered potential forerunners

The functional value obtained by MHAs users stems from technology
attributes. Recent research on mHealth adoption inspired in the UTAUT
framework developed by Venkatesh et al. (2003) after a thorough
revision and integration of the previous adoption models and theories
(Dwivedi et al., 2019), and its later version (UTAUT2) (Venkatesh et al.,
2012), consistently identifies technology perceived performance and
technology perceived effort as critical determinants of adoption inten
tion and use behavior (Duarte and Pinho, 2019; Dwivedi et al., 2016).
Research using the UTAUT framework also highlights the relevance of
the trust inspired by the service provider or the technology brand, as a
cognitive assessment (Giovanis and Athanasopoulou, 2018), in the
adoption of technological innovations (Luo et al., 2010). Thus, in this
study, we consider that MHAs’ functional value stems from three main
technology attributes of MHAs: performance, effort, and brand trust.
However, the drivers of functional value have also been analyzed as
interrelated in some previous studies on technology adoption, although
empirical evidence concerning MHAs is very scarce (Duarte and Pinho,
2019; Zhang et al., 2017). Therefore, before analyzing the effect of the
drivers of functional value on the hedonic and social value achieved by
MHAs users, we reflect on the relationships among performance, effort,
and brand trust.
Technology perceived effort reflects the degree of ease associated
with the use of MHAs, while technology perceived performance refers to
4
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of user engagement. The study of the social and emotional aspects of the
user experience is of special relevance as an increasing number of MHAs
resort to motivational techniques to improve user engagement and
achieve a differentiated positioning (Schmidt-Kraepelin et al., 2020).

H4. Perceived MHAs’ performance has a positive and direct influence
on user networking.
Self-service technologies in the health context are gaining relevance
due to their capacity to activate users to take charge of their care process
and increase interactions in health services (Immonen and Koivuniemi,
2018). Trust in the MHAs’ brand involves the user relying on the quality
and credibility of information provided. Sukhu et al. (2015) indicate
that brand trust plays an essential role in the consumer’s behavioral
responses in the social network sites related to the interaction with other
individuals who have the same interests. From this perspective, when
the user trusts the brand of the MHAs, it is reasonable to expect that this
will benefit his/her networking activities. In other words, when the user
deems that the information and advice received is valuable and trust
worthy, the user can feel more prone to share this feedback and use it to
respond to comments in the network, thus receiving further information
about his/her health interests or needs (Magnezi et al., 2014). Therefore,
we propose:

2.3. MHAs’ functional value and the user’s hedonic and social value
The concept of perceived enjoyment has been widely analyzed in the
consumer behavior literature (Lu et al., 2017). Perceived enjoyment is
defined as “the activity of using a specific system which is perceived to be
enjoyable in its own right, aside from any performance consequences resulting
from system use” (Venkatesh, 2000, p. 351) or as “the excitement and
happiness derived from the use of a system” (Van der Heijden, 2004, p.
697). Therefore, it refers to the degree of hedonic pleasure that con
sumers experience when using technology (i.e., MHAs). Despite the
utilitarian or practical benefits of MHAs, consumer enjoyment during
the use experience, as a source of hedonic value, is essential to achieve
apps’ success (Huang and Ren, 2020; McLean et al., 2018). In this
context, Lu et al. (2017) suggest the relevance of ease of use to predict
the enjoyment and the continuous use of apps. If users do not spend time
or cognitive resources to discover how to use technology (Sullivan and
Koh, 2019), then the technology is perceived as easy to use, and there is
no need to engage in other activities except for the use itself. For this
reason, we expect that perceived technology effort, referred to the de
gree of ease of use of MHAs, will influence perceived enjoyment (Akdim
et al., 2022).

H5a. Trust in the MHAs’ brand has a positive and direct influence on
user networking.
The concept of social influence, as defined by Venkatesh et al, (2003,
p. 450), refers to “the degree to which an individual perceives that important
others believe he or she should use the new system”. Accepting the expected
behavior derived from social pressure can provide individuals with a
favorable social image within a reference group. Thus, social image is
defined as the extent to which individuals perceive they are admired and
respected by their peers as a result of technology use (Nie et al., 2020).
Social image is also important for users to cope with the uncertainties
associated with the adoption of innovations. Trust has also long been
regarded as a critical driver of technology acceptance that reduces un
certainty or vulnerability in exchanges. In fact, trust is identified as an
essential antecedent of social influence in online services (Yang et al.,
2017). Brand trust involves a positive perception about the brand ability
to meet the promised benefits, behave honestly and respond efficiently
and conveniently to the customer needs (Turner and Szymkowiak,
2019). If these advantages are perceived by users, overall social accep
tance and positive social influence about the brand may increase. In this
context, using a trusted MHA may reinforce the user’s social image
(Alam et al., 2020). Although the effect of brand trust on social image
has not been previously tested in previous studies, we hypothesize that:

H3a. Technology effort has a positive and direct influence on user
enjoyment.
A distinct feature of most MHAs is the possibility to share tracked
data on social network sites (Oeldorf-Hirsch et al., 2019). In many cases,
MHAs allow for the fixing of goals and obtaining performance feedback
and encourage information sharing and social interaction as a way to
obtain positive feedback and social support. Thus, networking can help
users to improve their understanding of their health condition, adopt
healthier behaviors and improve their ability to manage their health
status (Magnezi et al., 2014). However, the antecedents of networking or
social network sharing in the health field remain understudied (Oel
dorf-Hirsch et al., 2019). Technology effort, understood as the degree of
ease associated with the use of MHAs (Dwivedi et al., 2016), implies that
the user can easily operate the app and does not have to expend a great
effort to achieve his/her objectives. From this perspective, it is reason
able to expect that technology effort will cause users to be more confi
dent in their ability to obtain information from MHAs and, in this way,
more likely to share this information with others through their networks
(Sukhu et al., 2015). Although the effect of technology effort on
networking has not been previously tested in the mHealth context, we
propose:

H5b. Trust in the MHAs’ brand has a positive and direct influence on
the user’s social image.
2.4. The MHAs user’s hedonic and social value and user engagement
There is no broadly accepted definition of user engagement with
technology, although it seems clear that this concept reflects cognitive,
emotional, and behavioral dimensions of the user experience (Holdener
et al., 2020). Thus, the concept of engagement is used in different
research fields with different connotations (Burns et al., 2020), although
two basic streams of research can be identified in the literature. In the
marketing field, engagement refers to a set of cognitive, affective, and
behavioral aspects of the consumer interactions with a focal object (e.g.,
organization, product, brand, etc.), which render the degree of
commitment and future investment in the relationships with this object
(Rasool et al., 2020). Thus, Customer Engagement Theory has evolved
over time, reinforcing the idea that “customer engagement as a customer’s
voluntary resource contribution to a firm’s marketing function, going beyond
financial patronage” (Harmeling et al., 2017, p. 316). In the education
field, however, the concept of engagement reflects the presence of
cognitive, affective, and behavioral responses associated with the use of
digital technologies in the learning setting, which are strongly linked to
the improvement of the learning outcomes and the user skills (Bond
et al., 2020; Buil et al., 2020).
From a learning perspective, cognitive engagement shows the level

H3b. Technology effort has a positive and direct influence on user
networking.
MHAs allow users to gain knowledge and expertise about their health
condition and provide them with choices and suggestions for self-care.
Thus, in the context of the present study, MHAs’ performance mainly
refers to the quality of the information derived from their use
(Rejón-Guardia et al., 2020). When individuals access valuable infor
mation, they may feel more legitimated to share this information online
to capture the social benefits of networking. Li et al. (2020) confirm that
useful and high-quality information helps to improve the user’s feelings
of autonomy, which may also lead to greater networking activity. In this
line of reasoning, Caron-Fasan et al. (2020) identify perceived perfor
mance as critical for the adoption of enterprise social networking plat
forms, an internal social collaborating tool that allows employees to
express their ideas and share information. Although the effect of per
formance on networking has not been previously tested in the literature,
we propose that:
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of investment in learning in terms of attention, absorption, and identi
fication. Emotional engagement refers to the feelings that learners have
about the learning experience, such as interest and involvement.
Behavioral engagement includes participation, attendance, and inter
action (Buil et al., 2020). The analysis of the user engagement from a
learning perspective allows capturing the effort to learn, the presence of
an emotional bond that reinforces the process, and the adoption of a
proactive behavior to gain the most from the learning experience. Thus,
achievement, persistence, and retention are critical outputs of engage
ment (Bond et al., 2020). In this way, our research design allows the
achievement of a better understanding of the MHAs’ features that
reinforce the user’s learning experience and that, therefore, can have a
more important impact on the user literacy about his/her health status
(McCormack et al., 2017). In this respect, although in the medical
literature many studies still analyze patient engagement in terms of use
or uptake (Burns et al., 2020; Rasool et al., 2020), engagement has also
been defined as the patients’ willingness and commitment to learn about
healthy behavior and manage their own health (Markham et al., 2017;
Sawesi et al., 2016). Enjoyment is a hedonic motivation to use infor
mation technology (Lin and Lu, 2011). Motivations are closely related to
engagement in the context of MHAs (Holdener et al., 2020). However,
the effect of perceived enjoyment derived from the use of MHAs on user
engagement has not been previously tested in the literature. In the ac
ademic context, enjoyable learning experiences help to develop the in
dividuals’ focus, satisfaction, and effort, i.e., to increase people’s
engagement (Pekrun and Linnenbrink-Garcia, 2012). Sullivan and Koh
(2019) also conclude that increased perceived enjoyment leads to high
interaction and communication quality in the social network sites;
meanwhile, McLean et al. (2020) underline the benefits of enjoyment as
a critical aspect of the user experience on attitudes towards mobile apps.
From this perspective, it is reasonable to expect that when individuals
perceive that using MHAs is enjoyable and pleasant, their positive
emotions will benefit their attention, interest, identification, and will
ingness to participate. In this respect, previous studies confirm that
enjoyment benefits the consumers’ confidence and satisfaction with a
retailer’s mobile app (McLean et al., 2020). In addition, enjoyment is
also associated with exploratory behavior (Sullivan and Koh, 2019),
which reinforces the time and effort devoted to the use of MHAs and the
user involvement in the experience. Therefore, we argue for the benefits
of enjoyment for user engagement from a learning perspective:

Innovation contributes to the user’s social image to the extent that it
benefits the status of the individual in a social system and contributes to
his/her social differentiation (Nie et al., 2020; Rejón-Guardia et al.,
2020). An enhancement in social image also provides users with addi
tional value, derived from the possibility of socializing and communi
cating with others (Yang et al., 2017). From this perspective, gaining a
positive social image obtained from the use of MHAs involves achieving
a certain degree of recognition, influence, and support, which enrich the
social and emotional experience of MHAs users. In this respect, Camp
bell et al. (2014) report that user engagement is linked to psychological
factors, and social image is part of the individuals’ psychological needs.
Pansari and Kumar (2017) also underline that positive emotions are
critical to reinforce user engagement. Similarly, the marketing literature
widely acknowledges that a strong social image obtained from the
consumption of products and services reinforces consumer engagement
(Oliveira and Fernandes, 2020). In sum, individuals evaluate themselves
relative to others and, although there is no previous evidence in this
respect, we expect that an improved social image associated with the use
of MHAs will be a motivational force to maintain an engaged relation
ship in terms of identification, interest, and attendance (Bond et al.,
2020). Therefore, we posit that:
H8. Social image has a positive and direct influence on user engage
ment with MHAs.
2.5. User engagement, loyalty, and advocacy
As aforementioned, the concept of engagement is analyzed in the
marketing literature from the lens of Customer Engagement Theory
(Brodie et al., 2011; Harmeling et al., 2017). While customers’ cogni
tive, emotional, and behavioral contribution to firms beyond direct
transactions has an undoubted interest for customer acquisition,
expansion, and retention (Harmeling et al., 2017), in this study, we
approach user engagement from a learning perspective (Buil et al.,
2020), which means that user engagement is indicative of the extent to
which the user gets involved in a learning process. We argue for the first
time that user engagement with MHAs from a learning perspective en
tails user support behaviors in terms of loyalty and advocacy towards the
MHAs. In doing so, we combine the incipient Student Engagement
Theory, which approaches engagement from a learning perspective
(Bond et al., 2020), with Customer Engagement Theory (Brodie et al.,
2011; Harmeling et al., 2017), which reflects upon the consumers’ in
teractions with a focal object beyond direct transactions.
Loyalty to MHAs can be defined as the psychological preference and
determined will to continue using this service (Yeh et al., 2016).
Although satisfaction has been traditionally identified as a consistent
antecedent of user loyalty, recent studies underline the need to develop
more holistic models considering measures of the overall customer
experience, such as customer engagement (Moliner-Tena et al., 2019).
However, empirical evidence on the relationship between user engage
ment and loyalty in the digital context is still very scarce (Moliner-Tena
et al., 2019; Thakur, 2016) and even more if user engagement is
analyzed from a learning approach. In this respect, Conduit et al. (2017)
suggest that active involvement in learning improves loyalty to orga
nizations. Snijders et al. (2020) analyze this relationship empirically in
the student-faculty context, reinforcing the potential benefits of
engagement on loyalty. Bearing in mind the former considerations, we
contend for the first time that user engagement with MHAs from a
learning perspective, i.e., the user’s active and motivated participation
in learning from MHAs, dedicating time and effort to this task, will
contribute to the user’s intention to continue using MHAs in the
long-term. Therefore:

H6. Enjoyment has a positive and direct influence on user engagement
with MHAs.
Sharing information in social network sites about health issues and
receiving supportive communication from other members of social
networks can help users to improve their knowledge about how to
manage their health (Oeldorf-Hirsch et al., 2019). Thus, in social
network sites, individuals share their personal experiences, ask ques
tions, and also receive direct feedback from people with the same in
terests, which reinforces the loop of interactions; moreover, they may
benefit from the effort to learn about personal healthcare (Smaldone
et al., 2020). This exchange of information also has undoubtedly moti
vational effects to favor self-efficacy and active involvement in their
own health care (Magnezi et al., 2014; Sawesi et al., 2016). In sum,
sharing information encompasses receiving emotional, esteem, and
network support, in addition to informational support, which includes
the provision of facts, advice, or perspective to remedy a problem
(Oeldorf-Hirsch et al., 2019). The support from individuals’ social
context is, moreover, widely acknowledged as an engagement facilitator
from a learning perspective (Buil et al., 2020). Therefore, we posit that
networking as a result of using MHAs improves the social and emotional
value of the user experience contributing to user engagement.
Accordingly.

H9a. User engagement has a positive and direct influence on user
loyalty to MHAs.

H7. Networking has a positive and direct influence on user engage
ment with MHAs.

User advocacy refers to the tendency to offer an enthusiastic
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recommendation of a brand or a product (Fullerton, 2011). Thus,
advocacy represents the user adopting an active role in recommending
MHAs to other potential users and defending their benefits when facing
any potential critic. Moliner-Tena et al. (2019, p.734) underline that
“advocacy is a much more powerful indicator of real consumer loyalty than
repeat purchase behavior because consumers only endorse products, services,
brands or firms if they feel strongly about them”. In this study, in line with
previous research (Rasool et al., 2020), user engagement is a conse
quence of the user experience. Thus, MHAs users build an emotional
bond and a proactive interest in learning from the apps, i.e., user
engagement form a learning perspective, as a result of a good experi
ence. Therefore, it is reasonable to expect that when MHAs users are
engaged in actively learning from MHAs, they will also be willing to
support, recommend and sponsor the MHAs. In this line of reasoning,
Casidy and Wymer (2016) confirm that rewarding experiences in the
learning context improve the engagement in positive word of mouth and
recommendations. Thus, although this relationship has not been previ
ously tested in the MHAs context, we posit that:

Table 1
Types of mHealth apps.
Type of mHealth app

IQVIA
(2017)

Sample

Wellness
management

Fitness, lifestyle and stress, diet and
nutrition

60.0%

58.5%

Disease and
treatment
management

Disease specific in top five therapy
areasa
Women’s health and pregnancy
Healthcare providers/insurance
Medication reminders and
information
Other disease-specific (COVID-19,
cancer, respiratory system, digestive
system, eyes and ears, pain, skin,
among others)

11.0%

10.3%

9.0%
4.0%
11.0%

10.5%
3.3%
5.3%

5.0%

12.3%

a

Top five therapy areas, all chronic conditions: mental health conditions,
diabetes, heart and circulatory conditions, nervous system disorders, and
musculoskeletal conditions.

H9b. User engagement has a positive and direct influence on user
advocacy for MHAs.

percentage of apps in each type and the sample distribution in our study.

3. Methods

3.2. Measures

3.1. Data collection and sample

The data collection instrument was created based on information
from the literature review. Technology effort and performance were
measured considering the scales employed by Alam et al. (2020), Duarte
and Pinho (2019), Dwivedi et al. (2016, 2019) and Venkatesh et al.
(2003). The brand trust scale was inspired by the proposal of Giovanis
and Athanasopoulou (2018). Enjoyment was measured considering the
scales used by McLean et al. (2018, 2020) and Sullivan and Koh (2019).
Networking was measured considering the idea of network support
outlined by Oeldorf-Hirsch et al. (2019). Social image was inspired by
the proposal of Nie et al. (2020). User engagement was measured from a
learning perspective using the scale applied by Buil et al. (2020). Loyalty
was inspired by the proposals of Moliner-Tena et al. (2019) and Sullivan
and Koh (2019). Finally, advocacy was measured using the scales tested
by Moliner-Tena et al. (2019). We used a 7-point Likert scale for all the
items.
We controlled for common method variance (CMV) using ex-ante
and ex-post remedies (Podsakoff et al., 2003). The ex-ante approach
was implemented in the study design, and included the separation of
dependent and independent variables in the questionnaire; the ano
nymity of the survey; and emphasizing the need to answer honestly,
given that there are no right or wrong answers. As an ex-post approach
to control for CMV, we performed Harman’s one-factor test. The
non-rotated factor solution in the exploratory factor analysis of the
constructs of the model (with principal components as the method of
extraction) shows that the first factor extracted explains less than 50% of
the variance in the data. This result suggests that common method
variance is not a problem in this study. To analyze the potential
non-response bias, we used the approach of Armstrong and Overton
(1977), finding that there are no significant differences between the
responses of early and late respondents. Therefore, we can conclude that
non-response bias is not a major concern in this research.

To achieve the goals of this work, we first carried out a pretest with
academics to verify the applicability and suitability of the questionnaire,
which represents a key stage for the proper instrument development.
The questionnaire was examined by eight experts from three different
universities to check if respondents could have any difficulties in
comprehension. Academics were asked to carefully consider the scales
and their items. After their feedback, six items were rewritten to avoid
ambiguity or confusion, and two indicators were eliminated as they
were duplicates. Second, to find individuals who meet the essential re
quirements for this study, a sample was drawn from a national consumer
panel developed by Netquest, a market research company specialized in
data collection and survey development. The firm has a robust board of
panelists recruited from different channels, such as telephone, email, or
social media, and carries out severe quality controls in the recruitment
and during the research process. To guarantee the quality of the data and
the participants’ genuine interest in MHAs, a precondition to their
participation in the study was to have voluntarily installed at least one
MHA in their smartphone in addition to any MHA installed by default.
Additionally, respondents answered a filter question regarding whether
they share data and post information in their social network sites to
receive feedback from other users (Oeldorf-Hirsch et al., 2019).
The final sample includes a total of 400 users of MHAs who fulfilled
the aforementioned restrictions. The data were collected during the
COVID-19 pandemic, as it is an exceptional time that has caused a
complete change in medical management and care. The demographic
profile of the individuals who have MHAs is as follows: 31.8% are fe
male, and 68.3% are male; in terms of age, 55.8% of the respondents are
under 40 years old, and 47.7% are users with Bachelor’s degree or above
studies. The number of men in the sample is higher than the number of
women, which is in line with previous studies confirming the greater use
of this type of app by males (Carroll et al., 2017; Gfk Growth from
Knowledge, 2021; Palos-Sanchez et al., 2021; Rice and Pearce, 2015).
The types and functions of MHAs vary widely (Schmidt-Kraepelin et al.,
2020). Thus, to determine the meaningful types of apps considered in
this research, we used as a reference the latest report developed by the
IMS Health Institute (IQVIA, 2017), according to which most of the
available MHAs are aimed at the areas of wellness management,
including fitness, lifestyle and stress, and diet and nutrition, while the
rest focus on managing chronic diseases properly and treatment man
agement. Table 1 contains these classification details, indicating the

4. Results
We applied partial least squares to assess the accuracy of the model,
using Smart PLS v3.3.3 software. PLS-SEM is a widely used technique
that includes: (1) precise indexes for goodness-of-fit testing; (2) a novel
approach for assessing a model’s prediction; and (3) several comple
mentary procedures for verifying the results’ robustness. The scale’s
accuracy and the structural model were tested through PLS-SEM, which
is a technique that applies a two-stage approach for modeling the
multidimensional concepts rigorously (Hair et al., 2019).
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4.1. Measurement model

Table 2
Measurement model evaluation.

The global model evaluation involves the use of goodness-of-fit
measures. Specifically, the analysis of the saturated model through
SRMR (standardized Root Mean Square Residual) was used to determine
the model fit (Henseler et al., 2016). The evaluation of Cronbach’s
alpha, rho, composite reliability, and average variance extracted (AVE)
were developed to confirm the model reliability (see Table 2). Cron
bach’s alpha, rho, and composite reliability coefficients were all over
0.7; and AVE values were greater than 0.5 (Fornell and Larcker, 1981).
Standardized factor loadings were all over 0.6 (Bagozzi and Yi, 1988).
We used Fornell and Larcker’s (1981) test and the HTMT criterion to
certify discriminant validity (see Table 3). The measurement model
presents appropriate psychometric properties.

FACTOR / Items

Factor loadings
(t bootstrap)

TECHNOLOGY PERCEIVED EFFORT (α = 0.929; rho = 0.936; CR = 0.949; AVE =
0.824)
Learning to operate MHAs is easy for me
0.909***
(73.575)
I can easily become skillful at using MHAs
0.921***
(96.080)
I can get MHAs to do what I want them to do
0.892***
(56.634)
Overall, MHAs are easy to use
0.910***
(73.761)
TECHNOLOGY PERCEIVED PERFORMANCE (α = 0. 925; rho = 0.928; CR = 0.941;
AVE = 0.728)
Using MHAs improves my life quality
0.911***
(75.531)
Using MHAs makes it easier to monitor my health
0.839***
(50.312)
Using MHAs improves my health knowledge
0.850***
(53.514)
Using MHAs makes me more effective in monitoring my health
0.859***
(63.442)
Using MHAs improves my health
0.813***
(45.258)
Using MHAs improves my health habits
0.846***
(50.322)
TECHNOLOGY BRAND TRUST (α = 0.927; rho = 0.945; CR = 0.945; AVE = 0.777)
I like using MHAs from brands I can depend on
0.917***
(89.451)
I like using MHAs from well-known brands with large expertise
0.913***
(102.571)
It is better to use MHAs from knowledgeable brands that have
0.786***
many customers
(40.835)
It is better to use MHAs from brands that are willing to help users
0.933***
(115.469)
I like using MHAs from honest brands with a strong credibility
0.848***
(58.875)
SOCIAL IMAGE (α = 0.909; rho = 0.920; CR = 0.937; AVE = 0.788)
Using MHAs enables me to create a good impression on other
0.808***
people
(41.068)
Using MHAs is well regarded by my friends or family
0.940***
(141.109)
Using MHAs improves my acquaintance’s opinion of how I take
0.892***
care of my health
(69.336)
Using MHAs allows me to improve my image on other people
0.904***
(95.920)
NETWORKING (α = 0.915; rho = 0.922; CR = 0.946; AVE = 0.854)
MHAs enable me to share experiences with other people with
0.917***
similar health problems to mine
(96.856)
I like to exchange information with other people with the same
0.951***
health interests
(197.549)
I like to interact with people with whom I have health issues in
0.904***
common
(95.842)
ENJOYMENT (α = 0.890; rho = 0.922; CR = 0.918; AVE = 0.692)
Using MHAs is enjoyable
0.901***
(85.555)
Using MHAs is pleasant
0.852***
(64.242)
Using MHAs is exciting
0.755***
(30.159)
Using MHAs is fun
0.767***
(37.225)
Using MHAs is entertaining
0.875***
(62.825)
USER ENGAGEMENT
Cognitive engagement (α = 0.824; rho = 0.885; CR = 0.917; AVE = 0.847)
When I am using MHAs I feel that I am really learning about
0.946***
health
(139.077)
When I am using MHAs I feel that I am reinforcing the knowledge
0.894***
I already had
(59.573)
Emotional engagement (α = 0.877; rho = 0.883; CR = 0.942; AVE = 0.890)
When I am using MHAs I feel involved
0.938***
(102.224)
When I am using MHAs I feel I am interested in what I am doing
0.949***
(152.661)

4.2. Structural model
Before examining the structural relationships, we analyzed multi
collinearity through VIF values, presenting values lower than 3, con
firming that multicollinearity is not an issue in this research (Hair et al.,
2019). The structural model was estimated by using bootstrapping (10,
000 resamples) to generate t-statistics and to evaluate the statistical
significance of the relationships. The proposed model includes seven
endogenous variables: perceived performance, social image, network,
enjoyment, engagement, intention to use, and intention to recommend.
Fig. 2 presents the test results of the hypotheses. The results indicate
that MHAs’ perceived effort (H1: β = 0.407, p < 0.01, t = 7.048) and
brand trust (H2: β = 0.472, p < 0.01, t = 8.585) have a positive and
significant influence on MHAs’ perceived performance. MHAs’
perceived effort benefits user enjoyment (H3a: β = 0.636, p < 0.01, t =
15.693) and networking (H3b: β = 0.158, p < 0.05, t = 2.178). MHAs’
perceived performance exerts a positive and significant influence on
networking; thus, H4 is also supported (β = 0.394, p < 0.01, t = 4.464).
Trust in the MHAs’ brand has a positive and significant impact on user
networking (H5a: β = 0.244, p < 0.01, t = 3.174), and social image
(H5b: β = 0.688, p < 0.01, t = 18.489). The results provide also support
for the relationships between enjoyment (H6: β = 0.129, p < 0.05, t =
1.799), networking (H7: β = 0.253, p < 0.01, t = 3.886), social image
(H8: β = 0.373, p < 0.01, t = 5.221) and user engagement, respectively.
Finally, the model’s results provide evidence of the positive and signif
icant influence of user engagement on user loyalty (H9a: β = 0.566, p <
0.01, t = 10.654) and advocacy (H9b: β = 0.495, p < 0.01, t = 8.544).
Thus, all the hypotheses proposed are supported.
Fig. 2 includes the adjusted coefficient of determination (R2) that
present values that are mainly moderate (<0.50), except for technology
perceived performance and networking, which has a substantial value
(<0.75) (Hair et al., 2019), indicating that the model was a good rep
resentation of the data. The values of Q2 (cross-validated redundancy
index) present strong predictive relevance (>0.35) for the cases of
technology perceived performance (0.453), social image (0.367) and
networking (0.433), and moderate predictive relevance (0.15 ≤ Q2 <
0.35) for the rest of dependent variables (enjoyment (0.261), user
engagement (0.316), loyalty (0.256), and advocacy (0.188)) (Hair et al.,
2019).
As complementary results, findings also reveal that the total indirect
effects exerted by the attributes of MHAs technology (effort, perfor
mance, and trust) on user engagement, and the user’s long-term
behavior (loyalty and advocacy), are positive and significant, as are
also the total indirect effects produced by the drivers of the user’s he
donic and social value on loyalty and advocacy. More information about
indirect effects is available from the authors upon request.
4.3. Robustness checks
We have assessed the robustness of the PLS-SEM structural results
with complementary methods. Specifically, we conducted multigroup

(continued on next page)
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5. Discussion

Table 2 (continued )
FACTOR / Items

Factor loadings
(t bootstrap)

Despite the importance of MHAs to facilitate health information
management in healthcare systems and individuals’ daily life (Alam
et al., 2020; Grundy et al., 2016), empirical evidence about how to
create user engagement with MHAs and its effects on user loyalty and
advocacy is still scarce (Wei et al., 2020). However, user disengagement
and dropout are common problems that prevent attaining the full po
tential benefits of MHAs’ adoption in the long-term. Previous studies
have focused on the drivers of patients’ emotional bonding with MHAs
(Li et al., 2020; Zhang et al., 2021). In this study, user engagement refers
to the cognitive, emotional, and behavioral responses that reflect the
user involvement in the learning process derived from using MHAs. Our
study does not strictly refer to patients; however, helping MHAs users to
engage in learning about their health status is useful to improve their
health literacy (McCormack et al., 2017) and compliance with medical
instructions (Osei-Frimpong et al., 2018). Previous research on
engagement with mobile apps is mostly based on “direct-effect” models,
which analyze the direct effect of different drivers of technology adop
tion to explain engagement (McLean and Wilson, 2019). This paper re
sorts to the Customer Value Theory to articulate how the drivers of
functional, emotional, and social value interrelate to build user
engagement with MHAs. In this endeavor, we classify the critical drivers
of adoption outlined in the UTAUT and UTAUT2 frameworks in terms of
their contribution to user value, and we assume that functional value
drives emotional and social value (Kim et al., 2011; Molinillo et al.,
2020; Rasoolimanesh et al., 2020). This study also responds to the call
for more research into technology adoption and post-adoption behavior,
in terms of users’ loyalty and advocacy (Schiavone, 2020), which has
been barely addressed in the literature (Akdim et al., 2022; Souiden
et al., 2021).

Behavioral engagement (α = 0.780; rho = 0.842; CR = 0.898; AVE = 0.816)
When I am using MHAs I really want to participate and attend to
0.870***
what I am doing
(40.232)
When I am using MHAs I really want to interact with the app or
0.936***
with other users to learn more
(162.931)
LOYALTY (α = 0.884; rho = 0.888; CR = 0.929; AVE = 0.813)
I intend to continue using MHAs in the future
0.912***
(74.447)
I plan to continue using MHAs to monitor my health in the future
0.931***
(110.213)
I will continue using MHAs to monitor my health in the future
0.860***
(46.003)
ADVOCACY (α = 0.909; rho = 0.931; CR = 0.936; AVE = 0.784)
I will recommend MHAs to my friends
0.887***
(71.588)
I will defend MHAs to anyone who seeks my advice
0.939***
(124.815)
I will recommend MHAs to my acquaintances
0.891***
(70.599)
I will explain positive things about MHAs to other people
0.820***
(32.697)

Notes: ***p < 0.01; α = alpha de Cronbach; CR = composite reliability; AVE =
average variance extracted.

studies based on four variables: gender (female: 124 cases; male: 276
cases), age (under forty years old: 236 cases; over forty: 164 cases – the
age of forty is a critical time for the development of chronic diseases),
studies (non-university studies: 209 cases; university studies: 191 cases)
and income (under minimum wage: 213 cases; over minimum wage: 187
cases), and type of MHA (wellness: 234; medical: 166) to determine
whether there were any differences between the groups concerning the
hypotheses raised in the mHealth model. We applied G*Power 3 as a
statistical test to detect the power analysis for the PLS-SEM structural
model. This test is based on the significance level α of the test, the size of
the sample, and the effect size parameter (Faul et al., 2007). The value
obtained in each of the four models was higher than 0.08 (Cohen, 1988).
We examine the multigroup analysis using three methods: para
metric, Welch, and permutation test (Henseler et al., 2016). The
multigroup analyses based on gender, age and income reveal no sig
nificant differences between groups for all the hypotheses. The multi
group analysis based on the level of studies reveals that for users with
university studies, technology perceived performance has a strong effect
on networking (non-university studies: β = 0.165, p > 0.10, t = 1.186;
university studies: β = 0.553, p < 0.01, t = 5.063). Further information
about multigroup analysis is available upon request.

5.1. Implications for theory
This paper, building in the Customer Value Theory (Sheth et al.,
1991), allows illustrating how the drivers of the functional, hedonic, and
social value obtained by MHAs users interrelate to enhance user
engagement, a precursor of long-term behavior in terms of loyalty and
advocacy. The hierarchy of effects from the MHAs’ attributes that shape
functional value, towards the drivers of hedonic and social value has not
been previously analyzed in the technology adoption literature or in the
consumer behavior literature. In this respect, our study contributes to
the recent debate about how the dimensions of value interrelate in
consumer behavior, which undoubtedly can be contingent on the type of
context analyzed (McLean et al., 2018; Molinillo et al., 2020; Rasooli
manesh et al., 2020). Similarly, our conceptual approach allows for
testing the relationships among key drivers of technology adoption from

Table 3
Measurement model. Discriminant validity.
Fornell-Larcker & HTMT
BEH
COG
EMO
ENJ
TPE
SOI
ADV
LOY
TBT
NET
TPP

BEH
0.903
0.635
0.706
0.436
0.573
0.574
0.441
0.524
0.481
0.460
0.555

COG
0.790
0.920
0.639
0.220
0.431
0.326
0.372
0.498
0.295
0.337
0.350

EMO
0.849
0.750
0.943
0.625
0.672
0.654
0.482
0.477
0.651
0.622
0.716

ENJ
0.502
0.250
0.688
0.832
0.633
0.630
0.483
0.383
0.663
0.578
0.698

TPE
0.658
0.493
0.740
0.657
0.908
0.666
0.647
0.591
0.625
0.588
0.702

SOI
0.668
0.377
0.725
0.672
0.721
0.888
0.593
0.491
0.686
0.605
0.694

ADV
0.503
0.425
0.521
0.489
0.697
0.640
0.886
0.630
0.443
0.496
0.522

LOY
0.611
0.575
0.538
0.406
0.657
0.550
0.709
0.901
0.407
0.447
0.577

TBT
0.544
0.324
0.708
0.733
0.651
0.725
0.446
0.428
0.881
0.630
0.727

NET
0.534
0.381
0.690
0.623
0.630
0.655
0.526
0.490
0.672
0.924
0.683

TPP
0.647
0.402
0.792
0.759
0.751
0.750
0.547
0.634
0.773
0.738
0.853

Notes: Fornell-Larcker: the diagonal elements (bold) are the square root of the variance shared between the constructs and their measures (average variance extracted);
off-diagonal: the correlation between constructs; HTMT ratios are above the diagonal; BEH: behavioral engagement; COG: cognitive engagement; EMO: emotional
engagement; ENJ: enjoyment; TPE: technology perceived effort; SOI: social image; ADV: advocacy; LOY: loyalty; TBT: technology brand trust; NET: networking; TPP:
technology perceived performance.
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Fig. 2. Structural model. Notes: **p < 0.05; ***p < 0.01.

the UTAUT perspective, providing an evolutionary view of how to build
user engagement with MHAs. In this respect, our study contributes to
theory development on consumer behavior in technology adoption in
several ways.
First, our study confirms that the functional value obtained by MHAs
users through technology-related features such as technology perfor
mance, technology effort and brand trust, is a critical antecedent of the
user’s hedonic and social value achieved through enjoyment, networking,
and social image. Specifically, our findings reveal that MHAs’ perceived
effort contributes mainly to user enjoyment, or the achievement of he
donic value, and to a lesser extent, to the development of networking
activities that provide social support and value. Networking is, in fact,
mainly driven by the MHAs’ perceived performance, followed by brand
trust. Brand trust, in turn, benefits mainly the user’s social image. These
results contribute to the scarce empirical evidence on the antecedents of
MHAs’ enjoyment, networking, and social image (Oeldorf-Hirsch et al.,
2019). Thus, although user enjoyment has proven to be beneficial for the
continued intention of use of MHAs (Huang and Ren, 2020), previous
research on the functional drivers of user enjoyment with mobile apps
has only focused on the retail context (McLean et al., 2018). Moreover,
the effect of MHAs’ effort on user enjoyment has not been previously
tested. In this respect, our results are in line with the findings of Car
on-Fasan et al. (2020). Our results also reinforce the benefits of building
brand trust in the context of MHAs given its contribution to the user’s
social value, i.e., networking and social image. In this respect, Venkatesh
et al. (2003) underline the relevance of social influence in technology
adoption, which is related to the user desire to achieve a positive social
image also but entails developing social interactions and achieving

social support (Muhammad et al., 2021). Despite the relevance of trust
in technology adoption (Alam et al., 2020), previous studies do not
address the impact of trust in the social value obtained by MHAs users.
Second, our study contributes to the paucity of knowledge on the
effect of user engagement on post-adoption behaviors to reinforce
adoption and diffusion of MHAs in the long-term. Engagement is
analyzed from a learning perspective, for the first time in the mHealth
literature, to underline the user’s commitment to learning about how to
cope with illness and introduce lifestyle changes to benefit his/her
health condition (Bond et al., 2020). In this respect, in line with the more
general consumer behavior literature (Oliveira and Fernandes, 2020),
our results also show that social image is the main driver of engagement,
followed by networking and enjoyment. Therefore, the social value
gained by MHAs users through an improved social image and
networking activities is critical to improving engagement from a
learning perspective. Our results also provide strong support to the key
role of user engagement to favor the long-term adoption and diffusion of
MHAs. Thus, our study contributes to the scarce empirical evidence in
the mHealth context confirming that user engagement favors long-term
adherence to MHAs by current users and proactive endorsing of MHAs to
new potential users. More specifically, our study reveals that user
engagement with MHAs with a learning focus has important implica
tions in terms of loyalty and advocacy.
Third, our results confirm, in line with previous findings in the
literature, that the lower the perceived effort of MHAs use, the higher
the perceived performance (Wang et al., 2020). However, our findings
also show that the MHAs’ perceived performance is benefited to a
greater extent by trust in the MHAs’ brand. This is a novel result in the
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mHealth context. Previous studies suggest that trust reinforces perceived
performance in banking and e-commerce services (Alalwan et al., 2018);
nevertheless, the impact of trust in the MHAs’ brand on the MHAs’
perceived performance remained underexplored. This result contributes
to the extant literature on MHAs’ adoption by reinforcing the need to
achieve a good balance between the intrinsic technology features (such
as perceived performance and effort, which are strongly determined by
the technology configuration), and an adequate customer-oriented
strategy, which is critical to developing brand trust in MHAs. Compe
tition in high-tech sectors is often based on the continuous introduction
of radical innovations, which entails risks associated with an excessive
focus on the possibilities of new technologies and on product orienta
tion, i.e., concentrating on the features of the new product or service
while ignoring customer needs (Grewal et al., 2013; Lukas and Ferrell,
2000). Thus, although developing innovations tailored to customer ex
pectations is imperative for competing in modern technology markets, it
still remains an ongoing challenge in the marketing of high-tech prod
ucts and services (Bunduchi et al., 2021). Moreover, long-term brand
relationships in technology mediated services also prove to have a sig
nificant impact on users’ behavioral intentions, in terms of loyalty and
price tolerance (Giovanis and Athanasopoulou, 2018); from this
perspective, our results also reinforce the convenience to develop a
strong brand strategy in the MHAs context adopting a strong user-centric
approach.
Fourth, all the relationships analyzed in the research model are
mostly consistent across different gender, age, education, income and
type of MHA groups. The fact that the results remain stable suggests the
robustness of the results obtained across different types of users and
MHAs. From this perspective, our results consistently contribute to the
understanding of how to prevent the decline of continued use among
current MHAs users, and thus capture MHAs’ full potential (IQVIA,
2021; Zhang et al., 2021).
Fifth, in this study we answer two basic research questions: RQ1:
How do functional, hedonic, and social values interrelate to configure
the user experience with MHAs and build engagement?; RQ2: What is
the impact of user engagement with MHAs on MHAs’ long-term adop
tion and diffusion, measured in terms of user loyalty and advocacy?
Although the generalizability of a model that is confirmed in new set
tings is often regarded as the most important form of generalizability,
generalization from empirical statements does not necessarily only refer
to other contexts, and authors can also generalize to theory (Lee and
Baskerville, 2003). Two important theoretical generalizations can be
derived from this study. On the one hand, our study shows that in the
mHealth context, functional value drives the hedonic and social value
obtained by users. Therefore, this result contributes to the literature
suggesting that, in a utilitarian service context, functional experience is
the starting point to achieve engagement (Kim et al., 2011; Ladhari
et al., 2017; Zhang et al., 2021) or, in other words, that the dimensions
of value can be hierarchically related considering that functional value
precedes emotional and social value. Accordingly, ease of use, quality of
the information provided and cognitive trust in the technology brand are
critical aspects to facilitate the user’s social and hedonic experience and,
in this way, to drive long-term behavior, in terms of the user’s adherence
to the service and advocacy to other users. On the other hand, or results
suggest that user engagement from a learning perspective is a valuable
tool to reinforce loyalty and advocacy to MHAs. Therefore, it can be
argued that building user literacy in a utilitarian service context, and
facilitating the learning process, entails important benefits for the ser
vice long-term adoption and diffusion, which also enhances our under
standing of the adoption processes in the MHAs context and how to
define successful strategies (Bailey et al., 2015; Beaunoyer et al., 2020).

monitoring of the population’s health. In this context, MHAs are also
likely to make over how users understand and manage their own in
formation health (Grundy et al., 2016). In this respect, our research
presents relevant implications for practitioners.
First, MHAs’ developers must be aware that success in this new era
implies adopting a user-centric approach (Turner and Szymkowiak,
2019), that considers how the user functional, hedonic, and social
experience interrelate to increase user engagement, prevent abandon
ment, and favor long-term adoption and recommendation of MHAs.
Thus, studying how to build user engagement to MHAs from the user’s
functional, hedonic, and social experience following a chain of effects
has practical implications for MHAs’ stakeholders.
Second, MHAs’ developers need to bear in mind that functional at
tributes related to core technological features, are the starting point for a
successful connection to MHAs through hedonic and social value. In this
respect, MHAs’ developers need to reduce the slope of the learning curve
by designing an adequate front-end for users. Thus, technology effort,
referred to the degree of ease of use, improves the hedonic experience in
terms of enjoyment, and the social experience achieved through the
interaction or networking with other individuals with similar concerns.
MHAs’ performance, related to the quality of the information provided
to help users follow their health condition, also reinforces the MHAs
user’s networking practices which, although are not exempt from risks,
have important effects on user engagement (Oeldorf-Hirsch et al., 2019;
Smaldone et al., 2020). Therefore, service providers must acknowledge
the need to: (1) provide high quality information from the user
perspective; (2) increase the chances of social networking through
MHAs, developing customer-centric information sharing utilities and
making it easier to find users with the same health interests (Li et al.,
2020); and (3) guide MHAs users about the information more suitable to
be shared to the prevent risks associated to the distribution of
misleading information (Oeldorf-Hirsch et al., 2019).
Third, service providers must understand that mHealth users eval
uate their technical expertise, but also undertake a rational assessment
of the providers’ integrity and benevolence in the relationships with the
users. Brand trust is important to improve the perception of technology
performance and networking value, but above all brand trust reinforces
the MHAs user’s social image, the most important driver of user
engagement. From this perspective, the need to adopt a customer-centric
approach to MHAs, building strong brands, is also strengthened (Wei
et al., 2020). In this respect, service providers should not only work in
facilitating users to improve their social image as a result of using MHAs,
but also on designing enjoyable apps, as hedonic value also engages
users to learn about a healthier life and, ultimately, to continue using
MHAs. In addition, regulators should work towards compliance with
safety, security, and privacy requirements to accommodate the needs of
MHAs users, while protecting them from damaging services and,
consequently, contributing to building trust.
Fourth, taking into account that user engagement with MHAs from a
learning perspective is a strong predictor of user advocacy and user
loyalty, we understand that improving user literacy has important longterm benefits for the user’s long-term behavioral response, favoring the
long-term adoption and diffusion of MHAs. Accordingly, service pro
viders must understand that the hedonic and social experience of MHAs
users has a direct impact to avoid dropout; the hedonic and social value
stem from the quality of the information received, the ease of use and the
confidence in the service provider. From this perspective, managers in
the healthcare industry are encouraged to monitor the user’s percep
tions of all these factors and allocate the necessary resources to guar
antee an optimal functional, hedonic and social experience of MHAs
users.
Fifth, it is important to consider that in developed countries, lower
social status, educational level, and income correlate with poorer health.
Dysfunctional health care behavior in this segment of the population is
more frequent, worsening disease prevalence and associated costs.
However, our results only reveal the moderating effect of higher

5.2. Implications for practice
The COVID-19 pandemic is changing the way the healthcare industry
envisions the role of individuals, the doctor-patient relationship, and the
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education level on the technology performance-networking relation
ship, which suggests that our practical recommendations are suitable to
favor MHAs’ adoption across society.
Sixth, our study also offers recommendations to doctors in hospitals
or private clinics. MHAs not only generate benefits for users, but also for
doctors themselves, as MHAs offer professionals the security of knowing
that their patients are under control, as well as optimize their work time.
Health professionals should convince patients to adopt MHAs, high
lighting their functional, hedonic, and social benefits as well as the
contributions of the services to increase user engagement. In the same
line, doctors should also provide users with objective information to
help them become familiar with MHAs. Finally, policy makers should be
aware that patients often seek health information from unreliable
sources, which can lead to confusing diagnoses and treatments. There
fore, beyond the actions of MHA developers, service providers or phy
sicians, health authorities should encourage society to use MHA apps
recommended by the medical sector to make rational health decisions.

adoption in terms of user loyalty and advocacy to other users.

5.3. Limitations and future research
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Although this study presents relevant results in the field of mHealth,
it also entails some limitations that may be addressed in future research.
First, this study is based on cross-sectional and self-reported data. Future
research will benefit from considering longitudinal data and objective
measures of data sharing or MHAs’ diffusion. Second, the sample was
drawn from both rural and urban areas in Spain; however, further
research is also advisable to confirm the relationships tested in this study
in other countries (Lee and Baskerville, 2003; Yousaf et al., 2021).
Future studies will also benefit from considering different groups of
individuals in terms of patient empowerment, perceived health risk, or
vulnerability (Birkmeyer et al., 2021). Third, online-based research is
more likely to attract more innovative and technological expert in
dividuals, which reinforces the need to conduct broader studies to
confirm our results. Finally, in the marketing literature, customer
engagement is related to privacy sharing or the willingness to provide
the firms with more personal information (Pansari and Kumar, 2017).
From this perspective, an important avenue of future research is to
analyze the potential benefits of user engagement with MHAs on pa
tients’ self-disclosure of medical information in a medical context. The
effects of user engagement on user literacy and health improvement also
deserve more studies. Moreover, in this study, we put forward novel
hypotheses on the basis of prima facie evidence from previous research.
However, additional checks based on our data suggest the existence of
some of the relationships that we did not consider in our research model,
such as the impact of effort (ease of use) on the user’s social image
within a reference group, the impact that brand trust may have on user
enjoyment, or the relationships between MHAs’ performance, enjoy
ment, and social image. All these relationships remain unexplored in the
literature and constitute an interesting research venue for developing an
exploratory framework to advance our comprehension of user engage
ment with MHAs.
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